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Al BASED FEEDING SYSTEM AND METHOD FOR LAND BASED
FISH FARMS

CROSS- REFERENCE TO RELATED PATENT APPLICATION

[001] This application claims the benefit of United States Provisional
Patent Application No. 63/157,759 filed Mar. 7, 2021, and the entire contents
of United States Provisional Patent Application No. 63/157,759 are hereby

incorporated herein in its entirety.

FIELD
[002] Various embodiments are described herein that generally relate to
systems and methods for automated feeding in a fish farm using artificial

intelligence (Al).

BACKGROUND
[003] The following paragraphs are provided by way of background to the

present disclosure. They are not, however, an admission that anything
discussed therein is prior art or part of the knowledge of persons skilled in the
art.

[004] Land-based aquaculture is a new approach to the production of fish.
Rather than using the natural habitat of the fish in the ocean and growing fish
in ocean-based cages, land-based aquaculture brings fish on land by recreating
their natural environment in tanks. The systems constantly have water
circulating and filtered through them and attempt to obtain the optimal balance
of environmental parameters to assure fish health and growth. This closed
system approach comes with many benefits including eliminating problems
related to contamination, environmental optimization, parasites, predators, and
escapes. Furthermore, it enables farms to be close to consumer markets

resulting in decreased transportation distances and thus emissions.

[005] Despite the sophistication demanded to create these land-based
systems, feeding practices remained less advanced. While each farm
approaches feeding differently, every land-based farm operator tries their best

to maintain an understanding of wasted feed levels. Many use qualitative
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monitoring of waste as a baseline (which is highly inaccurate) while others
physically count wasted feed pellets caught in filters (which is inaccurate,
discrete, and/or time consuming). After gauging the appetite of the population
via these methods, operators then adjust mechanical feeding systems based
on their beliefs of wasted feed. The inefficiencies of the aforementioned
methods lead to two clear problems for farm operators when waste is
misjudged: (1) they overfeed the fish, which can waste a considerable amount
of fish feed, resulting in increased cost and negative environmental impact; or
(2) they underfeed the fish population, resulting in reduced growth and thus
unrealized revenues. Finally, constant dynamics with feed waste contribute to
fluctuating environmental and water quality parameters, stressing fish and

filtration systems.

[006] Challenges in developing automated feeding technologies are
numerous. Perhaps most notable is the vital importance of precision. Small
margins of error can result in instances of substantial waste or starvation. In the
ocean-based sector, several solutions have been proposed but all ignore this
reality by using a measure of pellet intensity or an exact measure of some
inconsistent cross-section in space and an instance in time, both of which
provide only rough estimates of waste. Moreover, any method that has
attempted to increase precision does so by leveraging increased computational

resources, which inflates cost beyond what is industrially feasible.

[007] There is a need for a system and method for automated feeding in a

fish farm that addresses the challenges and/or shortcomings described above.

SUMMARY OF VARIOUS EMBODIMENTS

[008] Various embodiments of a system and method for Al-based feeding

in a fish farm, and computer products for use therewith, are provided according

to the teachings herein.

[009] According to one aspect of the invention, there is disclosed a system
for feed monitoring in a land-based fish farm having a tank containing fish, the
system comprising: a feed camera secured to an effluent pipe that is coupled

to the tank where uneaten feed pellets and non-pellet objects flow through the
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effluent pipe to an exit port, the feed camera being configured to capture a video
feed comprising images of an interior of the effluent pipe including objects that
traverse a field of view of the feed camera when each image is acquired, the
objects comprising pellets and non-pellet objects; an object enhancer that is
mounted to the effluent pipe so that the object enhancer is opposite to and in
the field of view of the feed camera to provide a background for the feed camera
so that the objects that pass between the feed camera and the object enhancer
and are captured in at least one of acquired image of the video feed have a
definable perimeter in the at least one acquired image; a computing device
comprising at least one processor and a non-transient computer-readable
medium having stored thereon instructions that when executed cause the at
least one processor to perform steps of. obtaining several images from the
video feed for a given time interval, preprocessing the images to obtain
candidate regions of interest (ROIs) that each correspond to unique objects in
the images where the objects are potentially feed pellets; performing
classification on the candidate ROls to obtain a pelletness score representing
a probability that the object that corresponds to the candidate ROI belongs to a
feed pellet class; determining whether to retain the candidate ROIls based on a
likelihood that the retained candidate ROI is more likely to belong to the feed
pellet class; assigning each of the retained candidate ROIs into trajectories;
classifying the trajectories into pellet trajectories or non-pellet trajectories; and
generating in real time a pellet count based on the pellet trajectories where the
pellet count represents a predetermined percentage of the uneaten feed pellets

that were not consumed by the fish in the tank.

[0010] In at least one embodiment, the at least one processor is further
configured to send the pellet count to the fish farm where the pellet count is
used by a fish feeder machine to generate a new amount of fish feed to provide

to the tank based at least in part on the pellet count.

[0011] In at least one embodiment, the at least one processor is further

configured to generate a control signal based on the pellet count and send the
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control signal to a fish feeder machine of the fish farm to a generate a new

amount of fish feed to provide to the tank.

[0012] In at least one embodiment, the at least one processor is further
configured to determine gradients of the uneaten feed pellets in the time interval
and to generate an alert when one of the gradients is larger than a gradient
threshold.

[0013] In at least one embodiment, the object enhancer is a high-density
polyethylene (HDPE) sheet that provides a background producing a contrast
with respect to the objects passing between the feed camera and the object

enhancer.

[0014] In at least one embodiment, the at least one processor is configured
to obtain the candidate ROls in a given image frame by performing background
subtraction on the given image frame to identify any objects that are likely to
change position in subsequent image frames, perform contour detection on the
identified objects to define a boundary for each identified object where the
boundary is a potential ROI, and filtering the potential ROIs to obtain the
candidate ROls.

[0015] In atleast one embodiment, the at least one processor is configured
to perform classification on the candidate ROIls by generating samples for each
candidate ROI where a given sample include image data for a corresponding
candidate ROI, preprocessing the samples, applying an ROI classifier to each
preprocessed sample to generate a probability distribution with probabilities

that the sample belongs to different classes.

[0016] In atleast one embodiment, the classes include a pellet class, a non-

pellet class and an ambiguous class.

[0017] In at least one embodiment, the pelletness score represents a

probability that the sample belongs to the pellet class.

[0018] In at least one embodiment, the at least one processor is configured
to preprocess the samples by resizing the samples to have a same matrix size

and performing mean-centering normalization.
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[0019] In at least one embodiment, the at least one processor is configured
to assign each of the candidate ROIls in one image frame into one of the
trajectories by: (a) assigning the candidate ROls to separate new trajectories
when there are no active trajectories; (b) when there are active trajectories
assigning the candidate ROIs to a closest active trajectory when distances
between locations of the candidate ROIs and a last ROI in the closest active
trajectories is smaller than a distance threshold or (c) when there are active
trajectories assigning the candidate ROIls to a new active trajectory when
distances between locations of the candidate ROIls and a last ROl in the closest

active trajectories is larger than the distance threshold.

[0020] In at least one embodiment, the at least one processor is configured
to classify the trajectories into pellet trajectories or non-pellet trajectories by
identifying finished trajectories which include trajectories that are not updated
for one of the images in the given time period, determining at least one
trajectory measurement for each of the finished trajectories, and determining
which finished trajectories belong to the pellet trajectory class based on the at

least one trajectory measurement.

[0021] In at least one embodiment, the at least one processor is configured
to determine which finished trajectories belong to the pellet trajectory class by
comparing the at least one trajectory measurement to a threshold or providing

the at least one trajectory measurement to a trajectory classifier.

[0022] In at least one embodiment, at least one trajectory measurement
includes a length of the finished trajectory, a distribution of pelletness scores of
ROIs that comprise the finished trajectory, and/or at least one measure of a

statistical distributions of one or more other filter values.

[0023] In at least one embodiment, the feed camera is connected to an
underside of the object enhancer and is spaced apart from the object enhancer
so that the acquired images show at least a portion of the object enhancer.

[0024] In at least one embodiment, the system further comprises a bracket

that is attached to the effluent pipe and the object enhancer is mounted to the

PCT/CA2022/050323



WO 2022/187940

10

15

20

25

30

-6-

bracket at two locations to restrict rotatability of the object enhancer and the

feed camera during use.

[0025] In atleast one embodiment, the object enhancer is slidably mounted
adjacent to the exit port of the effluent pipe so that the object enhancer can
move away from the exit port during times when an increased amount of water

flow exits the effluent pipe.

[0026] In atleast one embodiment, the feed camera is secured to a bracket
adjacent the effluent pipe and the object enhancer is slidably mounted on posts

above the bracket.

[0027] In at least one embodiment, the feed camera is secured to the
effluent pipe and the object enhancer is slidably mounted adjacent to the
effluent pipe so that the object enhancer can move up and down when different

amounts of water flow exit the effluent pipe.

[0028] In atleast one embodiment, the object enhancer is slidably mounted
adjacent to the effluent pipe and the feed camera is coupled to the object
enhancer at a fixed distance away from the object enhancer so that the object
enhancer can move up and down when different amounts of water flow exit the
effluent pipe and the feed camera remains at the fixed distance away from the

object enhancer.

[0029] In another broad aspect, in accordance with the teachings herein,
there is provided a computer-implemented method for feed monitoring in a tank
of a land-based fish farm, the method comprising: reading image frames and
associated meta-data from a video feed obtained from a feed camera for a
given time interval where the image frames obtained by the feed camera are
images of uneaten feed pellets and non-pellet objects that are expelled via from
the tank; preprocessing the image frames to obtain candidate regions of
interest (ROIs) that each correspond to unique objects in the images where the
objects are potentially feed pellets; performing classification on the candidate
ROIs to obtain pelletness scores representing a probability that the objects that

correspond to the candidate ROIs belong to a feed pellet class; determining
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whether to retain the candidate ROIls based on how likely the candidate ROl is
to belong to the feed pellet class; assigning each of the retained candidate ROls
into trajectories; classifying the trajectories into pellet trajectories or non-pellet
trajectories; and generating in real time a pellet count based on the pellet
trajectories where the pellet count represents a predetermined percentage of

the uneaten feed pellets that were not consumed by the fish in the tank.

[0030] In at least one embodiment, the method further comprises sending
the pellet count to the fish farm where the pellet count is used by a fish feeder
machine to generate a new amount of fish feed to provide to the tank based at

least in part on the pellet count.

[0031] In atleast one embodiment, the method further comprises generating
a control signal based on the pellet count and sending the control signal to a
fish feeder machine of the fish farm to a generate a new amount of fish feed to

provide to the tank.

[0032] In at least one embodiment, the method further comprises
determining gradients of the uneaten feed pellets in the given time interval and
generating an alert when one of the gradients is larger than a gradient
threshold.

[0033] In atleast one embodiment, obtaining the candidate ROls in a given
image frame comprises performing background subtraction on the given image
frame to identify any objects that are likely to change position in subsequent
image frames, performing contour detection on the identified objects to define
a boundary for each identified object where the boundary is a potential ROI,

and filtering the potential ROIs to obtain the candidate ROls.

[0034] In at least one embodiment, performing classification on the
candidate ROls comprises generating samples for each candidate ROl where
a given sample include image data for a corresponding candidate ROI,
preprocessing the samples, and applying an ROl classifier to each
preprocessed sample to generate a probability distribution with probabilities

that the sample belongs to different classes.
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[0035] In atleast one embodiment, the classes include a pellet class, a non-

pellet class and an ambiguous class.

[0036] In at least one embodiment, the pelletness score represents a

probability that the sample belongs to the pellet class.

[0037] In at least one embodiment, the method comprises preprocessing
the samples by resizing the samples to have a same matrix size and performing

mean-centering normalization.

[0038] In atleast one embodiment, assigning each of the candidate ROIs in
one image frame into one of the trajectories comprises: (a) assigning the
candidate ROIs to separate new trajectories when there are no active
trajectories; (b) when there are active trajectories assigning the candidate ROls
to a closest active trajectory when distances between locations of the candidate
ROIs and a last ROl in the closest active trajectories is smaller than a distance
threshold or (c) when there are active trajectories assigning the candidate ROls
to a new active trajectory when distances between locations of the candidate
ROIs and a last ROI in the closest active trajectories is larger than the distance
threshold.

