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SYSTEM AND METHOD FOR AI-BASED IMPROVEMENT OF HARVESTING
OPERATIONS

TECHNICAL FIELD

[0001] The present disclosure relates to a system and method for Al-based improvement of
harvesting operations, in particular, to a system and method for Al-based improvement of
harvesting operations using a combination of sensors and ensemble of custom algorithms and

signal processing techniques.
BACKGROUND

[0002] Cash crops such as palm, rubber, cotton, and coffee are cultivated on an industrial scale
in large plantations. Such plantations cover hundreds or even thousands of hectares of land. In
addition, thousands of field workers and harvesters are employed by such plantations to
maintain and harvest the crops. The quality and best time for harvesting is highly variable and
dynamic as it is affected by a multitude of factors including the plant variety or clone, tree
health, harvester behaviour and other factors affecting ripeness of fruit such as weather, rainfall
history, and pest infestation. Harvesting crops at the right time and at the right amounts can
have significant impact on the quality and yield of the harvests, for example, up to 20-30%
difference in ripeness of fruit and quantity of harvest. Given the labour-intensive nature of
harvest operations, the size of plantation and number of people involved, it is difficult to
identify the quality of the crops at the source and provide timely and targeted interventions to

workers during harvest to improve quality.

[0003] In addition, quality control efforts in a number of industries include both process control
and quality check and grading of the produce before packaging. Specifically, in the agriculture
industry, the quality of the produce (e.g. fruits) received by a consumer or for downstream
processing by factories is a function of both harvesting practices and accurate grading of the
harvested fruit at the point of harvest. Thus, it is important that the produce is also accurately
graded at the point of harvest. Prior art solutions grade the ripeness of fruits using a single
factor of the colour of the fresh fruit bunch. Prior art solutions also use Hue, saturation, value
(HSV) components to predict ripeness. These prior art solutions are limited as they only use a

single feature of colour to predict ripeness and grade fruit.
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[0004] There is thus a need for a system and method that accurately improves harvesting
operations to ensure that produce from large-scale plantations are accurately graded and

harvested at the right time to maximise quality and yield.
SUMMARY

[0005] An aspect of an embodiment of the disclosure relates to a system and method that
combines and processes a variety of data from various sources including the Internet of Things
(IoT), edge devices such as smart bands equipped on individual harvesters deployed, and image
or video content at the harvesting point. The system processes the data from various sources
and generates information including automated and accurate grading to identify quality of
harvest, and diagnostic information to recommend changes to harvesting pattern and worker
behaviour to improve harvest quality. In addition, the system and method of the present
disclosure provides artificial intelligence (AI)-based sensing and predictions in either real time
or in batches as required by the user. The system of the present disclosure may be applied
across a variety of industries including palm oil, rubber, and fruit plantations like banana,

avocado, cotton, and coffec.

[0006] The system and method as disclosed utilizes a multitude of sensors and Al algorithms
to extract relevant information from data sources and identify targeted actions to improve
quality and yield. Examples of such targeted actions include prescribing the best harvesting
schedule, identifying anomalies in real time to help correct harvester behaviour, and vision-
based grading at the harvesting point to provide suggestions of downstream process

interventions (e.g. changing the setpoints in the mill based on ripeness of fruit).

[0007] The system and method as disclosed also utilizes a combination of features for the
classification and grading of fruit, including using generative adversarial networks (GAN)
based image enhancement to accurately separate fruit bunches. In addition, the system and
method as disclosed utilizes other features that contribute to accurate grading of fruit and other
related information, including socket features, age, planting material, weather, first level

features, cut quality, genetic anomalies and pest infestation.

[0008] The system and method as disclosed also leverages on wearable devices on harvesters
and workers to detect their actions, analyse the impact of such actions on yield, and provide
feedback to the harvesters and workers to improve the efficiency and efficacy of the actions

performed.
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[0009] There is thus provided according to an exemplary embodiment of the disclosure, a
computer-implemented method for improving harvesting of crops, the method comprising:
collecting data from one or more data sources; extracting one or more features from the data;
determining a quality grading from the extracted one or more features; generating a harvesting
data model based on one or more of the collected data, the extracted one or more features, and
the determined quality grading; and using the harvesting data model to determine one or more

operational decisions.

[0010] In an exemplary embodiment of the disclosure, the collected data is images and videos
of harvested produce. Optionally, the step of determining a quality grading from the extracted
one or more features comprises: identifying a number and extent of one or more objects of
interest in the images and videos of harvested produce; generating a set of features for each of
the one or more objects of interest; and predicting a quality of harvested produce. Optionally,
the step of identifying a number and extent of one or more objects of interest comprises
selecting a first algorithm based on at least one of: age of tree; planting material; and water
stress. Optionally, the step of identifying a number and extent of one or more objects of interest
comprises enhancing of the images and videos of harvested produce using generative
adversarial network models. Optionally, the step of generating a set of features for each of the
one or more objects of interest comprises extracting a portion of the images and videos of
harvested produce corresponding to each of the one or more objects of interest. Optionally, the
set of features for each of the one or more objects of interests are selected from the group
consisting of: size; shape; socket detection; wavelet-based features; and colour-based features.
Optionally, the quality of harvested produce is selected from the group consisting of’ ripeness
grade; pest infestation; disease infestation; harvest cut quality; and one or more predefined

genetic anomalies.

[0011] In an exemplary embodiment of the disclosure, the one or more data sources is a device
comprising one or more sensors and the data is movement and location data. Optionally, the
extracted one or more features are selected from the group consisting of: movement pattern;
and location information. Optionally, the step of extracting one or more features further
comprises processing the extracted one or more features to determine a likely action being
carried out. Optionally, the step of processing the extracted one or more features is based on at
least one of location data; and characteristics of a tree being harvested. Optionally, the method
further comprises: comparing the extracted movement pattern with an ideal movement pattern

stored on a database; and generating a first alert if the extracted movement pattern differs from
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the ideal movement pattern. Optionally, the method further comprises: comparing the location
information of the determined likely action being carried out with an expected action at a
location with the same location information; and generating a second alert if the determined
likely action being carried out differs from the expected action. Optionally, the method further
comprises using the harvesting data model to predict yield at a tree level. Optionally, the
method further comprises comparing the predicted yield to an actual yield; and determining a
reason if the predicted yield differs from the actual yield. Optionally, the method further
comprises: quantifying an impact of worker actions based on partial dependence analysis;
identifying key worker actions impacting yield; and prioritizing key worker actions.
Optionally, the method further comprises: determining one or more thresholds for worker
action based on partial dependence analysis; and deploying the one or more thresholds on the

device.

[0012] There is further provided according to an exemplary embodiment of the disclosure, a
system for improving harvesting of crops, the system comprising: at least one memory device
and at least one processor, the at least one processor is operably coupled to the at least one
memory device; the at least one memory device comprising instructions to be executed by the
at least one processor, the instructions instruct the at least one processor: receives data from
one or more data sources; extracts one or more features from the data; determines a quality
grading from the extracted one or more features; generates a harvesting data model based on
one or more of the collected data, the extracted one or more features, and the determined quality
grading; and uses the harvesting data model to determine one or more operational decisions.
Optionally, the system further comprises: a device comprising one or more sensors, the one or
more sensors configured to collect movement and location data to be processed by the

processor.

[0013] There is further provided according to an exemplary embodiment of the disclosure, a
computer-readable storage medium comprising instructions to be executed with at least one
memory device and at least one processor, when executing the instructions, the at least one
processor: receives data from one or more data sources; extracts one or more features from the
data; determines a quality grading from the extracted one or more features; generates a
harvesting data model based on one or more of the collected data, the extracted one or more
features and the determined quality grading; and uses the harvesting data model to determine

one or more operational decisions.
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BRIEF DESCRIPTION OF THE DRAWINGS

[0014] In order for the present disclosure, to be better understood and for its practical
applications to be appreciated, the following Figures are provided and referenced hereafter. It
should be noted that the Figures are given as examples only and in no way limit the scope of

the invention.