[0039] In at least one embodiment, classifying the trajectories into pellet
trajectories or non-pellet trajectories comprises identifying finished trajectories
which include trajectories that are not updated for one of the images in the given
time period, determining at least one trajectory measurement for each of the
finished trajectories, and determining which finished trajectories belong to the

pellet trajectory class based on the at least one trajectory measurement.

[0040] In at least one embodiment, determining which finished trajectories
belong to the pellet trajectory class comprises comparing the at least one
trajectory measurement to a threshold or providing the at least one trajectory

measurement to a trajectory classifier.

[0041] In at least one embodiment, at least one trajectory measurement

includes a length of the finished trajectory, a distribution of pelletness scores of
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ROIs that comprise the finished trajectory, and/or at least one measure of a

statistical distribution of other or more filter values.

[0042] In at least one embodiment, the method comprises mounting an
object enhancer adjacent an outlet of the effluent pipe opposite to and in the
field of view of the feed camera to provide a background for the feed camera
so that the objects in the acquired images have a definable perimeter; and
securing the feed camera to object enhancer so that the video feed obtained
by the feed camera comprises image frames that are images of the object
enhancer and include objects that traverse the field of view of the feed camera

when the images are acquired.

[0043] In at least one embodiment, the method comprises using a high-
density polyethylene (HDPE) sheet for the object enhancer to provide a
background that produces an increased contrast with respect to the objects

passing between the feed camera and the object enhancer.

[0044] In another broad aspect, in accordance with the teachings herein,
there is provided a system for feed monitoring in a land-based fish farm having
a tank containing fish, the system comprising: a feed camera mounted to an
effluent pipe that is coupled to the tank, the feed camera being configured to
capture a video feed comprising images of objects that traverse a field of view
of the feed camera when each image is acquired, the objects comprising pellets
and non-pellet objects; and a computing device comprising at least one
processor and a non-transient computer-readable medium having stored
thereon instructions that when executed cause the at least one processor to

perform any of the methods described in accordance with the teachings herein.

[0045] Other features and advantages of the present application will
become apparent from the following detailed description taken together with
the accompanying drawings. It should be understood, however, that the
detailed description and the specific examples, while indicating preferred
embodiments of the application, are given by way of illustration only, since
various changes and modifications within the spirit and scope of the application

will become apparent to those skilled in the art from this detailed description.
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BRIEF DESCRIPTION OF THE DRAWINGS

[0046] For a better understanding of the various embodiments described

herein, and to show more clearly how these various embodiments may be
carried into effect, reference will be made, by way of example, to the
accompanying drawings which show at least one example embodiment, and
which are now described. The drawings are not intended to limit the scope of

the teachings described herein.

[0047] FIG. 1 shows a schematic diagram of an example embodiment of a

system for Al-based feeding in a fish farm.

[0048] FIG. 2A shows a schematic diagram of an example embodiment of

an object enhancer.

[0049] FIG. 2B shows a schematic diagram of an example image against
the object enhancer of FIG. 2A.

[0050] FIG. 3 shows a schematic diagram of an example screenshot of an
API for use with the system of FIG. 1.

[0051] FIGS. 4A and 4B show perspective and side cross-sectional views of
an example embodiment of a bracket configuration (e.g., mounting assembly)
at a portion of an effluent pipe where the bracket configuration is coupled to the

background enhancer of FIG. 2A.

[0052] FIG. 5 shows a schematic diagram of the process flow of the system
of FIG. 1.

[0053] FIGS. 6A-6F show flow charts of an example embodiment of a
method used by the system of FIG. 1 to automatically determine fish uneaten
fish feed (i.e., uneaten feed pellets).

[0054] FIGS. 7A and 7B show perspective and side cross-sectional views of
another example embodiment bracket configuration (e.g., mounting assembly)
that is expandable and securable at a portion of an effluent pipe where the

bracket configuration is coupled to the background enhancer of FIG. 2A.
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[0055] FIG. 7C shows a perspective view of an example embodiment of a

bracket configuration for use with the background enhancer of FIG. 2A.

[0056] FIG. 7D shows a front perspective view of the bracket configuration

of FIG. 7C that incorporates the background enhancer of FIG. 2A.

[0057] Further aspects and features of the example embodiments described
herein will appear from the following description taken together with the
accompanying drawings.

DETAILED DESCRIPTION OF THE EMBODIMENTS

[0058] Various embodiments in accordance with the teachings herein will be

described below to provide an example of at least one embodiment of the
claimed subject matter. No embodiment described herein limits any claimed
subject matter. The claimed subject matter is not limited to devices, systems,
or methods having all of the features of any one of the devices, systems, or
methods described below or to features common to multiple or all of the
devices, systems, or methods described herein. Itis possible that there may be
a device, system, or method described herein that is not an embodiment of any
claimed subject matter. Any subject matter that is described herein that is not
claimed in this document may be the subject matter of another protective
instrument, for example, a continuing patent application, and the applicants,
inventors, or owners do not intend to abandon, disclaim, or dedicate to the

public any such subject matter by its disclosure in this document.

[0059] It will be appreciated that for simplicity and clarity of illustration,
where considered appropriate, reference numerals may be repeated among
the figures to indicate corresponding or analogous elements. In addition,
numerous specific details are set forth in order to provide a thorough
understanding of the embodiments described herein. However, it will be
understood by those of ordinary skill in the art that the embodiments described
herein may be practiced without these specific details. In other instances, well-
known methods, procedures, and components have not been described in

detail so as not to obscure the embodiments described herein. Also, the
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description is not to be considered as limiting the scope of the embodiments

described herein.

[0060] It should also be noted that the terms “coupled” or “coupling” as used
herein can have several different meanings depending in the context in which
these terms are used. For example, the terms coupled or coupling can have a
mechanical or electrical connotation. For example, as used herein, the terms
coupled or coupling can indicate that two elements or devices can be directly
connected to one another or connected to one another through one or more
intermediate elements or devices via an electrical signal, electrical connection,

or a mechanical element depending on the particular context.

[0061] It should also be noted that, as used herein, the wording “and/or” is
intended to represent an inclusive-or. That is, “X and/or Y” is intended to mean
X orY or both, for example. As a further example, “X, Y, and/or Z” is intended

to mean X or'Y or Z or any combination thereof.

[0062] It should be noted that terms of degree such as “substantially”,
“about” and “approximately” as used herein mean a reasonable amount of
deviation of the modified term such that the end result is not significantly
changed. These terms of degree may also be construed as including a
deviation of the modified term, such as by 1%, 2%, 5%, or 10%, for example, if

this deviation does not negate the meaning of the term it modifies.

[0063] Furthermore, the recitation of numerical ranges by endpoints herein
includes all numbers and fractions subsumed within that range (e.g., 1 to 5
includes 1, 1.5, 2, 2.75, 3, 3.90, 4, and 5). It is also to be understood that all
numbers and fractions thereof are presumed to be modified by the term “about”
which means a variation of up to a certain amount of the number to which
reference is being made if the end result is not significantly changed, such as
1%, 2%, 5%, or 10%, for example.

[0064] It should also be noted that the use of the term “window” in
conjunction with describing the operation of any system or method described

herein is meant to be understood as describing a user interface, such as a
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graphical user interface (GUI), for performing initialization, configuration, or

other user operations.

[0065] The example embodiments of the devices, systems, or methods
described in accordance with the teachings herein are generally implemented
as a combination of hardware and software. For example, the embodiments
described herein may be implemented, at least in part, by using one or more
computer programs, executing on one or more programmable devices
comprising at least one processing element and at least one storage element
(i.e., at least one volatile memory element and at least one non-volatile memory
element). The hardware may comprise input devices including at least one of a
touch screen, a keyboard, a mouse, buttons, keys, sliders, and the like, as well
as one or more of a display, a printer, one or more sensors, and the like

depending on the implementation of the hardware.

[0066] It should also be noted that some elements that are used to
implement at least part of the embodiments described herein may be
implemented via software that is written in a high-level procedural language
such as object-oriented programming. The program code may be written in C**,
C#, JavaScript, Python, or any other suitable programming language and may
comprise modules or classes, as is known to those skilled in object-oriented
programming. Alternatively, or in addition thereto, some of these elements
implemented via software may be written in assembly language, machine
language, or firmware as needed. In either case, the language may be a

compiled or interpreted language.

[0067] At least some of these software programs may be stored on a
computer readable medium such as, but not limited to, a ROM, a magnetic disk,
an optical disc, a USB key, and the like that is readable by a device having a
processor, an operating system, and the associated hardware and software
that is necessary to implement the functionality of at least one of the
embodiments described herein. The software program code, when read by the

device, configures the device to operate in a new, specific, and predefined
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manner (e.g., as a specific-purpose computer) in order to perform at least one

of the methods described herein.

[0068] At least some of the programs associated with the devices, systems,
and methods of the embodiments described herein may be capable of being
distributed in a computer program product comprising a computer readable
medium that bears computer usable instructions, such as program code, for
one or more processing units. The medium may be provided in various forms,
including non-transitory forms such as, but not limited to, one or more diskettes,
compact disks, tapes, chips, and magnetic and electronic storage. In alternative
embodiments, the medium may be transitory in nature such as, but not limited
to, wire-line transmissions, satellite transmissions, internet transmissions (e.q.,
downloads), media, digital and analog signals, and the like. The computer
useable instructions may also be in various formats, including compiled and

non-compiled code.

[0069] In accordance with the teachings herein, there are provided various
embodiments for a system and method for Al-based feeding in a fish farm, and

computer products for use therewith.

[0070] Reference is first made to FIG. 1, showing a schematic diagram of
an example embodiment of a feed counting system 100 for Al-based feeding in
a fish farm. The feed counting system 100 includes a tank 110, an effluent pipe
112, a feed camera 114 secured in the effluent pipe 112, an object enhancer
116, an ethernet cable 118, an ethernet switch 120, and a computer 140. The
effluent pipe 112 can also be referred to as an outlet pipe. The object enhancer
116 can also be referred to as a profile enhancer or background enhancer. It
should be noted that in alternative embodiments, some elements may be
implemented using other elements such as the ethernet cable 118 and the
ethernet switch 120 which may be implemented using other networking

elements.

[0071] The feed camera 114 (which may be a single IP camera) and the
object enhancer 116 are placed into the effluent pipe 112 generally opposite

one another. As camera technology continues to develop every year, the
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technical specifications for the feed camera 114 may evolve over time.
However, certain specifications for the feed camera 114 that may be
considered are resolution and exposure. For example, a resolution of 576x704
and an exposure of 1/250 may be suitable for use with the system 100. This
enables the collection of high-quality data since the object enhancer 116
provides a background for the field of view of the feed camera 114 so that
objects that pass between the feed camera 114 and the object enhancer 116
and are captured in the images acquired by the feed camera 114 have a

definable perimeter in at least one of the acquired images in the video feed.

[0072] The shape of the object enhancer 116 can be generally circular with
grooves that receives fasteners to secure it in place (e.g., as shown in FIG. 2A)
in the effluent pipe 112. The feed counting system 100 employs a pellet
counting algorithm (or “pellet tracker”) that tracks in real time the amount of
wasted feed that flows out of the tank 110 and through the effluent pipe 112, by
differentiating between pellets 210, feces 220 and other elements (e.q., as
shown in FIG. 2B). The feed counting system 100 can tie directly into an
existing feeding system’s API 310 to automatically update the amount of feed
administered by a fish feeder machine 320 that is used by the feed counting
system 100 (e.g., as shown in FIG. 3) in accordance with appetite of the fish in
the tank 110 based on the uneaten feed determined by the pellet tracker (e.g.,
the count of uneaten feed pellets). The fish feeder machine 320, as is known
by those skilled in the art, is a system that is employed by the fish farm to

provide fish feed (i.e., pellets) to the fish at certain time intervals.

[0073] The computer 140, which may be referred to as a computing device,
may be implemented as a single computing device (e.g., a desktop, laptop, or
notepad), and includes a processor unit 144 (which may be referred to as
having one or more processors or just a processor for ease of illustration), a
display 146, an interface unit 148, input/output (I/O) hardware 150, a
communication unit 152, a power unit 154, and a memory unit (also referred to
as “data store”) 156. The memory unit 156 may be a non-transient computer-

readable medium which may be designed to have computer instructions stored
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thereon for use by the processor unit 144. In other embodiments, the computer
140 may have more or less components but generally function in a similar
manner. For example, the computer 140 may be implemented using more than
one computing device and/or processor unit 144. For example, the computer

140 may be implemented to function as a server or a server cluster.

[0074] The processor unit 144 controls the operation of the system 100 and
may include one processor that can provide sufficient processing power
depending on the configuration and operational requirements of the system
100. For example, the processor unit 144 may include a high performance
processor or a GPU, in some cases. Alternatively, there may be a plurality of
processors that are used by the processor unit 144, and these processors may

function in parallel and perform certain functions.

[0075] The display 146 may be, but is not limited to, a computer monitor or

an LCD display such as that for a tablet device or a desktop computer.

[0076] The interface unit 148 can be any interface that allows the processor
unit 144 to communicate with other devices within the system 100. In some
embodiments, the interface unit 148 may include at least one of a serial bus or
a parallel bus, and a corresponding port such as a parallel port, a serial port, a
USB port and/or a network port. For example, the network port can be used so
that the processor unit 144 can communicate via the Internet, a Local Area
Network (LAN), a Wide Area Network (WAN), a Metropolitan Area Network
(MAN), a Wireless Local Area Network (WLAN), a Virtual Private Network
(VPN), or a peer-to-peer network, either directly or through a modem, router,

switch, hub or other routing or translation device.

[0077] The I/O hardware 150 can include, but is not limited to, at least one
of a microphone, a speaker, a keyboard, a mouse, a touch pad, a display device

and a printer, for example.

[0078] The power unit 154 can include one or more power supplies (not
shown) connected to various components of the system 100 for providing

power thereto as is commonly known to those skilled in the art.
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[0079] The communication unit 152 includes various communication
hardware for allowing the processor unit 144 to communicate with other
devices. For example, the communication unit 152 includes at least one of a
network adapter, such as an Ethernet or 802.11x adapter, a Bluetooth radio or
other short range communication device, or a wireless transceiver for wireless
communication, for example, according to CDMA, GSM, or GPRS protocol
using standards such as IEEE 802.11a, 802.11b, 802.11¢g, or 802.11n.

[0080] The memory unit 156 stores program instructions for an operating
system 158, a pellet tracker 159, a region of interest (ROI) proposal module
160, an ROI classification module 162, an ROI tracking module 164, a trajectory
classification module 166 and data files 168. When any of the program
instructions for the pellet tracker 159 or any of the modules 160 to 166 are
executed by at least one processor of the processor unit 144 or a processor of
another computing device, the at least one processor is configured for
performing certain functions in accordance with the teachings herein. It should
be noted that in alternative embodiments, the pellet tracker 159 and the
modules 160 to 166 may be organized in other ways using different software
programming structures as long as the same functionality is provided. The
operating system 158 is able to select which physical processor is used to
execute certain modules and other programs. For example, the operating
system 158 is able to switch processes around to run on different parts of the
physical hardware that is used, e.g., using different cores within a processor,

or different processors on a multi-processor server, for example.

[0081] The pellet tracker 159 includes program instructions for performing
pellet counting in real-time and generates feed data, such as the amount of
uneaten feed pellets and/or any gradient fish feed data for sudden spikes in
uneaten feed pellets, which are provided to the APl 310 for generating a control
signal to the fish feeder 320 for adjusting the amount of fish feed that is provided
to the fish in the tank 110. The pellet tracker 159 calls the ROI proposal module
160, ROI classification module 162, ROI tracking module 164 and trajectory

classification module 166 for performing certain operations during pellet
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tracking. The operation of the pellet tracker 159 is generally described with
respect to FIG. 6A.

[0082] Alternatively, in at least one embodiment, the various modules may
act as standalone programs that communicate via message passing, e.g.,
communicate in an event based fashion. For example, the ROl proposal
module 160 may be communicatively coupled to the video feed, and when a
new image frame is obtained the ROI proposal module 160 performs its
processing. When the ROls for animage frame are ready for further processing,
the ROI classification module 162 is waiting to accept them. Similarly, the ROI
classification module 162 is generating an event for the ROI tracker module
164, to notify the ROI tracker module 164 that there is data to process. This
allows the software architecture to be scalable and distributed across many

processors and/or computing device in a safe and scalable way.

[0083] The datafiles 168 may be used to store operational parameters, such
as certain classifiers and other variables, that are used by the pellet tracker 159
and the modules 160 to 166. The data files 168 may also be used to store a
history of the uneaten feed pellets that are determined by the feed tracker as
well as other data, such as identified objects and trajectories, which may be
used for quality control and/or further training of the algorithms that are used by
the modules 160 to 166.

High Level Overview

[0084] At a high level, the pellet counting algorithm functionality can be
decomposed into four discrete steps: region of interest (ROI) proposal, ROI

classification, ROI tracking, and trajectory classification.

[0085] The ROI proposal module 160 reads in video frames and finds
segments of each frame that roughly represent discrete objects. The ROI
proposal module 160 uses computer vision techniques in an initial round of
filtering to omit ROIs that are obviously not pellets to generate a set of proposed
ROIs. The output of the ROI proposal module 160 includes the proposed ROls,

along with any necessary meta-data, which can be provided to the ROI
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classification module 162. The operations of the ROI proposal module 160 are

generally described with respect to FIG. 6B.

[0086] The ROI classification module 162 is responsible for assigning each
ROI, determined by the ROI proposal module 160, with a probability score of
“pelletness” representing the probability that the ROI represents an object that
is actually a feed pellet. To assign the pelletness score to each ROI, the ROI
classification module 162 can use either a deep learning (DL) based technique
such as, but not limited to, a convolutional neural network (CNN) that operates
on the raw pixels of the ROI, or a more “classical” machine learning technique
(such tree-based methods like extreme gradient boosted trees (XGB), support
vector machine (SVM), etc.), for example, that operates using certain features
(such as a pixel color distribution, edges that are found with Canny or Sobol
edge detection, etc.) that are extracted in the ROI proposal module 160. The
ROI classification module 162 may also be referred to more generally as a
“classifier”. The output of the ROI classification module 162 includes the
pelletness scores of each ROI, along with any necessary meta-data, which can
be provided to the ROI tracking module. The operation of the ROI classification

module 162 is generally described with respect to FIG. 6C.

[0087] The ROI tracking module 164 uses a custom-designed tracking
algorithm to determine and update trajectories of pellets by determining if an
ROI, with its associated pelletness score, may be (1) added to a new trajectory,
(2) added to an existing trajectory, or (3) ignored. Each trajectory contains the
Cartesian coordinates and corresponding pelletness score of each ROI that
comprises the trajectory. After the ROI tracking module 164 has made a
decision for what to do with each ROI that appeared in a given frame, it will
terminate any trajectories which have not been updated with a new ROI which
are then added to one or more finished trajectories. The output of the ROI
tracking module 164 includes the finished trajectories, which can be sent to the
trajectory classification module 166. The operation of the ROI tracking module
164 is generally described with respect to FIGS. 6D and 6E.
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[0088] The trajectory classification module 166 makes a final decision on
whether or not a finished trajectory is counted as a pellet or non-pellet object.
To do this, the trajectory classification module 166 may use data such as the
length of the trajectory, the distribution of pelletness scores for the objects that
make up the trajectory, and distributions of other ROl meta-data that are
determined by the ROI proposal module 160. The trajectory classification
module 166 can process the aforementioned data by using a probabilistic
machine learning model, or simply with carefully selected threshold values and
conditional rules to determine whether the finished trajectories correspond to a
feed pellet or other object. The operation of the trajectory classification module

166 is generally described with respect to FIG. 6F.
Physical Setup for Data Collection

[0089] In order for the pellet counting algorithm to work effectively, a
particular hardware setup, described below, achieves improved efficiency and

accuracy.

[0090] The object enhancer 116 may be made of any material that creates
a background for the feed camera 114. For example, the object enhancer 116
may be, but is not limited to, a high-density polyethylene sheet (HDPE) or a
durable and translucent plastic made using other materials. This object
enhancer 116 creates a high-contrast background, thus making any objects
passing in between the feed camera 114 and the object enhancer 116 much
more readily identifiable by the algorithms that are applied to image frames from
the video feed. Preferably, the object enhancer has a consistent color and is
translucent. For example, the color may be, but is not limited to white or a light

color (e.g., to provide the high-contrast background).

[0091] FIG. 4A shows a perspective view of an example embodiment of the
hardware setup 400 used in the effluent pipe 112. FIG. 4B shows a cross-
sectional diagram of the example embodiment shown in FIG. 4A. The feed
camera 114 may be connected to the underside of the object enhancer 116
such that the field of view of the feed camera 114 may capture the entirety, or

a substantial portion, of the object enhancer 116 and also so that there is a
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fixed distance between the feed camera 114 and the lower surface of the object
enhancer 116. For example, a bracket 408 can have upper ends that are
attached to the lower surface of the object enhancer 116 and a middle portion
connected to the upper ends via legs such that the feed camera 114 can be
mounted on the middle portion and have its field of view directed towards the
object enhancer 116. A second bracket 410, such as a U-shaped bracket,
having posts 410p may be mounted to the effluent pipe 112 in such a manner
that it restricts the ability of the object enhancer 116 and the feed camera 114
to rotate, but allows the object enhancer 116 and the feed camera 114 to rise
and fall as the water pressure in the effluent pipe 112 changes causing water
flow 460 to exit the effluent pipe 112. The bracket 408 and/or the second
bracket 410 may be coupled to the effluent pipe 112 in other manners such that
the bracket 408 and/or the second bracket 410 are adjacent to the effluent pipe
112 and maintain a position relative to the effluent pipe 112 to allow the feed
camera 114 and the object enhancer 116 to maintain a fixed distance or,
alternatively, vary in distance within a preset range. Alternatively, or in addition,
the feed camera 114 may be connected to the bracket 408 or the second
bracket 410. Alternatively, or in addition, the feed camera 114 may be
connected to the effluent pipe 112. The feed camera 114 can have a wire 420
to connect it to a network connection (e.qg., ethernet cable 118). Alternatively,

the feed camera 114 can have a wireless connection to the ethernet switch 120.

[0092] For example, the bracket 410 may be mounted at an exit port or
aperture of the effluent pipe 112 such that the object enhancer 116 is positioned
above the exit port of the effluent pipe 112 and can move upwards thereby
providing a gap between the bottom surface of the object enhancer 116 and
the upper surface of the exit port to allow for water flow 460 to exit the effluent
pipe 112 when there is an increase in water pressure in the effluent pipe 112.
To accomplish this, the bracket 410 includes a sliding mechanism in the form
of the posts 410p which are slidably engaged by grooves 116g that are at two
portions of the edges of the object enhancer 116. When the water pressure
decreases, the object enhancer 116 can move downwards. When the water
pressure increases, the object enhancer 116 can move upwards. The result
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may be a configuration in which the feed camera 114 is secured to the effluent
pipe 112 and the object enhancer 116 is slidably mounted adjacent to the
effluent pipe 112 so that the object enhancer 116 can move up and down when

different amounts of water flow exit the effluent pipe 112.

[0093] Although not shown, retaining elements may be used to prevent the
object enhancer 116 from disengaging the posts 410p of the bracket 410 and
floating away from the exit port of the effluent pipe 112. For example, end
portions of the posts 410p may have a bulbous end or be flared outwards such
that they engage the upper surface of the object enhancer 116 when the water
flow 460 is strong enough to lift the object enhancer 116 to the top of the posts
410p and prevent the object enhancer 116 from disengaging from the mount

(e.q., posts 410p of bracket 410) at the exit port of the effluent pipe 112.

[0094] Optionally, in at least one embodiment, a light 450 may be mounted
so that it generates light that is directed to the object enhancer 116. In such

cases, the light 450 may be secured to the bracket 410.