[0015] Fig. 1 is a schematic illustration of a system for improving harvesting of crops, in

accordance with embodiments of the present disclosure;

[0016] Fig. 2 is a flowchart of a process running on computer system for improving harvesting

of crops, in accordance with embodiments of the present disclosure;

[0017] Figs. 3 to 19 illustrate examples of data sources and features extracted from each type

of data source, in accordance with embodiments of the present disclosure;

[0018] Figs. 3 to 6 are flowcharts and examples of data extraction from aerial data sources, in

accordance with embodiments of the present disclosure;

[0019] Fig. 3 is a flowchart of a process of data extraction from aerial data sources, in

accordance with embodiments of the present disclosure;

[0020] Fig. 4 is an example of display of information on an image of an area of interest (AOI),

in accordance with embodiments of the present disclosure;

[0021] Fig. 5 is a flowchart showing a series of processing steps carried out to extract tree level
features from images captured from aerial sources, in accordance with embodiments of the

present disclosure;

[0022] Fig. 6 is an example of display of extracted features on an image of an AOI, in

accordance with embodiments of the present disclosure;

[0023] Figs. 7 to 15 are flowcharts and examples of data extraction from images and videos
from data sources on site at a plantation, in accordance with embodiments of the present

disclosure;

[0024] Fig. 7 is a flowchart of a process of data extraction from data sources on site at a

plantation, in accordance with embodiments of the present disclosure;
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[0025] Fig. 8A is a picture of an image captured by an edge device and Fig. 8B is a picture of
an image showing the identification of regions of fruit bunches based on wavelet processing

and morphological operations, in accordance with embodiments of the present disclosure;

[0026] Figs. 9A and 9B are examples of photographs showing fruit bunches output from

operation, in accordance with embodiments of the present disclosure;

[0027] Figs. 10A to 10E are photographs of examples of different colour-based features used
for different pipelines based on age, planting material and weather features, in accordance with

embodiments of the present disclosure;

[0028] Figs. 11A to 11D are images of results from an Al trained to detect empty fruit sockets
in an image of a palm oil fresh fruit bunch, in accordance with embodiments of the present

disclosure;

[0029] Fig. 12 is an image of an example of a grading output for an image of palm fruits, in

accordance with embodiments of the present disclosure;

[0030] Fig. 13 schematically illustrates a process of detecting genetic anomalies, in accordance

with embodiments of the present disclosure;

[0031] Fig. 14 is a photograph of a palm fruit with a rat bite mark identified, in accordance

with embodiments of the present disclosure;

[0032] Fig. 15 illustrates output from an Al segmentation model used to identify and classify

a stem as having v-cut shape, in accordance with embodiments of the present disclosure;

[0033] Figs. 16 to 19 are flowcharts and examples of data extraction from smart devices, in

accordance with embodiments of the present disclosure;

[0034] Fig. 16 is a flowchart of a process of data extraction from smart devices, in accordance

with embodiments of the present disclosure;

[0035] Fig. 17 illustrates an example of output after pre-processing of data extracted from

smart devices, in accordance with embodiments of the present disclosure;

[0036] Fig. 18 schematically illustrates an example of a process to train a model to recognise
different Al-based harvesting features, in accordance with embodiments of the present

disclosure;
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[0037] Fig. 19 schematically illustrates an example of a process by which computer

system detects movement anomaly, in accordance with embodiments of the present disclosure;

[0038] Fig. 20 is a schematic illustration of a harvesting data model incorporating all the
features relevant for harvest and yicld mapped on a tree level, in accordance with embodiments

of the present disclosure;

[0039] Figs. 21 to 26B illustrate the processes by which a harvesting data model may be used
to predict and optimise operational decisions, in accordance with embodiments of the present

disclosure;

[0040] Fig. 21 is a schematic illustration of a process for the determination of operational
decision of harvester behaviour optimization, in accordance with embodiments of the present

disclosure;

[0041] Fig. 22 is a flowchart of a time-to-harvest artificial (TTH) intelligence (AI) model used
for the determination of the operational decision of harvester schedule prediction, in

accordance with embodiments of the present disclosure;

[0042] Fig. 23 is a flowchart of a process may be used to develop a new TTH model following
existing best processes or may be used to retrain an existing TTH model, in accordance with

embodiments of the present disclosure;

[0043] Fig. 24 is a flowchart of a process through which a TTH model may determine

optimized harvesting parameters, in accordance with embodiments of the present disclosure;

[0044] Fig. 25 is a flowchart illustrating a process of determining anomalies, in accordance

with embodiments of the present disclosure;

[0045] Fig. 26A is an example of an image of a stalk with harvesting practice-based anomaly

(long-stalk v-cut), in accordance with embodiments of the present disclosure;

[0046] Fig. 26B is an example of an image of a rat bite at a fresh fruit bunch, in accordance

with embodiments of the present disclosure;

[0047] Fig. 27A is an example of an image of sour rot in grapes, in accordance with

embodiments of the present disclosure; and
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[0048] Fig. 27B is an example of an image of black rot in grapes, in accordance with

embodiments of the present disclosure.

[0049] Identical or duplicate or equivalent or similar structures, elements, or parts that appear
in one or more drawings are generally labelled with the same reference numeral, optionally
with an additional letter or letters to distinguish between similar entities or variants of entities
and may not be repeatedly labelled and/or described. References to previously presented
elements are implied without necessarily further citing the drawing or description in which they

appear.
DETAILED DESCRIPTION

[0050] In the following detailed description, numerous specific details are set forth in order to
provide a thorough understanding of the invention. However, it will be understood by those of
ordinary skill in the art that the invention may be practiced without these specific details. In
other instances, well-known methods, procedures, components, modules, units and/or circuits

have not been described in detail so as not to obscure the invention.

[0051] Dimensions of components and features shown in the figures are chosen for
convenience or clarity of presentation and are not necessarily shown to scale or true
perspective. For convenience or clarity, some elements or structures are not shown or shown

only partially and/or with different perspective or from different point of views.

[0052] Although embodiments of the disclosure are not limited in this regard, discussions

93 ¢ 93 ¢

utilizing terms such as, for example, “processing,” “computing,” “calculating,” “determining,”
“establishing”, “analysing”, ‘“checking”, or the like, may refer to operation(s) and/or
process(es) of a computer, a computing platform, a computing system, a mobile operating
system or other electronic computing device, that manipulates and/or transforms data
represented as physical (e.g., electronic) quantities within the computer’s registers and/or
memories into other data similarly represented as physical quantities within the computer’s or
smartphone’s registers and/or memories or other information non-transitory storage medium

(e.g., amemory) that may store instructions to perform operations and/or processes.

[0053] Although embodiments of the disclosure are not limited in this regard, the terms
“plurality” and “a plurality” as used herein may include, for example, “multiple” or “two or
more”. The terms “plurality” or “a plurality” may be used throughout the specification to

describe two or more components, devices, elements, units, parameters, or the like. Unless

8



10

15

20

25

30

WO 2021/225528 PCT/SG2021/050255

explicitly stated, the method embodiments described herein are not constrained to a particular
order or sequence. Additionally, some of the described method embodiments or elements
thereof can occur or be performed simultancously, at the same point in time, or concurrently.
Unless otherwise indicated, use of the conjunction “or” as used herein is to be understood as

inclusive (any or all of the stated options).

[0054] As used herein, the term “Artificial Intelligence”, “AI” or “Al models” refers to
mathematical algorithms that are “trained” using sample data, or “training data”, and human
expert input to make predictions or replicate a decision an expert would make when provided

that same information.

[0055] With specific reference now to the drawings in detail, it is stressed that the particulars
shown are by way of example and for purposes of illustrative discussion of embodiments of
the disclosure. In this regard, the description taken with the drawings makes apparent to those

skilled in the art how embodiments of the disclosure may be practiced.

[0056] Fig. 1 is a schematic illustration of a system 100 for improving harvesting of crops, in
accordance with embodiments of the present disclosure. The processes of the present invention
are incorporated in a system which is adapted to receive data from various sources to analyse
received data and produce alerts and recommended courses of action. System 100 may
comprise a conventional general purpose or dedicated computer system 102 comprising a
display 104, at least one processor or processing device 108 programmed to run artificial
intelligence (AI) models, i.e. mathematical algorithms trained using data and human expert
input to replicate a decision an expert would make when provided that same information, and
perform analysis routines, an antenna 112 for wireless communication, an input device 116 for

receiving input, at least one memory device 120 and a storage 124.

[0057] In some embodiments of the present embodiment, computer system 102 may be
connected to one or more data sources 106. Computer system 102 may be connected to one or
more data sources through a wired connection or a wireless connection with a communication
network. Computer system 102 may communicate with the one or more data sources 106
through a mobile application or a client application executing on the one or more data sources.
Depending on the data source 106, the application may run on the one or more data sources 106
through usage of a “web browser™ as a universal client, or be stored locally on the one or more
data sources 106 as a mobile application (i.e. an “app”). Computer system 102 may receive

data from one or more data sources 106, process information received from the one or more
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data sources 106, and provide alerts and indications to a user through the one or more data

sources 106.

[0058] In some embodiments of the present disclosure, the at least one memory device 120 or
the storage 124 may store instructions to be executed by the at least one processor 108. The at
least one memory device 120 and storage 124 may also store information on Al models to be
executed by the at least one processor 108. Additional information that may be stored by the at
least one memory device 120 or storage 124 may include a database retrievable during

process 200.

[0059] Fig. 2 is a flowchart of a process 200 running on computer system 102 for improving
harvesting of crops, in accordance with embodiments of the present disclosure. Process 200
starts with collecting or obtaining data from one or more data sources 106. Examples of data
and data sources include images and videos from aerial data sources 212 like satellites and
unmanned aerial vehicles (UAVs), images and videos from data sources on site at a plantation
216 like edge based imaging systems, movement and location data from devices 220
comprising one or more sensors like smart-bands and smart-watches womn by individual
harvesters, and weather and meteorological data from external sources 224 like weather

agencies.

[0060] In some embodiments of the present disclosure, once data has been collected or
obtained from data sources 106, the data is transmitted to computer system 102. The at least
one memory devices 120 of computer system 102 stores one or more Al models or “trained”
mathematical algorithms that extract one or more features 208 from the data from data sources
106. The features 208 extracted depends on the data source 106 from which the features 208
are extracted. Tree level features 228 may be extracted from aerial data sources 212, harvest
quality features 232 may be extracted from data sources on site at a plantation 216, worker
movement features 236 may be extracted from devices 220 comprising one or more sensors,
and water stress features 240 may be extracted from external sources 224. Optionally, computer
system 102 may determine a quality grading from the one or more features 208 extracted.
Computer system 102 then generates a harvesting data model 244 by integrating all the
extracted features 208 at a tree level. All the features 208 extracted from each data source 106
are stored in the harvesting data model 244. The harvesting data model 244 may then then
utilized to determine operational decisions 248 through Al and optimization models. Examples
of operational decisions 248 are harvester behaviour optimization 252, harvester schedule
prediction 256, pest and disease prediction 260, and mill setpoint prediction 264.
10
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[0061] Figs. 3 to 19 illustrate examples of data sources 106 and features 208 extracted from
each type of data source 106, in accordance with embodiments of the present disclosure. Figs. 3
to 6 are flowcharts and examples of data extraction from aerial data sources 212, in accordance
with embodiments of the present disclosure. Image data from aerial data sources 212 like
satellites, UAVs and drones may be used to identify and geotag individual trees to map tree
level features 228. Tree level features 228 are vegetative features on a tree level that are
relevant to predict harvest yield from each tree. Examples of tree level features 228 include
ripeness of fruit collected, worker visit frequency to a tree, and harvest actions taken by a
worker at a tree. Fig. 3 is a flowchart of a process of data extraction from aerial data sources
212, in accordance with embodiments of the present disclosure. Process 300 of data extraction
from aerial data sources 212 commences in operation 304, where images of an Area of Interest
(AOI) are sourced and captured. An AOI is defined by a user by generating geographical
information system (GIS) information to identify boundaries. An example of GIS information
is shape, which is provided in the form of a file with a .shp extension. The AOI may be a field,
part of a plantation, or any area that is of interest to the user. Images are collected by relevant
satellites or UAVs based on the user defined AOI. The images collected are then cut to the

shape of interest based on GIS operations.

[0062] In some embodiments of the present disclosure, once the image is cut to the AOI in
operation 304, individual trees and their location may be detected in operation 308. Individual
trees may be detected based on multi-spectral input using a combination of computer vision
and deep learning approaches. This is carried out using signal processing, ¢.g. processes like
wavelet processing and adaptive histogram equalization to improve the signal-to-noise ratio
(S/N ratio), and Al models. Al models are also trained to detect tree location by translating tree
pixel locations to coordinates (e.g. latitude and longitude) to mark the location of each tree.
Examples of Al models include Convolutional Neural Networks (CNN) and Al segmentation
models. The Al models are trained by having a user manually annotate trees. The Al models
may then be tuned to increase the accuracy of detection by varying the architecture of the Al
model (e.g. by changing the number of layers or type of filters), and hyper-parameters (e.g.
learning rate, or number of epochs). Once individual trees and their location are detected, every
tree is provided and marked with a unique identification number. The unique identification
number and coordinates of each tree allows for geo-fencing and the subsequent mapping of all
activities to each specific tree for other data sources 106. This information may be displayed
on an image of the AOL Fig. 4 is an example of display of information on an image of an area

of interest (AOI), in accordance with embodiments of the present disclosure.

11
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[0063] In some embodiments of the present disclosure, tree canopy may also be identified in
operation 308. Tree canopy provides important information on the growth and health of trees.
In addition, accurate identification of tree canopy may ensure that features predictive of growth
and harvest yield are identified accurately for each tree and may assist in excluding portions of
images that do not represent trees (e.g. shadows and ground vegetation). Once the trees and
their locations are detected in operation 308, a series of processing steps may be carried out in

operation 312 to extract tree level features 228.

[0064] Fig. 5 is a flowchart showing a series of processing steps carried out to extract tree level
features 228 from images captured from aerial sources 212 in operation 312, in accordance
with embodiments of the present disclosure. Operation 312 commences with pre-processing in
operation 316, where image anomalies and noise are detected and removed from images
obtained in operations 304 and 308 to obtain pre-processed images. An example of image
anomaly is shadows cast by neighbouring trees on tree canopy. These regions with shadows
would have vegetation index values which are non-informative and are thus noise. Arcas
representing anomalies and noise may be identified based on pixel values for Normalized
Difference Vegetation Index (NDVI), and such areas are removed from subsequent

calculations.

[0065] In some embodiments of the present disclosure, after pre-processing of images in
operation 316 to obtain pre-processed images, tree level features 228 may be extracted from
the pre-processed images in operation 320. The tree level features 228 extracted in operation
320 may be predictors of tree condition, fruit generation behaviour or fruit yield, and may be
split into three categories: canopy level vegetation indices 324, Al Canopy Features 328, and
Change Detection Features 332. Fig. 6 is an example of display of extracted features on an
image of an AOL in accordance with embodiments of the present disclosure. In some
embodiments, canopy level vegetation indices 324 are a variety of vegetation indices that are
correlated with the health and growth (biomass and nutrient profile) of trees. Vegetation indices
may be industry standard indices and may be calculated using only pixels within the area that
are identified as tree canopy. Examples of industry standard indices include normalized
difference vegetation index (NDVI), dark green colour index (DGCI), difference vegetation
index (DVI) and normalized difference red edge (NDRE) index.

[0066] In some embodiments of the present disclosure, Al canopy features 328 may be
extracted in operation 320. The Al canopy features 328 may be crop-specific and related to the
growth or health of trees. An Al model may be customized to derive specific features indicative

12
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of tree growth and health. One example of an Al canopy feature 328 is the presence of arcas
that indicate growth of trees. A sub Al model may be run to segment the pre-processed images
obtained in operation 316 to detect areas indicative of growth of the tree. For example, growth
in palm trees may be detected based on the presence of spears. A palm spear grows through the
centre of a palm tree and is the youngest and most critical part of a palm tree. Damage to a
spear or lack of spears in a palm tree may indicate severe stress to the tree that may be affecting
tree growth and future yield during harvest. Another example of an Al canopy feature 328 is
leaf shape anomaly, which may indicate specific nutrient deficiencies or pest infestations. For
example, an Al model may be built to detect a specific defect in leaves called a fish tail pattern
which may indicate a deficiency in boron. Yet another example of an Al canopy feature 328 is
leaf feature variation between mature and young leaves in the same tree. For example, an Al
model could generate and identify differences in colour or vegetation indices between older
leaves on the outer portion of the canopy and younger leaves on the inner portion of the canopy.
Differences in features between mature and young leaves may indicate specific anomalies such
as nutrient deficiency which could be reflected in younger leaves earlier than older leaves, or

a pest attack as certain pests only attack younger or older leaves.

[0067] In some embodiments of the present disclosure, change detection features 332 may be
extracted in operation 320. The canopy size, vegetation indices and Al derived features
identified in operation 320 may be tracked over time for the same tree. For example, the
features may be identified every three months based on new images obtained in operation 304
to identify anomalies. Table 1 below illustrates some examples of change detection features
332 leveraging different features derived by an example of an Al model of the present

disclosure.

Table 1: Change Detection Features Obtained from an Example of an Al model

Feature at tree Value at age Value at age 12mo Change detection value
level 6mo (annual)
NDVI 0.65 0.6 0.05/0.5
NDVI Difference 0.05 0.03 -0.02/0.5
between young and
old leaves
% Change in fish 10% 20% 10/0.5

tail leaves

13
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[0068] In some embodiments of the present disclosure, all the features extracted in operations
304 to 320, including tree identification number, tree location (latitude and longitude), canopy
size, canopy level vegetation indices 324, Al canopy features 328 and change detection features

332 may be stored and integrated into harvesting data model 244.