[0095] Together, the bracket 408, bracket 410, and posts 410p may be

referred to as a bracket configuration or mounting assembly.

[0096] It should also be noted that in at least one embodiment, the bracket
410 includes lower horizontal members 410m1 and 410m2 that are adjacent to
one another and moveable with respect to one another to allow for slidable
enlargement or reduction of the width of the bracket configuration so that it may
fit effluent pipes 112 having different diameters. Accordingly, the lower
horizontal members 410m1 and 410m2 include channels that are aligned with
one another that may receive a fastener to fasten the two horizontal members
410m1 and 410m2 together when they are positioned so that the upper lateral
tabs of bracket 410, upon which the posts 401p are located, are positioned to

overlap an upper edge of the side walls of the effluent pipe 112.

[0097] FIG. 5 shows a schematic diagram of the example embodiment of
the system 100 in its operating environment. The tank 110 has fish 510 in it that

eat pellets 210. The fish 510 also excrete feces 220. Any uneaten feed pellets
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210 as well as the feces 220 exit the tank 110 through the effluent pipe 112.
These discrete objects (the uneaten feed pellets 210 and feces 220) move
towards the object enhancer 116 due to the water pressure and water flow 460.
The object enhancer 116 floats on top of the water, and moveably engages the
posts 410p of the pipe bracket 410 so as to avoid blocking the water flow 460.
The feed camera 114 is pointed towards the object enhancer 116, which is
translucent or transparent, with a light 450 illuminating the object enhancer 116.
In at least one implementation, the light 450 illuminates the object enhancer
116 only when ambient lighting in the operating environment is insufficient to
allow for objects (e.g., the uneaten feed pellets 210, the feces 220 and other
elements) from being captured in the image frames of the video feed 530
obtained by the feed camera 114. The feed camera 114 provides the video feed
530, via a communication link, such as the ethernet cable 118 orin at least one
embodiment wirelessly in which case the feed camera 114 includes a
transceiver (not shown), to the computer 140. The computer 140 operates the
pellet tracker 159 which counts the uneaten feed pellets and provides a data
output, such as a pellet count, to the fish feeder machine 320. In at least one
embodiment, the computer 140 may provide the pellet count and, optionally any
excessive gradients in uneaten feed pellets, to an operator of the fish farm for
future use or for tracking purposes. The computer 140 may produce this output

using the various modules described below.

[0098] FIG. 6A shows a flow chart of an example embodiment of a pellet
counting algorithm 600 that may be implemented by the pellet tracker 159 for
use by the system 100.

[0099] At610, the computer 140 obtains consequent image frames from the
video feed 530 that is obtained by the feed camera 114. For example, the
computer 140 obtains the image frames in the order in which they were
acquired by the feed camera 114, for example, at a predefined frame rate. In at
least one implementation, the feed camera 114 uses a frame rate of 25 frames
per second — if the frame rate is too low, the distance that an object travels in

between frames may be too large for accurate object tracking. The image
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frames can be stored in the data store 156. It should be understood that each
image frame contains data representing what was in the field of view of the feed

camera 114 when the frame was acquired.

[00100] At 620, the computer 140 pre-processes the image frames using the
ROI proposal module 160 to obtain proposed ROIls and any associated meta-
data (such as a unique identifier for the feed camera 114 that they came from).
The proposed ROIls and the meta-data are provided to the ROI classification
module 162 via a messaging tool such as, but not limited to, Redis or Apache
Kafka. The messaging tool used can, for example, facilitate transfer of data
between the different modules when each module is performed on different
processors or different computing devices in a cluster. The operation of the ROI

proposal module 160 is described in more detail with respect to FIG. 6B.

[00101] At 630, the computer 140 performs ROI classification using the ROI
classification module 162 to obtain pelletness scores for each ROI along with
any associated meta-data. The meta-data may be, for example, a unique ID
that tells one or more of the downstream modules what camera the ROIs came
from and the timestamps that uniquely identify each frame. The pelletness
scores and the meta-data are provided to the tracking module 164, again via a
messaging tool. The operation of the ROI classification module 162 is

described in more detail with respect to FIG. 6C.

[00102] At 640, the computer 140 performs ROI tracking by using the ROI
tracking module 164 on the ROls, the associated pelletness scores and any
applicable meta-data. The ROI tracking module 164 generates new trajectories,
updates trajectories and/or determines finished trajectories (trajectories that
cannot be updated). The output of the ROI trajectory module 164 is the finished
trajectories. The operation of the ROI tracking module 164 is described in more
detail with respect to FIGS. 6D and 6E.

[00103] At 650, the computer 140 performs trajectory classification on the
finished trajectories using the trajectory classification module 166. The output

of the trajectory classification module 166 is whether finished trajectories are
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counted as a pellet or non-pellet object. The operation of the trajectory

classification module 166 is described in more detail with respect to FIG. 6F.

[00104] At 660, the result of the trajectory classification is processed in order
to determine data that may be provided to and acted upon by the fish farm. For
example, the results of the trajectory classification can be processed at 660 so
that the amount of uneaten feed pellets over certain time intervals, such as
about 1 min, 5 min, 10 min, 15 min or more or if there are any large gradients
in uneaten feed pellets, are provided to the APl 310 or to the feeder machine
320 directly which then act to control the amount of fish feed that is provided by
the feeder machine 320 to the fish in the tank 110. In at least one
implementation, the time interval can be preprogrammed. Alternatively, in at
least one implementation the time interval can be modified during use, such as

based on input provided by an end user via the API 310.

[00105] In at least one embodiment, the pellet counting algorithm 600
determines the number of wasted pellets passing through the field of view of
the feed camera 114 as a predetermined percentage (e.g., 10%,15%, 20% or
another percentage) of the total number of wasted pellets exiting through the
effluent pipe 112. This predetermined percentage may be established in
various ways, such as by selecting a field of view and/or size of the object
enhancer 116 that results in a known ratio of objects passing through the field
of view of the feed camera 114 compared to the total number of objects exiting
through the effluent pipe 112 wherein the counted objects and the total number
of objects are the uneaten food pellets. Alternatively, or in addition thereto, this
predetermined percentage may be verified by measurement, such as by
measuring/counting the number objects passing through the field of view of the
feed camera 114 and using a net/container to collect all of the objects exiting
through the effluent pipe 112 and then counting the objects in the net/container.
This predetermined percentage then provides a scale factor (e.g., 10 in the
case of the predetermined percentage being 10%, or 5 in the case of the
verified percentage being 20% or other scale factors depending on the actual

physical setup of the feed camera, object enhancer and the effluent pipe) that
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can be used to extrapolate the total number of wasted pellets exiting through

the effluent pipe 112.

[00106] Alternatively, in at least one implementation, the computer 140
provides the result of the trajectory classification to a back-end service, that
may be part of the system 100 that manages a database, displays results to an
end user, and integrates with the APl 310 using a framework of rules that can
be updated by the end user. For example, such an update rule might be “if the
number of pellets counted in the last 10 minutes was less than a certain
number, increase the feed rate by 5%, but if it was greater than that number,
decrease it 5%.” In some implementations, the percent change to the feed rate
may be variable depending on how far away the number of counted pellets is

from the ideal number of wasted pellets (i.e., a setpoint).
ROI! Proposal Module Details

[00107] FIG. 6B shows a flow chart of an example embodiment of a method
for performing the pre-processing 620 done by the ROI proposal module 160.
The ROI proposal module 160 operates in an environment where, because of
the object enhancer 116, the only pixels that will change in any significant way
between two consecutive image frames potentially represent a wasted feed
pellet or other moving object. This characteristic of the environment is used to
identify regions (e.g., regions of interest — ROIs) of each image frame that

warrant further consideration.

[00108] At 622, the computer 140 performs background subtraction. The
techniques used to perform background subtraction are ones that can identify
objects which may be moving between subsequent frames. For example, upon
reading in a new image frame, the ROI proposal module 160 may use a
background subtraction algorithm such as, but not limited to, a K-Nearest
Neighbors (KNN) based algorithm, to generate a binary pixel mask for the new
image frame. In this mask, pixels with a value of zero are considered to be part
of a non-moving background, and pixels with a value of one are part of a moving

foreground and such pixels may be related to moving objects.
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[00109] At 624, the computer 140 performs contour detection in order to
determine potential ROIs. For example, the ROI proposal module 160 uses a
contour detection algorithm to extract the boundaries of each ‘“island” of
foreground pixels in the binary pixel mask. The contour detection algorithm may
be, for example, may be implemented using various suitable techniques
including, but not limited to: a pixel following, a vertex following, or a run-data-
based following technique. An example of a pixel-following contour detection
algorithm that may be used is the findContours method provided by the
OpenCV library. By finding the minimum and maximum points of each contour
in both the x and y directions, the ROI proposal module 160 can define a
bounding box around each foreground object. The contents of these bounding

boxes in the original image are referred to as ROls.

[00110] In practice, there are many patches of changing pixels in a given
image that do not correspond to feed pellets. Such patches of pixels may
represent other objects, like fecal matter, bubbles, or a moving piece of
equipment, but oftentimes also come from visual artifacts like the shimmering
of a water/air interface. To prevent wasting computational resources, the ROI
proposal module 160 may be configured to remove non-pellet ROIs before

sending them on for additional processing by performing filtering at 626.

[00111] At 626, the computer 140 does ROI filtering 626 to identify and
remove any ROIs that do not correspond to feed pellets. For example, (1) one
or more computer-vision-based filters may be used to extract features from
each ROl and (2) these features can then be compared to empirically
determined thresholds to decide which ROIs may be omitted based on the
aforementioned features. An example of a filter that can be used includes, but
is not limited to, a minimum contour size requirement to filter out ROIs that
correspond to objects and artifacts that are too small to be feed pellets.
Alternatively, another type of filter can be based on shape requirements, such

as a circularity measure or an aspect ratio.

[00112] Alternatively, a more complex set of specially designed filters can be

effective in removing particular types of unwanted objects such as bubbles and
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water shimmering artifacts. One approach is to compare the intensities of the
pixels inside the contours and outside the contours of an ROI. The pixels inside
a contour outlining a feed pellet are expected to be darker than the surrounding
pixels. In contrast, contours that outline water artifacts and bubbles generally

do not meet this assumption.

[00113] Yet another ROI filtering method that may be used is based on
comparative measures between a contour and its “enhanced contour”
counterpart. In contrast with the ROI contours that are generated from the
foreground masks (e.g., the output of background subtraction), in at least one
embodiment, the ROI proposal module 160 may generate “enhanced contours”
by performing thresholding on the original image to obtain a second estimate
of where the boundary of the object is. This thresholding may, for example, use
the object's property of being dark colored and the property of the object
enhancer 116 being light colored to find the boundary of the object. The shape
of the two different types of contours obtained in the first and second estimates
is similar for feed pellets but drastically different for bubbles, water artifacts, and
other objects with irregular edges and extrusions (such as fecal matter).
Accordingly, shape measures can be obtained for contours for objects that
correspond to one another (e.g., represent the same underlying object) from
the first and second estimates and if the difference in the shape measures is
below a shape measure threshold level then it is more likely that those ROls
are for the same object (e.g., a feed pellet) and can be retained while the other
ROIs that have a difference in shape measures which is greater than the shape

measure threshold can be removed.

[00114] While these filtering methods may be insufficient for identifying pellet
ROIs with a high degree of accuracy and do not provide a “pelletness”
probability, they do help with removing a significant proportion of non-feed-
pellet ROIs. Removing these non-feed-pellet ROIs at this stage significantly
improves the downstream computational efficiency of the pellet counting

algorithm overall.
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[00115] In at least one embodiment, multiple filters may be used in a serial
manner for removing non-feed-pellet ROIs. For example, a first filter stage can
be based on a first feature that is measured from the candidate ROls and each
ROI that is not filtered out is provided to a second filter stage that is based on
a second measure or enhanced contour filtering and so on and so forth for

potentially additional filter stages.

[00116] Moreover, in at least one embodiment, ROI filters can be used to
identify when something is wrong with the physical setup in the effluent pipe
(e.g., the hardware setup in FIGS. 4A and 4B), and notify the end user when,
for example, an abnormal quantity of bubbles are present based on using a

filter that can identify bubbles.