[0069] In some embodiments of the present disclosure, another data source 106 may be data
sources on site at a plantation 216 and feature 208 extracted may be harvest quality features
232. Figs. 7to 14 are flowcharts and examples of data extraction from images and videos from
data sources on site at a plantation 216, in accordance with embodiments of the present
disclosure. Fig. 7 is a flowchart of a process 700 of data extraction from data sources on site at
a plantation 216, in accordance with embodiments of the present disclosure. Image data from
such data sources are used to identify harvest quality features 232, which determine the quality
of fruits harvested. An example of such a data source is an edge-based imaging system or edge
device like a smartphone. After a harvester cuts fruit or fruit bunches from a tree, they would
typically lay the harvest out on the ground for collection and transport to a mill or packaging
plant. Prior to collection, a harvester may use an edge-based imaging system to take images or
videos of the fruits or fruit bunches. Computer system 102 may process such images or videos
in process 200 to identify harvest quality features 232. Examples of harvest quality features
232 include grade detection, pest infestation, disease infestation, cut quality and genetic
abnormalities. Process 700 of extracting data from images and videos from data sources on site
at a plantation 216 commences at operation 704 where an application for image and video
collection is started on an edge device. The application processes the images and videos
collected to extract harvest quality features 232. The application may run on the edge device
with or without wireless or internet connectivity. At operation 708, utilizing GPS location
information from the edge device, the images and videos collected are mapped to a tree
identification number based on geofencing around each tree location captured previously in
operation 308. At operation 712, data that may be relevant for the running of algorithms to
obtain harvest quality features 232 may be extracted from a database utilizing the tree
identification number. Examples of data that may be relevant include the age of the tree,
planting material i.e. the variety, clone or seed type of the tree, and relevant weather features
such as water stress, which are variables that impact how a fruit or fruit branch may look like

and the type of harvest features that may be relevant for a specific trees.

[0070] In some embodiments of the present disclosure, at operation 716, computer system 102

may guide the user through the application during image acquisition using a series of checks
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performed on the edge device. This is to ensure that the image quality (e.g. resolution,
sharpness, and brightness) of any images or videos collected is adequate for accurate
processing in subsequent operations. Such checks may be run while the user captures the
images and videos. One example of a check is the quality of the image. A computer vision
algorithm in the system may detect basic quality control issues such as blurring, distortion and
low resolution. If the system identifies any images or videos as low quality, the application
may prompt the user to take the image or video again to capture an image or video with higher
quality. Another example of a check is the harvest detection area and fruit layout pattern to
ensure that any images or videos collected are taken at an appropriate distance from the fruit
or fruit bunch to provide sufficient resolution for the system 100 to extract detailed harvest
level features 232 in process 200. Feature engineering and signal processing are preferred to
ensure that the analysis is fast with light processing overhead, although an Al-based
segmentation model may also be applied. A pipeline of image processing algorithms may be
leveraged to extract specific features that indicate potential fruit areas and detect areas with
fruits. For example, wavelet-based filtering may be used to extract specific features indicating
potential fruit areas and morphological operations may be used to detect areas with fruits. The
algorithms employed may be custom-tuned for fruits or fresh fruit bunches of particular interest
to detect regions in the collected images and videos containing the fruits of interest. Fig. 8A is
a picture of an image captured by an edge device and Fig. 8B is a picture of an image showing
the identification of regions of fruit bunches based on wavelet processing and morphological

operations, in accordance with embodiments of the present disclosure.

[0071] Yet another example of a check that may be performed in operation 716 is duplication
or fraud detection to detect any repeat or duplicate images that may be uploaded by a harvester
as proof of harvest. Duplication or fraud detection may be carried out by identifying duplicate
images based on the metadata of an image (which includes the latitude and longitude of image
taken) and any similarities in fruit layout pattern between images collected in the same device.
If any duplicate images are detected, a waming may be provided to the user and the violation
may be logged on system 100 with the duplicated image and details of the harvester using the

edge device.

[0072] In some embodiments of the present disclosure, at operation 720, a pipeline selector
may identify relevant Al features, an appropriate sequence of Al features and model parameters
and threshold based on tree and weather characteristics obtained in operation 712. The pipeline

selector decides which pipeline 724 the process 700 continues down. Examples of such
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characteristics are the age of the tree, type of planting material and the weather. This is
important as the appearance of fruits and harvest attributes of fruits depend heavily on tree and
weather characteristics. The age of the tree is important as the age of the tree determines the
size of the fruit and the colour of ripe fruit bunches. For example, younger palm trees may
generate fruit that are more likely to be unripe when harvested, so the threshold for providing
alerts and penalties for harvesters may be adjusted when harvesting fruit from younger trees.
In addition, certain diseases and pests impact young and old trees differently causing different
patterns to be exhibited on the fruit bunch. Similarly, the weather is also important as it
influences the productivity of the tree and the characteristics of fruit bunches when they are
harvested. Trees under water stress (derived based on rainfall history, soil type and age of tree)
have a different behaviour with respect to fruit bunch size, ripeness characteristics and colour.
Table 2 below illustrates variations of pipelines classifications based on age, planting material,
and weather. Each pipeline may be custom trained to improve the accuracy of harvest quality
detection. For example, there may be a first pipeline process 724a for prime trees (i.€. >8 years
of age) of clone type 1 that are not experiencing water stress, a second pipeline process 724b
for mature trees (i.€. 6 - 8 years age) of clone type 2 experiencing high water stress, and a third
pipeline process 724¢ for immature trees (i.c. <6 years of age) of clone type 1 that are not

experiencing water stress.

Table 2: Variations of Pipelines Based on Tree and Weather Characteristics

Factors Variations of pipelines

Age Immature (<6 years), Mature (6-8 years),

Prime (>8 years)

Planting material Different clone types, and different seed
types
Weather Water stress (none, medium, high)

[0073] In some embodiments of the present disclosure, each pipeline process 724 may
commence with image enhancement in operation 728. This is in contrast with prior art solutions
that only analyse the colour of fruits and fresh fruit bunches to grade fruit. Images and videos
collected may have noise in the form of dirt, mud or leaves which may reduce the accuracy of
downstream feature extraction. In addition, the images and videos collected may have varying
quality. The original resolution of an image may be enhanced with an Al system using

generative adversarial networks (GAN). In addition, visual representation of specific features
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of interest may be amplified using a cycle GAN-based approach to improve downstream
processing accuracy. A-GAN based approach may be selectively applied to certain pipelines.
For example, empty sockets where fruits have fallen from a fruit bunch are an important feature
used to determine the level of ripeness of the fruit. In younger immature trees, the fruits and
the empty sockets are quite small and may be overlooked. Thus, the Al system using GAN may
amplify the visual representation of such empty sockets to enable easy detection of sockets.
The cycle GAN model may be trained based on annotated images where the sockets are visually

identified or enhanced.

[0074] In some embodiments of the present disclosure, each pipeline process 724 may continue
with fruit bunch detection and separation in operation 732 to detect objects of interest which
are then processed individually in subsequent operations. The objects of interest may be
individual fruit, or may be individual fruit bunches. Fruit brunches are typically harvested
separately but may be pooled together for collection after harvest. Each fruit bunch must be
identified and the region in an image representing each fruit bunch must be separated to
understand the harvest quality. In addition, fruit bunch detection and separation also identify
the number of fruit bunches harvested, which is indicative of harvest quantity. Each fruit bunch
is identified and the region of an image representing each fruit bunch is clipped for further
processing. Figs. 9A and 9B are examples of photographs showing fruit bunches output from
operation 732, in accordance with embodiments of the present disclosure. The region of an
image representing each fruit bunch is termed a mask 736. A variation of convolutional neural
network, for example an instance segmentation model, is used to identify both individual fresh
fruit bunches and their mask 736. As the size of fruit bunches may change with age and planting
material, hyper-parameters used by the image segmentation model in operation 732 of each
pipeline process 724 differs. Examples of hyper-parameters that are varied include the number
of anchor points and the number of proposal regions used in the segmentation model for

detecting individual instances.

[0075] In some embodiments of the present disclosure, after fruit bunches are detected and
separated in operation 732, each pipeline process 724 may continue with first level feature
extraction in operation 736 to extract a set of features for each fruit or fruit bunch, where basic
features are extracted and captured as part of harvest quality features 232. A basic feature that
may be extracted in operation 736 is colour-based features. Different representations of the
original image acquired with Al guidance in operation 716 may be derived using image

processing methods like manipulating hue, saturation, value (HSV), presenting the image in
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greyscale, and manipulating hue, saturation, lightness (HSL) to emphasize different
components of the image. Each pipeline process 724 may be custom tuned to specific colour
representations that best differentiate features that may be of interest such as the stem of the
fruit, empty sockets, or ripeness of the fruit. In addition, as fruits look different depending on
tree age, planting material and weather conditions, filters on colour ranges may be employed
and customized for each pipeline process 724. Figs. 10A to 10E are photographs of examples
of different colour-based features used for different pipelines based on age, planting material

and weather features, in accordance with embodiments of the present disclosure.

[0076] Another basic feature that may be extracted in operation 736 is wavelet-based features.
Wavelet-based signal processing may be carried out to differentiate different parts of fruits or
fruit bunches. For example, stems of fruits may look very distinct in certain frequency sub-
bands as compared to other frequency sub-bands, which may help the system 100 in extracting

these components of the fruit in images in process 200.

[0077] Yet another basic feature that may be extracted in operation 736 is empty sockets in
fruit bunches which may indicate dropped fruits. For some types of fruits, the level ripeness of
fruits or fruit bunches is determined by the presence of fruitlets that have fallen from the fruit
bunch. For example, the level of ripeness of the palm oil fruit is determined by the number of
dropped fruitlets (or the number of empty sockets left behind by the dropped fruitlets). Thus,
depending on the type of fruit system 100 is used for, system 100 may extract this fruit-specific
feature from images obtained in operation 716 in process 200. The number of empty sockets
may be determined with an Al model using an ensemble of (i) template matching results which
looks for patterns related to empty sockets, and (ii)) convolution neural network-based
segmentation model that takes wavelet based features and colour channels (HSV and RGB) as
inputs. As images obtained in operation 716 would only capture the portion of a fruit bunch
facing the edge device, the Al model employed may extrapolate the total number of empty
sockets based on bunch size and other factors such as age of the tree, planting material etc.
Figs. 11A to 11D are images of results from an Al trained to detect empty fruit sockets in an
image of a palm oil fresh fruit bunch, in accordance with embodiments of the present
disclosure. Fig. 11A illustrates an RGB colour space, Fig. 11B illustrates a transformed colour
space, Fig. 11C illustrates actual empty sockets, and Fig. 11D illustrates predicted empty

sockets.

[0078] Yet another basic feature that may be extracted in operation 736 is bunch size, which
corresponds to the size characteristics of the fruit or fruit bunch. Yield from a fruit bunch (e.g.
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oil extraction rate for palm) may be based on the number of individual fruits in the bunch with
respect to the total size of the bunch. This may be calculated by determining the fruit volume
to total bunch volume ratio. The fruit volume may be calculated based on individual fruit sizes
in an image, while the total size of a fruit bunch in terms of area and volume may be estimated
from the image. Any estimations may be calibrated based on a standard size object placed at

the collection point for reference.

[0079] Yet another basic feature that may be extracted in operation 736 is the shape of the
fruits and fruit bunches. The shape of a fruit or a fruit bunch may be correlated to certain genetic
anomalies and disease anomalies that reduce the yield of the tree significantly. For example,
parthenocarpic fruit bunches with a low number of fruitlets may be linked to poor pollination,
and diseases such as Ganoderma fungi may impact fruit bunch yield and quality. Anomalies
may be identified by capturing the shape of the individual fruit and comparing it to a standard

shape and size for the given age and planting material of the tree.

[0080] In some embodiments of the present disclosure, after basic features are extracted and
captured in operation 736, each pipeline process 724 may continue with the detection of
additional harvest quality features 232 using Al models in operation 740 to predict a quality of
the harvested produce. An example of a harvest quality feature 232 that may be detected using
Al models in operation 740 is deformation or bruising. Areas with bruising are detected based
on sample images with bruising and using a combination of HSV-based colour transformation
and segmentation Al models. Deformation and bruising have a direct impact on the quality of
the fruit. In addition to being visually unappealing, bruising can also cause internal damage to
the fruit. Bruising also influences empty sockets or loose fruit, thus the detection of bruising
may assist in the accuracy of grade detection, which is another harvest quality feature 232 that
may be detected using Al models in operation 740. Fruits or fruit bunches may be graded in
categories such as unripe to under-ripe, ripe, over-ripe and rotten, or may be graded on a scale-
based measurement. Typical simple imaging processing methods and features such as colour-
based segmentation may not provide sufficiently accurate grading as the colour of the fruit is
significantly influenced by factors like age, genetic material, and seasonal variations.
Therefore, the use of an Al grading model is preferred. The Al grading model employed may
be a convolutional neural network-based model that combines multiple features as input to the
model to predict the grade of the fruit. Examples of input into the model may include texture
indicators (e.g. wavelet-based features), colour transformation (e.g. HSV), empty socket

detection (basic feature described above), and bruising condition. Empty sockets are indicative
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of ripeness as ripe fruit bunches have loose fruits that fall off in the tree. However, as rough
handling of fruit bunch during harvest may loosen fruits resulting in empty sockets, bruising
indicator is also accounted for to separate out the effect of handling. In addition, the Al grading
model may also leverage near-infrared (NIR) or other multi-spectral bands to detect other
quality indicators such as oil content of the fruit. Fig. 12 is an image of an example of a grading
output for an image of palm fruits, in accordance with embodiments of the present disclosure.
The grading of each fruit may be indicated on the image in various forms, including

highlighting in different colours.

Another example of a harvest quality feature 232 that may be detected using Al models in
operation 740 is genetic anomalies. Genetic anomalies reduce the number of fruit or key
characteristics of fruit (e.g. oil content in case of palm oil). Fig. 13 schematically illustrates a
process 1300 of detecting genetic anomalies, in accordance with embodiments of the present
disclosure. As genetic anomalies are often correlated to the appearance and shape of the fruit,
genetic anomalies may be detected visually. Process 1300 commences in operation 1304 where
images of fruits are obtained. The images may be images of fruits obtained in any operations
carried out by system 100 in process 200. After images of fruits are obtained in operation 1304,
the boundaries of each fruit are identified in operation 1308. Operation 1308 may be performed
through the use of an Al-based model such as a semantic segmentation model that extracts a
mask or area of a fruit bunch from an image. The semantic segmentation model may be trained
based on annotated images with the boundaries of each fruit bunch identified for the model to
learn. After the boundaries of cach fruit are identified in operation 1308, shape metrics are
calculated in operation 1312, which focuses on mathematically representing a shape of an
object, e.g., extracting an identified boundary of a fruit bunch as a convex hull polygon. After
shape metrics are calculated in operation 1312, two types of analyses are carried out: statistical
analysis in operation 1316 and Al-based analysis in operation 1320. In statistical analysis in
operation 1316, the distribution of the shape calculated in operation 1312 is analysed and
acceptable thresholds are identified. As the images of fruit bunches may be captured from
different distances, oriented differently, and may vary in size, procrustes shape distance, a
computation method that is invariant to orientation and scale, may be used to perform statistical
shape analysis, although other methods may be employed. Fresh fruit bunches with significant
anomalies are identified by comparing a convex hull shape of a given fresh fruit bunch (FFB)
with an average convex hull shape of FFB from trees of the same age and clone using procrustes
shape distance to identify if the given FFB has significant deformation in shape compared to

the average shape. In Al-based analysis in operation 1320, the images obtained in operation
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1304 and the shape metrics calculated in operation 1312 are analysed to classify the images
into normal or deformed. The analysis and classification may be carried out using a
convolutional neural network-based model that had been trained to differentiate a given image
of FFB into normal or abnormal based on obtain training images of both normal FFB bunches

and abnormal FFB bunches.

[0081] Another example of a harvest quality feature 232 that may be detected using Al models
in operation 740 is pest and disease infestation. It is important to detect signs of pest and disease
infestation on fruit bunches as they are often the first sign of issues on-ground and on-site. If
signs of pest and disease infestation are found, an alert instructing the user to conduct a detailed
survey of the trees or take actions to remedy the issue may be triggered. One example of a sign
of pest infestation is the presence of signs of bites on harvested fruits. The presence of signs of
bites could indicate a rat infestation within the plantation requiring census and baiting to reduce
rat infestation. Fig. 14 is a photograph of a palm fruit with a rat bite mark identified, in
accordance with embodiments of the present disclosure. Another example of pest and discase
infestation is fruit rot due to fungus. Once anomalies are detected on fruits by the Al model,
the anomalies are matched to a database of known damages and fruit anomalies. Information
on the database may include shapes of bite marks and areas affected by the bite marks (e.g.,
fruits near the stem or lower in bunch) which may assist in the identification of the type of pest

and disease for remedial action.