[00117] At 628, the computer 140 determines a set of candidate ROls in a
given image frame that is being processed based on the ROIs that are not
filtered out during 626. The computer 140 may also generate meta-data, such
as a unique identifier of the feed camera 114 and a timestamp that uniquely

identifies each of the image frames that are acquired by the feed camera 114.
ROI Classification Module Details

[00118] FIG. 6C shows a flow chart of an example embodiment of an ROI
classification method 630 that can be performed by the ROI classification
module 162. The main goal of the ROI classification module 162 is to assign
each ROI a probability of that ROI being a pellet (the “pelletness” score). While
there are several ways that method 630 can be implemented, it is preferable to

obtain the pelletness score using a convolutional neural network (CNN).

[00119] Many classifiers based on CNN models achieve impressive results
on complex datasets. However, due to the nature of the pellet or not pellet
binary classification task, it is favorable to use a comparatively less complex
CNN model so as to prevent overfitting as well as a needlessly large
computational footprint. One possible implementation for the ROI classifier is
using the MobileNet v2 model with the alpha parameter set to 0.25 as a feature

extraction network followed by a densely connected layer with 64 hidden units

PCT/CA2022/050323



WO 2022/187940

10

15

20

25

30

-30-

with an ReL U activation function, and a final densely connected layer with three
output nodes and a softmax activation function. However, it should be noted

that in alternative implementations other classifiers can be used.

[00120] Before inputting samples (e.g., each sample corresponds to a given
ROI from a current image frame that is being processed and includes the image
data in the ROI from that image frame) into the ROI classifier for training or
inference, preprocessing is performed on the ROls so that they are reshaped
to be 64x64 pixels in size and also undergo mean-centering normalization.
These 64x64 RGB image input datasets are the only inputs to the ROI classifier.
During training, random augmentations in the form of rotations, and
horizontal/vertical flips are used. Since the neural network is meant only to
recognize full pellets, augmentations that may prevent the entire pellet from
being shown (e.g., random cropping or shearing) are not used. Pre-trained

weights also may not be used (i.e., no transfer learning).

[00121] A common issue with neural networks is that they have poor
calibration, meaning they tend to only make confident predictions. This is an
undesirable quality due to the fact that, when a given CNN model makes an
incorrect decision, it does so with high confidence. In the distribution of images
in the production environment from which datasets are obtained for processing
by the ROI classifier, there are many objects for which even a human labeler
lacks confidence in their decision of whether or not a sample is a pellet or non-
pellet object. In such cases, it is desirable for the pellet classification model to
generate a probability that reflects this uncertainty (i.e., a probability closer to
0.5thanto 0 or 1).

[00122] To alleviate the issue of poor model calibration, it is helpful to
construct the training data set with objects that are in three classes: pellet, non-
pellet, and ambiguous. Human labelers were instructed to label ROIs provided
by the ROI proposal module 160 as one of these three classes, and to use the
ambiguous class whenever they were not completely confident in their

prediction of pellet/non-pellet.
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[00123] One key difference between the way the human labelers and the
CNN view the ROI data is that humans have access to contextual information
from the surrounding (e.g., previous and subsequent) image frames. When
uncertain about whether or not an ROl may be labeled as a pellet, humans are
able to look at both the preceding and succeeding frames to aid in their
decision. In such cases where an ROl was obviously a pellet due to information
from surrounding frames (such as the way it looked in a previous frame, or the
way it moves between frames), but it was less clear what the pellet is when just
viewing the object from an individual frame, labelers were instructed to try to

forget about their contextual information and still use the ambiguous label.

[00124] The addition of the ambiguous class improved the meaningfulness of
the probability distribution that the ROI classifier outputted for each sample.
Here, the sample is just one object, and the probability distribution is defined
as the probabilities that this object is (a) a pellet, (b) a non-pellet, and (c)
ambiguous, where the sum of these three probabilities equals 1 (i.e., it is a
softmax distribution). In some scenarios, a genuine pellet trajectory can have
one ROI in the middle that slightly overlaps with a non-pellet object (e.g., a
bubble or piece of fecal matter) and this would cause that ROI to be assigned
a pelletness score of 0.0, which would cause that ROI to be omitted by the
tracker. By adopting this method, the classification model may still give that ROI
a low score, but not so low as for it to be ignored by the tracker. Adopting this
technique also improved the ability for the trajectory classification module 166

to effectively separate pellet and non-pellet object trajectories.

[00125] To achieve adequate performance, at least 5000 samples for each
class may be used to train the ROI classification model. These samples may
come from as many scenarios (e.q., different lighting conditions or effluent pipe
flow rates) as possible. Fine tuning of the classification model may be required

when moving to new environments.

[00126] At 632, the computer 140 obtains the current image frame being
processed and the coordinates for the ROIs. Samples are obtained that

represent the image data for each ROI. At 634, the samples are preprocessed
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which may be done as explained earlier by performing reshaping and mean-
centering normalization on each ROI so that they are each represented by

matrices having the same size.

[00127] At 636, each preprocessed sample is applied to the ROI classifier
which generates a probability distribution for each sample. The ROI classifier
may be a CNN-based classifier as described previously. This may be a discrete
probability distribution, such as SoftMax distribution. For example, for each
sample, the probability distribution includes probability scores that sum to one
and represent the chance that the underlying object belongs to one of the
classes used by the ROI classifier. The probability distribution for a given
sample then includes a first probability that the object corresponding to the
sample is a pellet, a second probability that this object is a non-pellet, and a
third probability that the object is ambiguous. For example, the CNN classifier
may provide a probability distribution for a given sample as 0.8 for the pellet

class, 0.15 for the ambiguous class, and 0.05 for the non-pellet class.

[00128] At 638, the highest probability for each sample is used to label the
ROI for the object that corresponds to the sample as either a pellet, a non-pellet
or ambiguous. Data files 168 or a database may be updated to keep track of
the classifications for each ROI that is processed by the ROI classification
module 164.

RO Tracking Module Details

[00129] FIG. 6D shows a flow chart of an example embodiment of an ROI
tracking method 640 that can be performed by the ROI tracking module 164
based on the ROIs that have been classified as being pellets. Since the goal is
to count pellets, and pellets exist in multiple image frames of a video feed, the
pellet tracker 159 may track each pellet that is identified to avoid counting them

multiple times across successive image frames.

[00130] Many open-source implementations of tracking algorithms, like those
from OpenCV, are insufficient or ineffective. Typically, these algorithms are

initialized with image patches (e.g., ROIs) and operate by looking for a similar
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image patch in the next image (e.g., next frame in a video). Because these
methods operate on image patches, they are computationally intractable at the
scale of modern land-based fish farms. Also, they do not give the opportunity
to use a pelletness score when deciding whether or not to add an ROI to an

existing trajectory.

[00131] However, in accordance with the teachings herein, rather than using
image patches, the pellet counting algorithm operates using pelletness scores
and the coordinates of the centroid of each ROI. In general, the pelletness score
is used to determine if an ROI is worth tracking, and if so, to determine whether
to: (1) start a new trajectory with the current ROI being processed; or (2) add

the ROI to an existing trajectory.

[00132] At 642, the ROI tracking module 164 receives the ROI data from a
single image frame for a given ROI that has been classified as pellets (i.e.,
“pellet ROIs”). This ROI data can include the location of the ROI (e.g., the
coordinates for the ROI) and the “pelletness ROI score” which is the probability
determined by the ROI classification module 162 that the ROIs correspond to
a pellet. This ROl data may also include meta-data, such an identifier for the
feed camera 114 and a timestamp representing the time that the image frame

that is currently being processed was acquired.

[00133] At 644, the computer 140 determines whether the ROI score meets
a threshold score which is another check, after the classification performed by
the ROI classifier, that the ROI is more likely to be a pellet than belong to
another class. If this comparison is true (i.e., Yes, the ROI score meets the
threshold score), then the ROI can be referred to as a candidate ROI and the
method 640 proceeds to 645.

[00134] If the comparison at 644 is false (i.e., No, the ROI score does not
meet the threshold score), then the method 640 proceeds to 646 at which point
the object is discarded and no longer tracked. The threshold score can be

determined empirically.
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[00135] At 645, the computer 140 determines which trajectory to include the
candidate ROI in, which may involve comparing the location of the object
corresponding to the ROI pellet and the trajectories that are currently being
tracked. For example, when the distance between the candidate ROI being
assessed and the “tail” (e.g., the last ROI) of an existing trajectory that is
nearest to the candidate ROI being assessed is larger than a predetermined
distance threshold (in terms of Euclidean distance for example) then a new
trajectory with the current can be started using the current ROI being assessed
as the starting point. Alternatively, if the aforementioned distance is less than
the distance threshold, then the ROI tracking module 164 adds the current ROI
being assessed to that existing closest trajectory. The assessment at 646 may

be done using method 700 in FIG. 6E, for example.

[00136] At 647, it is determined whether there are other ROIs to assess for
the current image frame. If there are more ROIs to assess the method 600

returns to 642.

[00137] If all of the ROIs have been processed for the current image, then
the method 640 proceeds to 648 where the ROI tracking module 164
determines whether any trajectories that existed before the current image frame
that is being processed were not updated with any of the ROlIs in the current
image frame. Each of these trajectories are referred to as a “finished trajectory”.
The ROI tracking module 164 identifies any finished trajectories which can then
be provided to the trajectory classification module 166.

[00138] FIG. 6E shows a flow chart of an example embodiment of a method
650 for assigning ROIs to an existing trajectory or to a new trajectory. The
method 650 may be performed by the ROI tracking module 164 when it is
executed by the computer 140. In this example embodiment, the method 650
is implemented as a batch processing method which can operate on all ROIs
that were not discarded based on the ROI pelletness scores as described
previously with respect to FIG. 6D in a current image frame as well as process
several image frames successively. In at least one implementation, the method

650 is performed by the computer 140 on a per-image frame basis, where the
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computer 140 receives as inputs all ROls that were found in a particular image

frame.

[00139] At652, the computer 140 obtains the candidate ROIs and pelletness
scores for the current image frame. At 654 it is determined if there are not any
candidate ROls. If this determination is true, the method 650 proceeds to 656
where the next image frame may be loaded and then the method 650 returns
to 652 where data about the candidate ROls for that next image frame are
obtained. Alternatively, if the determination at 654 is false then the method 650

proceeds to 658.

[00140] At 658 it is determined whether there are no candidate ROls and
whether there are active trajectories. If this determination is true, then it means
that there are no ROlIs to add to active trajectories in which case the method
650 proceeds to 660. If the determination at 658 is false, then the method 650
proceeds to 662.

[00141] At 660, the active trajectories are terminated and can then be
identified as finished trajectories. An active trajectory is one in which an ROI
was added to it in a previous image frame. At this point the method 650 can
proceed to 656 to process candidate ROIs for the next image frame or the

method 650 can end (not shown).

[00142] At 662, it is determined whether there are candidate ROIs and no
active trajectories. If this determination is true, then it means that there are no
active trajectories to add the candidate ROIs to and that they can be added to
new trajectories in which case the method 650 proceeds to 664. If the

determination at 662 is false, then the method 650 proceeds to 666.

[00143] At 664, a new active trajectory is created for each candidate ROI
where the candidate ROI is the starting node or object for the new trajectory.
At this point the method 650 can proceed to 666 to process candidate ROls for

the next image frame or the method 650 can end (not shown).

[00144] At 666, the situation is that at first there are some (i.e., at least one)

candidate ROIs and at least one active trajectory. As the method 650 iterates
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over 666, 668, 670, and 672, then each time 666 is performed it is determined
whether there is a candidate ROl that needs to be assessed. If this
determination is true, then the method 650 proceeds to 668. If this

determination is false, then the method 650 proceeds to 660.

[00145] At 668, the method 650 involves determining whether the candidate
ROIs belong to an active trajectory or if one or more new active trajectories are
to be created. This can be determined by locating the candidate ROls that
match or correspond with an active trajectory based on comparing the distance
of the candidate ROI to the active trajectory to a distance threshold. This may
be done by determining pair distances for the distance (e.g., Euclidean) from
the location (e.qg., centroid) of a current candidate ROl and the tail location (e.g.,
the location of the most recently added ROI) of the active trajectories and

determining the smallest pair distance.