[0082] Another example of a harvest quality feature 232 that may be detected using AI models
in operation 740 is cut quality or harvest action as harvesting of fruits from a tree requires a
particular approach to cutting the fruit to minimize damage to the tree and maximise yield. For
example, it is important to minimize the stalk length on a fruit brunch after harvest to reduce
the weight of the bunch for transport and to reduce the absorption of oil by the stalk to improve
subsequent oil extraction. Al models of each pipeline process 724 may be trained to detect
stalks in images of fruit bunches and classify the shape of the stalk to indicate whether the cut
made to the stalk was made well. Examples of classification of the shape of the stalk include
v-cut and long stalk. Fig. 15 illustrates output from an Al segmentation model used to identify
and classify a stem as having v-cut shape, in accordance with embodiments of the present
disclosure. As the type of cut made is also a function of the age of the tree, the Al models used
to detect v-cuts and long stalks may be customised for different age groups and planting

material.
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[0083] In some embodiments of the present disclosure, another data source 106 may be devices
220 comprising one or more sensors, i.e. smart devices 220, that are equipped on individual
harvesters or workers and feature 208 extracted may be worker movement features 236. Figs.
16 to 19 are flowcharts and examples of data extraction from smart devices 220, in accordance
with embodiments of the present disclosure. Fig. 16 is a flowchart of a process 1600 of data
extraction from smart devices 220, in accordance with embodiments of the present disclosure.
Worker movement features 236 may include movement and location data from smart devices
220 like smart-bands and smart-watches wom by individual harvesters. The movement features
236 are analysed to ensure that a variety of required actions are performed properly, in an
appropriate sequence and on-time to maximise quality and quantity of produce harvested.
Examples of such actions are the inspecting of trees to identify if fruit is present and/or ready
for harvesting, pruning of frond and/or leaves, and harvesting of fruit. Computer system 102
extracts relevant movement data from smart devices 220, identifies worker movement and
location of movement, determines a movement pattern to correlate actions to a tree with a
particular tree identification number and detects anomalies in worker movement to determine
if the action is performed in the right pattern in process 200. Process 1600 of data extraction
from smart devices 220 includes data acquisition in operation 1604, data pre-processing in
operation 1608, deriving Al-based harvesting features in operation 1612, and detecting

anomalies in operation 1616.

[0084] In some embodiments of the present disclosure, process 1600 commences with data
acquisition in operation 1604. Data may be acquired from smart devices 220 worn by individual
workers or harvesters. Preferably, the smart devices 220 comprise sensors which may detect
movement and actions of the individual wearing it, the smart device 220 capable of collecting
sensor values from such sensors. Examples of information obtained from sensors include GPS
location, accelerometer and gyroscope data across X, y, and z-axes. Due to limited processing
capability, such information may be transmitted to an edge device through a companion

application installed on the edge device.

[0085] In some embodiments of the present disclosure, after data and information have been
acquired in operation 1604, process 1600 may continue with data pre-processing in operation
1608. Data pre-processing includes several processes. One example is the standardisation of
sensor values across different axes and removing noise from the data collected using low-pass
filters and wavelet-based denoising of individual sensor value. In some embodiments, where

the sensors of smart devices report data asynchronously, computer system 102 may align the
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time series for the sensor values using interpolation to fill any gaps in specific given time staps
so that the data from sensors may be jointly processed. Fig. 17 illustrates an example of output
after pre-processing of data extracted from smart devices 220 in operation 1604, in accordance
with embodiments of the present disclosure. Each sensor value (y-axis) is plotted against time

(x-axis).

[0086] In some embodiments of the present disclosure, after data from smart devices 220 has
been pre-processed in operation 1608, process 1600 may continue with deriving Al-based
harvesting features in operation 1612. Al-based harvesting features are Al-based features that
may be relevant from a harvesting or agricultural viewpoint. Table 3 below illustrates examples
of Al-based harvesting features that may be derived in operation 1612 and the relevance of
each feature. For each type of crop, computer system 102 may store a defined library of features
to be derived. Such library may include patterns relating to the upkeep of the specific crop, as

well as patterns relating to the harvesting of the specific crop.

Table 3: Examples of Al-based Harvesting Features

Al Features Activity Details
Picking loose fruit on ground near | Detect ripeness of fruit bunch based on loose
the tree fruit on ground
Pruning of tree Detect pruning prior to harvest the fruit
Harvest of fruit Detect harvest performed on the tree

o o Detect fertilizer manually applied on given
Application of Fertilizer
tree

o o Detect manual application of weedicide on
Application of weedicide )
given tree

Detect if harvester performs actions on fruit /
Post-harvest action on fruit bunch | fruit bunch post-harvest (e.g. V-Cut to remove

portion of stem on fruit bunch)

[0087] Fig. 18 schematically illustrates an example of a process 1800 to train a model to
recognise different Al-based harvesting features, in accordance with embodiments of the
present disclosure. Computer system 102 may use pre-built AI models that can automatically
categorize incoming data stream into a library of different actions done by a worker or

harvester. These Al models may be built on training data that captures action performed by

23



10

15

20

25

30

WO 2021/225528 PCT/SG2021/050255

different workers to ensure that the Al model learns the natural variability in the movement
patterns. Process 1800 may commence with obtaining sensor values and data from smart
devices 220 in operation 1804. There may be nine sensor readings from an individual worker
or harvester. Process 1800 may continue with operation 1808, where computer system 102 may
leverage a convolutional long short-term memory network (LSTM) or artificial recurrent neural
network (RNN) to classify time sequences. A convolutional LSTM model combines the spatial
aspects of data (to capture the relationship between different sensor inputs) and recurrent layer
that captures the time series relationship of each variable to generate time segments of data
obtained and probability of the segment belonging to each Al feature. Another architecture for
the neural network could be stacked convolutional neural network with varying dilation of the
filter to capture information across time resolutions. Each time segment of data may include a
start time of the segment, a location (e.g. latitude and longitude) where the data was obtained,

and probability vectors for certain Al features.

[0088] In some embodiments of the present disclosure, process 1800 may continue with
utilizing a machine learning model in operation 1812 to process the data. Based on a location
of the worker for the segment identified in operation 1808, computer system 102 may geofence
a segment identified in operation 1808 to a given tree identification number. The location may
be based on GPS coordinates or any other appropriate method. Information tagged to the tree
identification number, including tree height, and canopy size, may be taken into account using
a second Al model like random forest or Gradient Boosting Machine (GBM) model to refine
and enhance the confidence level of probability vectors for certain Al features determined in
operation 1808, to determine a likely action being carried out. The information tagged to a tree
identification number assists the computer system 102 in enhancing the predictors as certain
conditions increase the likelihood of certain actions being carried out. For example, the action
being carried out by movement of an arm is dependent on tree-level factors such as the height
of the tree and the canopy. Al features determined and stored in operation 1812 include the
detected action (e.g. pruning), the tree identification number on which such action is detected,

and the time stamp of the detection.

[0089] Referring again to Fig. 16 and process 1600, once the computer system 102 has
identified Al-based harvesting features in operation 1612, process 1600 may continue with
operation 1616 where computer system 102 detects anomalies in the Al-based harvesting
features determined in operation 1612 by comparing the extracted movement pattern with an

ideal movement pattern stored on a database. Anomalies may be detected in the location, the
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sequence of movements, and the movement. A first anomaly that may be detected is location
anomaly. Location anomaly refers to actions that may be performed on a wrong tree location,
or inappropriate actions performed on a particular tree location. Such location anomalies may
impact the harvest yield on a specific day, as well as future harvest potential. For example,
when harvest is not performed as scheduled for a given tree, this may result in over-ripe or
rotten fruit which would reduce overall yield. Table 4 below provides examples of location

anomalies that may be detected in operation 1612.

Table 4: Examples of Location Anomalies

Feature Rule Description

Harvest schedule missed Harvest Al feature not detected on tree to be

harvested as per schedule

Harvest on immature tree Harvest Al feature detected on given tree
identification number which is immature and

not scheduled for harvest

Harvest performed on tree not on schedule | Harvest Al feature detected on tree that is not

scheduled to be harvested

Fertilizer application missed for given tree | Fertilizer application Al feature missed for a

given tree identification number

[0090] Another example of an anomaly that may be detected is sequence anomaly, which may
refer to an anomaly in the sequence of actions performed. A sequence anomaly may be
identified if multiple Al features are detected at a tree with the same tree identification number.
Such actions may occur sequentially or within a defined window. For example, the time
window may be 30 minutes. The sequence of these Al features is checked to confirm that they
follow established agronomy practices. Any deviation from the sequence results would be

detected as an anomaly.

[0091] Yet another example of an anomaly that may be detected is movement anomaly, which
is any motion that may deviate from the ideal motion to be performed for a given action (e.g.

fertilizing). Fig. 19 schematically illustrates an example of a process 1900 by which computer
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system 102 detects movement anomaly, in accordance with embodiments of the present
disclosure. Anomalies in motion may result in an ineffective motion, leading to a sub-optimal
effect thus impacting yield or outcome. For example, if the manual application of fertilizer does
not comply with the required or desired hand pattern or gesture, this may result in uneven
fertilizer application, such that fertilizer may not reach the area where the roots of the tree are
located. Process 1900 commences in operation 1904 where computer system 102 extracts a
segment of data corresponding to a specific action performed at a tree with a specific tree
identification number. An example of an action may be fertilizing. The data generated and
collected is a complex pattern over multiple dimensions, and preferably over nine dimensions,
as the human body motion has a high degree of freedom and movement of the human body is
in three-dimensional (3D) space involving several factors like location, velocity, and
acceleration over time. This complex pattern over multiple dimensions may be converted to
lower dimensions to capture the movement data on nine axes in a one-dimensional vector with
values over time. A non-linear principal component analysis (PCA) based approach may be
used when converting the data to lower dimension to minimise reconstruction loss, i.e. reduce
any error in re-creating the original data in multiple dimensions. The non-linear PCA approach
employed may be a non-linear PCA with a radial basis function kernel (RBF) which may be
used to generate lower dimension space values. Other equivalent approaches such as manifold
based learning (c.g. T-sne) may also be employed. The resulting vectors after dimension

reduction are then obtained and plotted against a time variable.