[00146] The method 650 then proceeds to 670 where the smallest pair
distance for each candidate ROI to a corresponding closest active trajectory is
compared to a distance threshold. If the pair distance is smaller than the
distance threshold then the method 650 proceeds to 672.

[00147] At 672, the candidate ROI is added to the closest active trajectory.
The candidate ROI and its closest active trajectory are then removed from
consideration and the method 650 moves to 666 to determine whether there

are any other candidate ROIs that need to be assessed.

[00148] If the determination at 670 is false, then the method 650 proceeds to
664 at which point a new trajectory is created for the current candidate ROI.
The method 650 then proceeds to 666 to determine if there are further
candidate ROls to assess. Before the method 650 proceeds to 666, the
computer 140 removes the last created trajectory and ROI from consideration
in the next loop iteration. If there are no other candidate ROIs to assess then
the method 650 proceeds to 660.

Trajectory Classification Module Details

PCT/CA2022/050323



WO 2022/187940

10

15

20

25

30

-37 -

[00149] FIG. 6F shows a flow chart of an example embodiment of a trajectory
classification method 680 that may be performed by the trajectory classification
module 166 when it is executed by the computer 140. In at least one
embodiment, method 680 is performed every time a trajectory goes from the
“active” to the “finished” state. In an alternative implementation, method 680 is
performed over a subset of possible trajectories to reduce processing

requirements.

[00150] Every ROI with a sufficiently high pelletness score at this point is part
of a trajectory, but not all of these trajectories are necessarily pellets. Because
individual objects can appear significantly different in different image frames,
an object may look more like a pellet in one or more image frames and more
like a non-pellet object in one or more other image frames. By considering the
properties of the entire trajectory such as, but not limited to, the length of the
trajectory, the distribution of pelletness scores for the ROls of the object that is
being tracked in the trajectory and at least one measure (e.g., mean, standard
deviation, certain percentiles, etc.) of the statistical distributions of one or more
other filter values, the trajectory classification module 166 is able to make a
final classification of each trajectory as being a trajectory that is most likely

associated with a pellet or with a non-pellet object.

[00151] At 681, the method involves obtaining the data for ROIs in a current
trajectory. At 682, trajectory measurements are made based on the ROIs in the
current trajectory including the length of the trajectory, the distribution of
pelletness scores for the ROIs in the trajectory and/or the at least one measure
of the statistical distributions of one or more other filter values. In at least one
embodiment, only the mean of the pelletness scores is used. Alternatively, in
at least one embodiment, the mean as well as the 25th/50th/75th percentiles
are used, which may result in a much clearer picture of the trajectory as seen

by the pellet classification model.

[00152] At 683, the trajectory measurements are assessed to determine
whether the trajectories from which they were obtained can be classified as a

pellet trajectory. In at least one embodiment, this assessment may be done by
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providing the trajectory measurements to a trajectory classifier which then
provides a probability that the trajectory belongs to a pellet trajectory class or a
non-pellet trajectory class. This could be done with a linear model such as
logistic regression or a tree based model such as a random forest or XGBoost.
Alternatively, in at least one embodiment, this assessment may be done by
comparing the at least one trajectory measurement to corresponding trajectory
measurement thresholds that have been determined using empirical data. In
such embodiments, if there are more trajectory measurements that pass the
trajectory measurement thresholds then this indicates that the current trajectory
is most likely that of an uneaten feed pellet and the method proceeds to 685
where the trajectory is classified as a pellet trajectory. The method 680 then

proceeds to 686.

[00153] If the determination at 683 is false, then the method 680 proceeds to
684 where the trajectory and the corresponding the ROlIs for the corresponding
object are discarded. The method 680 then proceeds to 686.

[00154] At686 itis determined whether there are other trajectories to classify.
If this determination is true, the method 680 returns to 681. If this determination

is not true, then the method 680 proceeds to 687 and ends.

[00155] In atleast one embodiment, method 600, or a subset thereof, further
comprises mounting the object enhancer 116 adjacent an outlet of the effluent
pipe 112 opposite to and in the field of view of the feed camera 114 to provide
a background for the feed camera 114 so that the objects in the acquired
images have a definable perimeter; and securing the feed camera 114 to the
object enhancer 116 so that the video feed obtained by the feed camera 114
comprises image frames that are images of the object enhancer 116 and
include objects that traverse the field of view of the feed camera 114 when the

images are acquired.

[00156] In at least one embodiment, the system 100 for feed monitoring in a
land-based fish farm having a tank 110 containing fish comprises: the feed
camera 114 mounted to the effluent pipe 114 that is coupled to the tank 110,

the feed camera 114 being configured to capture a video feed comprising
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images of objects that traverse a field of view of the feed camera 114 when
each image is acquired, the objects comprising pellets and non-pellet objects;
and the computer 140 comprising the processor unit 144 and the memory unit
156 having stored thereon instructions that when executed cause the processor
unit 144 to perform the method 600, or a subset of method 600.

[00157] FIG. 7A shows a perspective view of an example embodiment of the
hardware setup 700 used in the effluent pipe 112. FIG. 7B shows a cross-
sectional diagram of the example embodiment shown in FIG. 7A. The feed
camera 114 may be connected to a bracket 708 that is formed from two
members 708m1 and 708m2 such that the field of view of the feed camera 114
may capture the entirety, or a substantial portion, of the object enhancer 116
and also so that there is a fixed distance between the feed camera 114 and the
lower surface of the object enhancer 116. The members 708m1 and 708m2 of
the bracket 708 can have upper ends that are lateral tabs which extend
outwards and are connected to a second bracket 710 that has posts 710p upon
which the lower surface of the object enhancer 116 is moveably coupled. A
lower portion of the members 708m1 and 708m2 has a channel 708c (only one
of which is visible) so that the members 708m1 and 708m2 can be slid relative
to one another so that the corresponding lateral tabs can be extended or
retracted to allow the bracket 708 to fit effluent pipes 112 that have a variety of
diameters. When the members 708m1 and 708m2 are properly positioned so
that the lateral extending tabs overlap the edge of the effluent pipe 112, a
fastener can be applied to the channel 708c to fix the members 708m1 and
708m2 to one another. The feed camera 114 can be mounted onto the lower
horizontal sections of the members 708m1 and 708m2 so that the field of view
of the feed camera 114 is directed towards the object enhancer 116. In at least
one implementation of the hardware setup 700, the object enhancer 116 is
slidably mounted adjacent to the effluent pipe 112 and the feed camera 114 is
coupled to the object enhancer 116 at a fixed distance away from the object
enhancer 116 so that the object enhancer 116 can move up and down when
different amounts of water flow exit the effluent pipe 112 and the feed camera
114 remains at the fixed distance away from the object enhancer 116. In at
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least one embodiment, the channel 708c may also be engaged by a fastener,

such as a screw, to secure the feed camera 114 to the bracket 708.

[00158] The second bracket 710, which may be a U-shaped bracket, has two
vertical members 710v1 and 710v2 which each have a tab that extends laterally
and is coupled with the posts 710p. The upper lateral tabs of the members
710v1 and 710v2 are secured to upper tabs of the bracket 708 via fasteners.
The bracket 710 also includes lower members 710m1 and 710m2 that are
coupled to the lower end portions of the vertical members 710v1 and 710v2.
The members 710m1 and 710m2 are moveable with respect to one another
and are engaged with one another in a similar manner as described for the
bracket configuration of FIGS. 4A-4B.

[00159] The upper lateral tabs of the second bracket 710 may be secured to
the effluent pipe 112 to hold it in place thereto in such a manner that it constricts
the ability of the object enhancer 116 and the feed camera 114 to rotate but
allows the object enhancer 116 to rise and fall as the water pressure in the
effluent pipe 112 changes causing water flow to exit the effluent pipe 112.
Together, the bracket 708, bracket 710, and posts 710 may be referred to as a
bracket configuration 740 or mounting assembly, which is shown in isolation in
FIG. 7C. FIG. 7D shows the bracket configuration 740 with the object enhancer
116 disposed thereon. The feed camera 114 can have a wire to connectitto a
network connection (e.g., an ethernet cable). Alternatively, the feed camera 114
can have a wireless connection to an ethernet switch 120.

[00160] For example, the bracket 710 may be mounted at an exit port or
aperture of the effluent pipe 112 such that the object enhancer 116 is positioned
above the exit port of the effluent pipe 112 and can move upwards thereby
providing a gap between the bottom surface of the object enhancer 116 and
the upper surface of the exit port to allow for water flow to exit the effluent pipe
112 when there is an increase in water pressure in the effluent pipe 112. To
accomplish this, the bracket 710 includes a sliding mechanism in the form of
the posts 710p which are slidably engaged by grooves 116g that are at two

portions of the edges of the object enhancer 116. When the water pressure
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decreases, the object enhancer 116 can move downwards. When the water

pressure increases, the object enhancer 116 can move upwards.

[00161] Although not shown, retaining elements may be used to prevent the
object enhancer 116 from disengaging the posts 710p of the bracket 710 and
floating away from the exit port of the effluent pipe 112. For example, end
portions of the posts 710p may have a bulbous end or be flared outwards such
that they engage the upper surface of the object enhancer 116 when the water
flow is strong enough to lift the object enhancer 116 to the top of the posts 710p
and prevent the object enhancer 116 from disengaging from the mount (e.q.,

posts 710p of bracket 710) at the exit port of the effluent pipe 112.

[00162] Optionally, in at least one embodiment, a light may be mounted so
that it generates light that is directed to the object enhancer 116. In such cases,

the light may be secured to the bracket 710.

[00163] One technical advantage realized in at least one of the embodiments
described herein is that the pellet counting algorithm effectively counts and
tracks individual wasted (i.e., non-eaten) pellets. This is so because other
approaches (1) measure an intensity of pellet activity (e.g., detecting a number
of pellets in a given image frame to represent the relative level of waste and so
they are not actually trying to measure the number of pellets wasted) or (2)
track only a small cross-section of pellets (thereby providing a potentially
inaccurate estimate). In contrast, the pellet counting algorithm, in accordance
with the teachings herein, accurately counts individual wasted pellets passing
through the field of view of the feed camera over certain time intervals in real-
time to provide an accurate measure, and not an estimation. Depending on the
fluid dynamics within the effluent pipe, it is possible that there may be a small
(and possibly negligible) number of pellets that hug the sides of the effluent
pipe as they move past the feed camera, thus being outside the field of view of
the feed camera. In such a case, the pellet count does not result in 100% of the
pellets that pass through the exit of the effluent pipe, after scaling as described
earlier, but may be marginally lower, such as 95% or 99%. The number of

wasted pellets (e.g., uneaten pellets) passing through the field of view of the
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feed camera may be a predetermined percentage (e.g., 10% or 20%) of the
total number of wasted pellets exiting through the effluent pipe, which can then
be scaled up by a scale factor (e.g., 10 in the case of the predetermined
percentage being 10%, or 5 in the case of the predetermined percentage being
20%) to extrapolate the total number of wasted pellets exiting the tank through
the effluent pipe where the predetermined percentage is determined through

verification as explained earlier.

[00164] Another technical advantage realized in at least one of the
embodiments described herein is that the Al-based fish feeding system
leverages the infrastructure of land-based recirculating aquaculture systems to
create a much more exact count of waste pellets with minimal computational
requirements. This is so because every other approach applied in conventional
systems attempts to create an estimate (not an exact count) of the number of
wasted pellets in a general underwater environment. The pellet counting
algorithm in addition to utilizing/manipulating the environment (specifically
using the outlet pipe of land-based systems) to monitor fish feed in a smaller
physical area is unique to the teachings herein and helpful in being able to count
every wasted feed pellet while limiting the computational requirements (e.g., to
not require one or more GPUs with high computational power as is usually

necessary for CNNs that process large data sets).

[00165] Another technical advantage realized in at least one of the
embodiments described herein is that the pellet counting algorithm enables a
continuous measure of wasted feed while other methods create a discrete
measure. This is so because the pellet counting algorithm enables integration
with other real-time data sources to understand in real time current feed
requirements which may be used to consequently determine future feed

requirements.

[00166] It should be noted that in at least one embodiment, the object
enhancer may not be used when the computer employs processors with
sufficiently high processing power, such as GPUs, for example. In such an

embodiment, the ROI proposal and ROI classification modules may be
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replaced with an end-to-end variety of object detection neural network such as
a single-shot-detector (SSD) like YOLO or a multi-stage model such as Faster-
RCNN.

[00167] It should be noted that in at least one embodiment, the pellet counter
algorithm may be further configured to generate a control signal based on the
pellet count and send the control signal to a fish feeder machine of the fish farm
to a generate a new amount of fish feed to provide to the tank. The control
signal may be updated at intervals commensurate with the intervals used for
counting pellets or the control signal may be instantaneously updated when
there is a change in the gradient of uneaten fish feed (i.e., uneaten feed pellets)
that is above a threshold that is set to indicate that there may be an issue that

has recently arisen in the tank of the fish farm.

[00168] While the applicant's teachings described herein are in conjunction
with various embodiments for illustrative purposes, it is not intended that the
applicant's teachings be limited to such embodiments as the embodiments
described herein are intended to be examples. On the contrary, the applicant's
teachings described and illustrated herein encompass various alternatives,
modifications, and equivalents, without departing from the embodiments

described herein, the general scope of which is defined in the appended claims.
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CLAIMS:
1. A system for feed monitoring in a land-based fish farm having a tank
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containing fish and an effluent pipe that is coupled to the tank where uneaten
feed pellets and non-pellet objects flow through the effluent pipe to an exit port,
the system comprising:

a feed camera configured to capture a video feed comprising images of
an interior of the effluent pipe including objects that traverse a field of view of
the feed camera when each image is acquired, the objects comprising the
uneaten feed pellets and the non-pellet objects;

an object enhancer that is opposite to and in the field of view of the feed
camera to provide a background for the feed camera so that the objects that
pass between the feed camera and the object enhancer and are captured in at
least one of acquired image of the video feed have a definable perimeterin the
at least one acquired image;

a computing device comprising at least one processor and a non-
transient computer-readable medium having stored thereon instructions that
when executed cause the at least one processor to perform steps of:

obtaining several images from the video feed for a given time
interval;

preprocessing the images to obtain candidate regions of interest
(RQOIs) that each correspond to unique objects in the images where the
objects are potentially feed pellets;

performing classification on the candidate ROIls to obtain a
pelletness score representing a probability that the object that
corresponds to the candidate ROI belongs to a feed pellet class;

determining whether to retain the candidate ROIs based on a
likelihood that the retained candidate ROI is more likely to belong to the
feed pellet class;

assigning each of the retained candidate ROls into trajectories;

classifying the trajectories into pellet trajectories or non-pellet

trajectories; and
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generating in real time a pellet count based on the pellet
trajectories where the pellet count represents a predetermined
percentage of the uneaten feed pellets that were not consumed by the
fish in the tank.

2. The system of claim 1, wherein the at least one processor is further
configured to send the pellet count to the fish farm where the pellet count is
used by a fish feeder machine to generate a new amount of fish feed to provide
to the tank based at least in part on the pellet count.

3. The system of claim 1, wherein the at least one processor is further
configured to generate a control signal based on the pellet count and send the
control signal to a fish feeder machine of the fish farm to a generate a new

amount of fish feed to provide to the tank.

4. The system of any one of claims 1 to 3, wherein the at least one
processor is further configured to determine gradients of the uneaten feed
pellets in the time interval and to generate an alert when one of the gradients

is larger than a gradient threshold.

5. The system of any one of claims 1 to 4, wherein the object enhancer is
a high-density polyethylene (HDPE) sheet that provides a background
producing a contrast with respect to the objects passing between the feed

camera and the object enhancer.

6. The system of any one of claims 1 to 5, wherein the at least one
processor is configured to obtain the candidate ROls in a given image frame by
performing background subtraction on the given image frame to identify any
objects that are likely to change position in subsequent image frames, perform
contour detection on the identified objects to define a boundary for each
identified object where the boundary is a potential ROI, and filtering the

potential ROIs to obtain the candidate ROls.
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7. The system of any one of claims 1 to 6, wherein the at least one
processor is configured to perform classification on the candidate ROIls by
generating samples for each candidate ROl where a given sample include
image data for a corresponding candidate ROI, preprocessing the samples,
applying an ROI classifier to each preprocessed sample to generate a
probability distribution with probabilities that the sample belongs to different

classes.

8. The system of claim 7, wherein the classes include a pellet class, a non-

pellet class and an ambiguous class.

9. The system of claim 8, wherein the pelletness score represents a

probability that the sample belongs to the pellet class.

10. The system of any one of claims 7 to 9, wherein the at least one
processor is configured to preprocess the samples by resizing the samples to

have a same matrix size and performing mean-centering normalization.

11.  The system of any one of claims 1 to 10, wherein the at least one
processor is configured to assign each of the candidate ROIs in one image
frame into one of the trajectories by: (a) assigning the candidate ROlIs to
separate new trajectories when there are no active trajectories; (b) when there
are active trajectories assigning the candidate ROIls to a closest active
trajectory when distances between locations of the candidate ROIs and a last
ROI in the closest active trajectories is smaller than a distance threshold or (c)
when there are active trajectories assigning the candidate ROIs to a new active
trajectory when distances between locations of the candidate ROIs and a last

ROI in the closest active trajectories is larger than the distance threshold.

12. The system of any one of claims 1 to 11, wherein the at least one
processor is configured to classify the trajectories into pellet trajectories or non-
pellet trajectories by identifying finished trajectories which include trajectories
that are not updated for one of the images in the given time period, determining

at least one trajectory measurement for each of the finished trajectories, and
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determining which finished trajectories belong to the pellet trajectory class

based on the at least one trajectory measurement.

13.  The system of claim 12, wherein the at least one processor is configured
to determine which finished trajectories belong to the pellet trajectory class by
comparing the at least one trajectory measurement to a threshold or providing

the at least one trajectory measurement to a trajectory classifier.

14. The system of claim 12 or claim 13, wherein at least one trajectory
measurement includes a length of the finished trajectory, a distribution of
pelletness scores of ROIs that comprise the finished trajectory, and/or at least

one measure of a statistical distributions of one or more other filter values.

15.  The system of any one of claims 1 to 14, wherein the feed camera is
connected to an underside of the object enhancer and is spaced apart from the
object enhancer so that the acquired images show at least a portion of the

object enhancer.

16. The system of any one of claims 1 to 15, further comprising a bracket
that is attached to the effluent pipe and the object enhancer is mounted to the
bracket at two locations to restrict rotatability of the object enhancer and the

feed camera during use.

17.  The system of any one of claims 1 to 16, wherein the object enhancer is
slidably mounted adjacent to the exit port of the effluent pipe so that the object
enhancer can move away from the exit port during times when an increased

amount of water flow exits the effluent pipe.

18. The system of any one of claims 1 to 14, wherein the feed camera is
secured to a bracket adjacent the effluent pipe and the object enhancer is

slidably mounted on posts above the bracket.

19. The system of any one of claims 1 to 14, wherein the feed camera is

secured to the effluent pipe and the object enhancer is slidably mounted
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adjacent to the effluent pipe so that the object enhancer can move up and down

when different amounts of water flow exit the effluent pipe.

20.  The system of any one of claims 1 to 14, wherein the object enhancer is
slidably mounted adjacent to the effluent pipe and the feed camera is coupled
to the object enhancer at a fixed distance away from the object enhancer so
that the object enhancer can move up and down when different amounts of
water flow exit the effluent pipe and the feed camera remains at the fixed

distance away from the object enhancer.

21. A computer-implemented method for feed monitoring in a tank of a land-
based fish farm, the method comprising:

reading image frames and associated meta-data from a video feed
obtained from a feed camera for a given time interval where the image frames
obtained by the feed camera are images of uneaten feed pellets and non-pellet
objects that are expelled via from the tank;

preprocessing the image frames to obtain candidate regions of interest
(RQOIs) that each correspond to unique objects in the images where the objects
are potentially feed pellets;

performing classification on the candidate ROIs to obtain pelletness
scores representing a probability that the objects that correspond to the
candidate ROlIs belong to a feed pellet class;

determining whether to retain the candidate ROIs based on how likely
the candidate ROl is to belong to the feed pellet class;

assigning each of the retained candidate ROIs into trajectories;

classifying the trajectories into pellet trajectories or non-pellet
trajectories; and

generating in real time a pellet count based on the pellet trajectories
where the pellet count represents a predetermined percentage of the uneaten
feed pellets that were not consumed by the fish in the tank.

22.  The method of claim 21, wherein the method further comprises sending

the pellet count to the fish farm where the pellet count is used by a fish feeder

PCT/CA2022/050323



WO 2022/187940

10

15

20

25

-49-

machine to generate a new amount of fish feed to provide to the tank based at

least in part on the pellet count.

23. The method of claim 21, wherein the method further comprises
generating a control signal based on the pellet count and sending the control
signal to a fish feeder machine of the fish farm to a generate a new amount of

fish feed to provide to the tank.

24.  The method of any one of claims 21 to 23, wherein the method further
comprises determining gradients of the uneaten feed pellets in the given time
interval and generating an alert when one of the gradients is larger than a

gradient threshold.

25. The method of any one of claims 21 to 23, wherein obtaining the
candidate ROls in a given image frame comprises performing background
subtraction on the given image frame to identify any objects that are likely to
change position in subsequent image frames, performing contour detection on
the identified objects to define a boundary for each identified object where the
boundary is a potential ROI, and filtering the potential ROIs to obtain the
candidate ROls.

26. The method of any one of claims 21 to 24, wherein performing
classification on the candidate ROIls comprises generating samples for each
candidate ROI where a given sample include image data for a corresponding
candidate ROI, preprocessing the samples, and applying an ROI classifier to
each preprocessed sample to generate a probability distribution with

probabilities that the sample belongs to different classes.

27. The method of claim 26, wherein the classes include a pellet class, a

non-pellet class and an ambiguous class.

28. The method of claim 27, wherein the pelletness score represents a

probability that the sample belongs to the pellet class.
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29. The method of any one of claims 21 to 27, wherein the method
comprises preprocessing the samples by resizing the samples to have a same

matrix size and performing mean-centering normalization.

30. The method of any one of claims 21 to 28, wherein assigning each of
the candidate ROls in one image frame into one of the trajectories comprises:
(a) assigning the candidate ROls to separate new trajectories when there are
no active trajectories; (b) when there are active trajectories assigning the
candidate ROls to a closest active trajectory when distances between locations
of the candidate ROIs and a last ROl in the closest active trajectories is smaller
than a distance threshold or (c) when there are active trajectories assigning the
candidate ROlIs to a new active trajectory when distances between locations of
the candidate ROIls and a last ROI in the closest active trajectories is larger

than the distance threshold.

31. The method of any one of claims 21 to 29, wherein classifying the
trajectories into pellet trajectories or non-pellet trajectories comprises
identifying finished trajectories which include trajectories that are not updated
for one of the images in the given time period, determining at least one
trajectory measurement for each of the finished trajectories, and determining
which finished trajectories belong to the pellet trajectory class based on the at

least one trajectory measurement.

32. The method of claim 30, wherein determining which finished trajectories
belong to the pellet trajectory class comprises comparing the at least one
trajectory measurement to a threshold or providing the at least one trajectory

measurement to a trajectory classifier.

33. The method of claim 30 or claim 31, wherein at least one trajectory
measurement includes a length of the finished trajectory, a distribution of
pelletness scores of ROIs that comprise the finished trajectory, and/or at least

one measure of a statistical distribution of other or more filter values.
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34. The method of any one of claims 21 to 32, wherein the method
comprises mounting an object enhancer adjacent an outlet of the effluent pipe
opposite to and in the field of view of the feed camera to provide a background
for the feed camera so that the objects in the acquired images have a definable
perimeter; and securing the feed camera to the object enhancer so that the
video feed obtained by the feed camera comprises image frames that are
images of the object enhancer and include objects that traverse the field of view

of the feed camera when the images are acquired.