[0092] In some embodiments of the present disclosure, once the data is extracted and the
dimensions of the data are reduced in operation 1904, process 1900 may continue with
operation 1908 where computer system 102 may compare the resulting vectors over time with
similar features for the same tree with the same identification number, or for trees of similar
age from a feature library, to determine if the particular movement is anomalous. If the
computer system 102 determines in operation 1908 that a particular movement is anomalous,
computer system 102 may trigger or register an alert. For example, if a detection motion for
fertilization significantly deviates from an expected motion recorded in the feature library, an
alert may be generated on or sent to the edge device held by the individual worker or harvester
for immediate correction. Any anomaly or distance values may also be stored in the harvesting

data model 244 as predictors of expected yield from trees related to observed anomaly.

[0093] In some embodiments of the present disclosure, another data source 106 may be

weather data 224 and feature 208 extracted may be water stress features 240. Plant yield may
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be impacted by weather especially water stress which may be caused by either lack of water or
excess water/flooding. Water stress experienced by a tree may be determined by a combination
of weather data (rainfall in mm), soil conditions (e.g. clay vs sandy soils) and environmental
conditions such as Vapor Pressure Deficit (VPD) which is highly correlated to
evapotranspiration (loss of water from the trees to the atmosphere). As the effect and impact
of water stress on yield and vegetative growth may be lagged (occurs over time) or delayed,
and may also depend on the length, intensity (cumulative) and cycles of water stress (dry and
wet spell alternation), a range of features may be created to capture lagged rainfall and water
stress indicators. Features may include a moving average of rainfall over given time period
(e.g. 15 days, 30 days etc.), intensity features such as number of hours over given time period
(e.g. 15 days, 30 days etc.) where more than a defined amount of rainfall (¢.g. 100 mm) is

observed within that hour etc.

[0094] Referring to Fig. 1, all the features 208 extracted from data sources 106 may be
integrated at a tree level to create a harvesting data model 244. In other words, all the features
208 associated with a tree with a specific tree identification number are integrated to create a
single data model for each tree. Fig. 20 is a schematic illustration of a harvesting data
model 244 incorporating all the features relevant for harvest and yield mapped on a tree level,
in accordance with embodiments of the present disclosure. The harvesting data model 244

created for each tree may include the following information:

[0095] (1) Tree level features 228 extracted from aerial data sources 212 including growth,

canopy, foliage level disease or anomalies, and growth or canopy change detection features;

[0096] (11)  Harvest quality features 232 extracted from data sources on site at a plantation
216 including harvesting information at given date including number of fruits or fruit bunches,

quality indicators of the fruit or fruit bunches, and pest and disease indicators on the fruit;

[0097] (i11)) Worker movement features 236 extracted from smart devices 220 including
information at a given date on type of activities performed at the tree based on smart band data.
Such actions may include actions like harvesting, fertilizing, pruning etc, and may also include

anomalies in these actions which may impact current and future yield; and

[0098] (iv)  Water stress features 240 extracted from weather data from external sources 224
provide history of weather information that is relevant for yield prediction including derived
features that capture the water stress levels for a given tree based on soil type, terrain, age of

tree etc.
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[0099] The harvesting data model 244 may be used for prediction and optimisation of key
plantation or agricultural operations and may be used to build operational decision 248 systems
to support various operations. Examples of operational decisions 248 are harvester behaviour
optimization 252, harvester schedule prediction 256, pest and disease prediction 260 and mill

setpoint prediction 264.

[0100] Figs. 21 to 26B illustrate the processes by which the harvesting data model 244 may be
used to predict and optimise operational decisions 248, in accordance with embodiments of the
present disclosure. Fig. 21 is a schematic illustration of a process 2100 for the determination
of operational decision 248 of harvester behaviour optimization 252, in accordance with
embodiments of the present disclosure. As commercial plantations may be distributed over a
large geographical area and may employ thousands of individuals for harvesting, it is important
to identify how the harvesters are performing. In addition to performance monitoring, it is also
important to provide timely alerts through automated supervision and feedback to ensure better
quality and productivity of workers in the field. Therefore, harvester behaviour
optimization 252 may be performed to identify targeted corrective actions for individual
workers which can then be used to prioritize training and deploy monitoring on smart devices

or edge devices to provide targeted and real time alerts to the workers.

[0101] In some embodiments of the present disclosure, process 2100 commences with a data
harvesting model 244. A yield prediction model 2104 is used on the harvesting data model 244
to predict the yield at each tree level for a given time window (daily, weekly etc.), using
historical data from the data model consisting of tree information (age, planting material, soil
etc.), weather (water stress etc.), health and nutrient information and harvesting quality from
the tree etc, but excluding worker movement features 236. An example of the yield prediction
model 2104 is a machine learning model using gradient boosted machines (GBM), although
other models may be used. Depending on the type of crop, the type of yield analysed may be
metric, such as number of ripe fruits, or rate, such as oil extraction rate. The delta, or difference,
between the actual yield in given time window (e.g. daily recorded yield) and the predicted
yield is calculated to determine the difference between what was produced and what was
expected. If the delta or difference is negative, it may indicate yield loss that may be related to
harvester actions and not related to tree, environment, health, and weather factors. If the delta
or difference is positive, it means that harvester behaviour may have led to positive changes in

yield compared to what was seen in the population.
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[0102] In some embodiments of the present disclosure, a yield delta attribution model 2108
may then be used to leverage a combination of tree level features 228, certain harvest quality
features 232 such as health anomalies, water stress features 240 with worker movement
features 236 to predict a daily delta in yield for a given worker over a period of time, and
preferably over a period of one year. Partial dependence analysis may be leveraged to quantify
an impact of worker features and/or anomalies on the delta yield. For example, the yield delta
attribution model 2108 may identify a worker anomaly of not harvesting trees away from the
road frequently as a key cause of drop in harvest yield and may quantify the impact to be up to
5% for the given worker. Another example may be that a worker not performing the required
harvesting cut (e.g. V-cut) may cause a 10% drop in harvest yield for a given worker. Key
worker actions impacting yield may be identified based on the results of the quantification of
the impact of worker features on yield. Based on the identified key worker movement feature
236 and their calculated impact on harvest yield and quality, a prioritized list of actions may
be generated for each worker to improve on. Corrective action and micro-supervision 2112
may be carried out on the list of actions generated by the yield delta attribution model 2108.
The list of actions generated may be used to identify a training plan for a specific worker and
to develop specific optimal thresholds for each worker movement features 236 and anomalies
for the specific worker. The training plan and developed thresholds may then be deployed on
edge devices or smart devices and trigger real-time alerts when the worker movement features
236 identified for the specific worker performs a suboptimal action or if the specific worker
deviates significantly from the developed threshold. For example, if a V-cut is not being
performed on fruits from a mature tree, an alert is immediately activated on the edge device or

smart device to remind the specific worker of the action.

[0103] Another operational decision 248 that may be determined is harvester schedule
prediction 256. Timing of harvest influences the quality and quantity of harvest yield. Based
on current practice, the timing of harvest is determined by the workers and thus the quantity
and quality of harvest yield is highly dependent on the field worker’s level of experience. More
experienced workers can draw on their years of experience to identify the optimal time of
harvesting for fruit. As a result, experienced workers harvest better quality fruit that fetch a
higher price. On the other hand, less experienced workers are more prone to harvesting lower
quality fruit while they are picking up experience as a harvester. Therefore, the Al grading
system previously employed in operation 740 may be used to optimise the time of harvesting,
regardless of worker experience, to optimize quantity and quality of yield. Individual workers

may use edge devices to take images of agricultural produce. The Al grading system may
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determine the level of ripeness of the fruit identified on the images and inform the worker
whether to harvest the fruit now or wait for a few more days before harvesting. Aside from
determining whether a fruit should be harvested on site, harvester schedule prediction 256 may
be carried out to optimize harvesting operation by leveraging data features generated from the
fused data in the harvesting data model 244 to build an Al model to predict the optimal time
for each tree to be harvested. Such harvester schedule prediction may be subsequently used to
drive better outcomes, such as optimized resource allocation in the field, improved yield

quality, and less wastage.