35.  The method of claim 34, wherein the method comprises using a high-
density polyethylene (HDPE) sheet for the object enhancer to provide a
background that produces an increased contrast with respect to the objects

passing between the feed camera and the object enhancer.

36. A system for feed monitoring in a land-based fish farm having a tank
containing fish, the system comprising:

a feed camera mounted to an effluent pipe that is coupled to the tank,
the feed camera being configured to capture a video feed comprising images
of objects that traverse a field of view of the feed camera when each image is
acquired, the objects comprising pellets and non-pellet objects;

a computing device comprising at least one processor and a non-
transient computer-readable medium having stored thereon instructions that
when executed cause the at least one processor to perform the method as
defined in any one of claims 31 to 35.
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AMENDED CLAIMS
received by the International Bureau on 18 July 2022 (18.07.2022)

1. A system for feed monitoring in a land-based fish farm having a tank
containing fish and an effluent pipe that is coupled to the tank where uneaten
feed pellets and non-pellet objects flow through the effluent pipe to an exit port,
the system comprising:

a feed camera configured to capture a video feed comprising images of
an interior of the effluent pipe including objects that traverse a field of view of
the feed camera when each image is acquired, the objects comprising the
uneaten feed pellets and the non-pellet objects;

an object enhancer that is opposite to and in the field of view of the feed
camera to provide a background for the feed camera so that the objects that
pass between the feed camera and the object enhancer and are captured in at
least one acquired image of the video feed have a definable perimeter in the at
least one acquired image; and

a computing device comprising at least one processor and a non-
transient computer-readable medium having stored thereon instructions that
when executed cause the at least one processor to perform steps of:

obtaining several images from the video feed for a given time
interval;

preprocessing the images to obtain candidate regions of interest
(ROls) that each correspond to unique objects in the images where the
objects are potentially feed pellets;

performing classification on the candidate ROIls to obtain a
pelletness score representing a probability that the object that
corresponds to the candidate ROI belongs to a feed pellet class;

determining whether to retain the candidate ROls based on a
likelihood that the retained candidate ROI is more likely to belong to the
feed pellet class;

assigning each of the retained candidate ROls into trajectories;

classifying the trajectories into pellet trajectories or non-pellet
trajectories; and
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generating in real time a pellet count based on the pellet
trajectories where the pellet count represents a predetermined
percentage of the uneaten feed pellets that were not consumed by the
fish in the tank.

5 2 The system of claim 1, wherein the at least one processor is further
configured to send the pellet count to the fish farm where the pellet count is
used by a fish feeder machine to generate a new amount of fish feed to provide
to the tank based at least in part on the pellet count.

3. The system of claim 1, wherein the at least one processor is further

10 configured to generate a control signal based on the pellet count and send the
control signal to a fish feeder machine of the fish farm to generate a new
amount of fish feed to provide to the tank.

4. The system of any one of claims 1 to 3, wherein the at least one
processor is further configured to determine gradients of the uneaten feed

15 pellets in the time interval and to generate an alert when one of the gradients
is larger than a gradient threshold.

5. The system of any one of claims 1 to 4, wherein the object enhancer is

a high-density polyethylene (HDPE) sheet that provides a background

producing a contrast with respect to the objects passing between the feed
20 camera and the object enhancer.

6. The system of any one of claims 1 to 5, wherein the at least one
processor is configured to obtain the candidate ROls in a given image frame by
performing background subtraction on the given image frame to identify any
objects that are likely to change position in subsequent image frames,

25 performing contour detection on the identified objects to define a boundary for
each identified object where the boundary is a potential ROI, and filtering the
potential ROIs to obtain the candidate ROls.
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7. The system of any one of claims 1 to 6, wherein the at least one
processor is configured to perform classification on the candidate ROls by
generating samples for each candidate ROI where a given sample includes
image data for a corresponding candidate ROI, preprocessing the samples, and
applying an ROI classifier to each preprocessed sample to generate a
probability distribution with probabilities that the sample belongs to different
classes.

8. The system of claim 7, wherein the classes include a pellet class, a non-
pellet class, and an ambiguous class.

9. The system of claim 8, wherein the pelletness score represents a
probability that the sample belongs to the pellet class.

10. The system of any one of claims 7 to 9, wherein the at least one
processor is configured to preprocess the samples by resizing the samples to

have a same matrix size and performing mean-centering normalization.

11.  The system of any one of claims 1 to 10, wherein the at least one
processor is configured to assign each of the candidate ROls in one image
frame into one of the trajectories by: (a) assigning the candidate ROls to
separate new trajectories when there are no active trajectories; (b) when there
are active trajectories, assigning the candidate ROls to a closest active
trajectory when distances between locations of the candidate ROIs and a last
ROl in the closest active trajectories is smaller than a distance threshold or (c)
when there are active trajectories, assigning the candidate ROls to a new active
trajectory when distances between locations of the candidate ROIs and a last
ROl in the closest active trajectories is larger than the distance threshold.

12.  The system of any one of claims 1 to 11, wherein the at least one
processor is configured to classify the trajectories into pellet trajectories or non-
pellet trajectories by identifying finished trajectories which include trajectories
that are not updated for one of the images in the given time period, determining
at least one trajectory measurement for each of the finished trajectories, and
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determining which finished trajectories belong to the pellet trajectory class
based on the at least one trajectory measurement.

13.  The system of claim 12, wherein the at least one processor is configured
to determine which finished trajectories belong to the pellet trajectory class by

5 comparing the at least one trajectory measurement to a threshold or providing
the at least one trajectory measurement to a trajectory classifier.

14.  The system of claim 12 or claim 13, wherein at least one trajectory
measurement includes a length of the finished trajectory, a distribution of
pelletness scores of ROIs that comprise the finished trajectory, and/or at least

10 one measure of a statistical distribution of one or more other filter values.

15.  The system of any one of claims 1 to 14, wherein the feed camera is
connected to an underside of the object enhancer and is spaced apart from the
object enhancer so that the acquired images show at least a portion of the
object enhancer.

15 16. The system of any one of claims 1 to 15, further comprising a bracket
that is attached to the effluent pipe and wherein the object enhancer is mounted
to the bracket at two or more locations to restrict rotatability of the object
enhancer and the feed camera during use.

17.  The system of any one of claims 1 to 16, wherein the object enhancer is
20 slidably mounted adjacent to the exit port of the effluent pipe so that the object
enhancer can move away from the exit port during times when an increased

amount of water flow exits the effluent pipe.

18.  The system of any one of claims 1 to 14, wherein the feed camera is
secured to a bracket adjacent the effluent pipe and the object enhancer is
25 slidably mounted on posts above the bracket.

19.  The system of any one of claims 1 to 14, wherein the feed camera is
secured to the effluent pipe and the object enhancer is slidably mounted
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adjacent to the effluent pipe so that the object enhancer can move up and down
when different amounts of water flow exit the effluent pipe.

20.  The system of any one of claims 1 to 14, wherein the object enhancer is
slidably mounted adjacent to the effluent pipe and the feed camera is coupled
to the object enhancer at a fixed distance away from the object enhancer so
that the object enhancer can move up and down when different amounts of
water flow exit the effluent pipe and the feed camera remains at the fixed
distance away from the object enhancer.

21. A computer-implemented method for feed monitoring in a tank of a land-
based fish farm, the method comprising:

reading image frames and associated meta-data from a video feed
obtained from a feed camera for a given time interval where the image frames
obtained by the feed camera are images of uneaten feed pellets and non-pellet
objects that are expelled from the tank;

preprocessing the image frames to obtain candidate regions of interest
(ROls) that each correspond to unique objects in the images where the objects
are potentially feed pellets;

performing classification on the candidate ROls to obtain pelletness
scores representing a probability that the objects that correspond to the
candidate ROIs belong to a feed pellet class;

determining whether to retain the candidate ROls based on how likely
the candidate ROl is to belong to the feed pellet class;

assigning each of the retained candidate ROls into trajectories;

classifying the trajectories into pellet trajectories or non-pellet
trajectories; and

generating in real time a pellet count based on the pellet trajectories
where the pellet count represents a predetermined percentage of the uneaten
feed pellets that were not consumed by the fish in the tank.

22.  The method of claim 21, wherein the method further comprises sending
the pellet count to the fish farm where the pellet count is used by a fish feeder
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machine to generate a new amount of fish feed to provide to the tank based at
least in part on the pellet count.

23. The method of claim 21, wherein the method further comprises
generating a control signal based on the pellet count and sending the control
signal to a fish feeder machine of the fish farm to a generate a new amount of
fish feed to provide to the tank.

24.  The method of any one of claims 21 to 23, wherein the method further
comprises determining gradients of the uneaten feed pellets in the given time
interval and generating an alert when one of the gradients is larger than a
gradient threshold.

25. The method of any one of claims 21 to 23, wherein obtaining the
candidate ROls in a given image frame comprises performing background
subtraction on the given image frame to identify any objects that are likely to
change position in subsequent image frames, performing contour detection on
the identified objects to define a boundary for each identified object where the
boundary is a potential ROI, and filtering the potential ROIs to obtain the
candidate ROls.

26. The method of any one of claims 21 to 24, wherein performing
classification on the candidate ROls comprises generating samples for each
candidate ROI where a given sample includes image data for a corresponding
candidate ROI, preprocessing the samples, and applying an ROI classifier to
each preprocessed sample to generate a probability distribution with
probabilities that the sample belongs to different classes.

27. The method of claim 26, wherein the classes include a pellet class, a

non-pellet class, and an ambiguous class.

28. The method of claim 27, wherein the pelletness score represents a
probability that the sample belongs to the pellet class.
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29. The method of any one of claims 21 to 27, wherein the method
comprises preprocessing the samples by resizing the samples to have a same

matrix size and performing mean-centering normalization.

30. The method of any one of claims 21 to 28, wherein assigning each of
the candidate ROls in one image frame into one of the trajectories comprises:
(a) assigning the candidate ROls to separate new trajectories when there are
no active trajectories; (b) when there are active trajectories, assigning the
candidate ROls to a closest active trajectory when distances between locations
of the candidate ROIs and a last ROl in the closest active trajectories is smaller
than a distance threshold; or (c) when there are active trajectories, assigning
the candidate ROls to a new active trajectory when distances between
locations of the candidate ROIs and a last ROI in the closest active trajectories
is larger than the distance threshold.

31. The method of any one of claims 21 to 29, wherein classifying the
trajectories into pellet trajectories or non-pellet trajectories comprises
identifying finished trajectories which include trajectories that are not updated
for one of the images in the given time period, determining at least one
trajectory measurement for each of the finished trajectories, and determining
which finished trajectories belong to the pellet trajectory class based on the at

least one trajectory measurement.

32. The method of claim 30, wherein determining which finished trajectories
belong to the pellet trajectory class comprises comparing the at least one
trajectory measurement to a threshold or providing the at least one trajectory

measurement to a trajectory classifier.

33. The method of claim 30 or claim 31, wherein at least one trajectory
measurement includes a length of the finished trajectory, a distribution of
pelletness scores of ROIs that comprise the finished trajectory, and/or at least

one measure of a statistical distribution of one or more filter values.
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34. The method of any one of claims 21 to 32, wherein the method
comprises mounting an object enhancer adjacent an outlet of the effluent pipe
opposite to and in a field of view of the feed camera to provide a background
for the feed camera so that the objects in the acquired images have a definable
perimeter; and securing the feed camera to the object enhancer so that the
video feed obtained by the feed camera comprises image frames that are
images of the object enhancer and include objects that traverse the field of view
of the feed camera when the images are acquired.

35. The method of claim 34, wherein the method comprises using a high-
density polyethylene (HDPE) sheet for the object enhancer to provide a
background that produces an increased contrast with respect to the objects
passing between the feed camera and the object enhancer.

36. A system for feed monitoring in a land-based fish farm having a tank
containing fish, the system comprising:

a feed camera mounted to an effluent pipe that is coupled to the tank,
the feed camera being configured to capture a video feed comprising images
of objects that traverse a field of view of the feed camera when each image is
acquired, the objects comprising pellets and non-pellet objects; and

a computing device comprising at least one processor and a non-
transient computer-readable medium having stored thereon instructions that
when executed cause the at least one processor to perform the method as
defined in any one of claims 21 to 35.
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