[0104] An example of an Al model that may be used for harvester schedule prediction 256 is
atime-to-harvest (TTH) Al model. Fig. 22 is a flowchart of a TTH Al model 3200 used for the
determination of the operational decision 248 of harvester schedule prediction 256, in
accordance with embodiments of the present disclosure. The TTH Al model has a fused feature
database 3204 from which various data features 3208 may be derived. Examples of data
features 3208 include historical yield and fruit quality, when the tree was last harvested,
irrigation and fertilization schedules, tree properties such as species variety, age, and tree
health, as well as weather events such as average rainfall since last harvest, total amount of
rainfall since last harvest, and severity of weather anomalies such as El Nino conditions. These
data are available at a tree level allowing them to be predictors to the time to harvest Al model.
Historical data containing both the yield and data features (e.g., harvest, irrigation and
fertilization schedule, tree properties and weather) may be used to train the Al model to predict
the right time to harvest to meet a required yield. The approaches to the Al model employed
may be a random forest or a support vector machine that learns to predict yield at a given date
based on historical data features corresponding to weather, tree properties, harvest history etc.
Once the Al model is trained, using the various data features 3208, the TTH Al model may
score the data features 3208 to predict for each tree the number of days till the fruits are at
optimal quality 2212, and then generate a sorted table or list of plants in order of predicted time
to harvest 2216. The sorted table or lost may be based on maximum expected yield for
harvesting a given tree or trees within an area for the given date. The sorted table or list may
then be sent to a harvest optimizer to generate an optimal harvesting plan 2220 or used for
further scheduling or optimization. An optimal harvesting plan may be generated by assigning
available harvesters in order of expected yield from individual trees or trees within a region.
The harvesting plan may be carried out and the actual harvesting activity and harvest quality
data, and other updated features, may be continuously recorded by computer system 102 to
provide feedback 2224 to the AI model 3200. The feedback may be provided to the Al model
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as input through periodic or real-time updates 2228 from data sources 106, including ongoing
harvesting and monitoring activity, which is then integrated back into the fused feature
database 3204. The performance of the deployed TTH Al model may be continuously
monitored and calibrated 2232 as the performance may degrade over time due to factors such
as changing data distributions and different operating conditions. Monitoring and calibration
2232 may be carried out by comparing the predicted TTH and the corresponding quality of
fruit that was harvested according to the predictions and deriving a metric from it such as
MAPE (Mean Absolute Percentage Error) between predicted yield for harvesting on given date
vs actual observed yield). A model performance report 2236 on the derived metric and other
statistics may be generated based on the continuous monitoring and calibrating 2232 of the
TTH AI model. If the TTH Al model is determined to be performing poorly, i.e. if the metric
drops below a certain threshold, an alert may be sent to the relevant stakeholder to trigger
model retraining, where the TTH Al model undergoes model training and validation 3240
before being deployed to replace the existing TTH Al model 3244. Model retraining may also

be manually triggered by a user.

[0105] Fig. 23 is a flowchart of a process 2300 may be used to develop a new TTH model
following existing best processes or may be used to retrain an existing TTH model, in
accordance with embodiments of the present disclosure. Process 2300 may commence with
training data 2304. Training data 2304 may be a historical dataset e.g. from prior years, which
include both yield and data features that can be used to predict the yield (weather, tree
properties, harvest history). Training data 2304 may be used to train the Al model to predict
future yield given the data features. The training data 2304 may be split 2308 to generate three
sets of data: a training set 2312, a validation set 2316, and a holdout set 3320. The training set
2312 may optionally undergo data augmentation 3324 to ensure that the data is balanced (e.g.
proportional amount of data for different yields). One method of data augmentation
corresponding to sparse categories of yield could be SMOTE (Synthetic Minority
Oversampling Technique). The data that has undergone data augmentation 3324 may be
integrated with the data in the validation set 2316 to carry out model training 3328, followed
by hyper-parameter tuning 2332 that may identify the best values for mathematical parameters
during training of the Al model. Following hyper-parameter tuning 2332, data in holdout set
3320 may be used to carry out model testing 2336 to identify the accuracy of the Al model
using metrics such as MAPE or classification error. Once model testing 2336 is completed, and

the Al model meets the accuracy requirements set based on business criteria (¢.g. MAPE for
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yield prediction should be less than <10% on test data), trained and tested model 2340
developed may be deployed to predict future yield.

[0106] Fig. 24 is a flowchart of a process 2400 through which the TTH model may determine
optimized harvesting parameters, in accordance with embodiments of the present disclosure.
Once the TTH model has determined the time to harvest in steps 2212, the fused data in the
fused feature database 3204 may be used to optimize harvesting parameters 2404 including
minimization of the harvesting time 2408, minimal harvester movement 2412, and appropriate
harvester to harvest the fruits with specific grade 2416. The harvesting activities may be
optimised for different objectives, subject to various constraints. Examples of objectives
include maximizing quantity of fruit, maximizing quality of fruits harvested, and maximizing
monetary value based on the current market price of commodity. The data features 2420
utilised for harvest optimisation include location of tree and time to harvest, available
manpower, number of harvesters, duration of each shift, number of collection vehicles for
transportation to the processing plant, fruit grade for harvesting, capacity of downstream
processing units, harvester grade, harvester efficiency by type of tree (height of tree, size of
fruit etc.), weather (impairment to harvesting efficiency with current weather), and plantation
parameters like shape and size. The data features 2420 and optimized harvesting parameters
2305 are taken into account by an Al algorithm to optimize the multivariate harvest problem
2424. The model performance 2428 is then evaluated based on achieved maximum yield across
a given number of trees and workers. An optimized model maximum yield is compared to
theoretical maximum yield under ideal conditions where the number of workers is not a
constraint for harvest (i.e. all ripe fruits / FFB are harvested on time and at the right ripeness to
maximise yield). Ifthe model performance is within an acceptable range of maximum possible
yield (e.g. within 10% of maximum possible yield), a printable report that provides information
on tree locations to be harvested and sequence of visit to these trees may be generated for each
individual harvester 2432. Optionally, a wearable device may be used during harvest to confirm

the trees were visited and harvested in the right manner 2436 is carried out.

[0107] Another operational decision 248 that may be determined is pest and disease
prediction 260. Such pest and disease prediction 260 may be determined based on the detection
of anomalies. Fig. 25 is a flowchart illustrating a process 2500 of determining anomalies, in
accordance with embodiments of the present disclosure. After image-based harvest quality
features 232 are detected and grading is carried out in operation 740, anomalies are identified

by detecting damages that may be due to pest and diseases (P&D) or harvesting practices. The
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data features 2504 used for anomaly detection include images of fruits, harvesting time and
fruit grade. Anomalies are identified using Al-based anomaly detection 2508 to identify fruit-
level anomalies 2512. Fruit-level anomalies include features associated with pests and diseases
and harvesting practices. Examples include features resulting from processing of harvested
fruits (¢.g. v-cut in the stem), fruit damage, rat bites and Tirathaba infestation. These anomalics
are detected in the pre-processed images previously obtained in operation 316 and the features
in the pre-processed images previously obtained in operation 316 may be flattened except for
features associated with pests and diseases and harvesting practices. The harvesting time and
grade of harvested fruits may also be utilized as they may scale up the impact of anomalies on
the quality of harvested fruits. Fig. 26A is an example of an image of a stalk with harvesting
practice-based anomaly (long-stalk v-cut), while Fig. 26B is an example of an image of a rat
bite at a fresh fruit bunch, in accordance with embodiments of the present disclosure. A list of
fruit-specific anomalies may be customized for each type of fruit. For example, Fig. 27A is an
example of an image of sour rot in grapes, while Fig. 27B is an example of an image of black
rot in grapes, in accordance with embodiments of the present disclosure. These anomalies
specific to grapes may be included in a list of anomalies specifically customised for the grape
fruit. Quality assessment of Al models employed 2516 may be carried out to determine
performance of the model 2520. If the model performance 2520 is good, the data may be
transferred for harvest quality assessment 2524. If the model performance 2520 is not good,
further model training 2528 and model validation 2532 may be carried out until the anomaly

detection model achieves a required accuracy.

[0108] Another operational decision 248 that may be determined is mill setpoint prediction
264. Some types of fruit require added processing before it can be consumed by end users. For
example, palm oil fruits need to be processed in the mill to extract palm oil and crude palm oil
from the fruit. To achieve the most extract out of the palm oil fruit, the set points of the
processing mill need to be optimized. The output quality and the optimal utilization of the
resources at the processing plant can only be achieved through continuous calibration of the
parameters at the processing plant. For some fruits, the optimization of set points may be quite

complicated, given that there are multiple set points that need to be adjusted.

[0109] In general, the set points of the mill need to be optimized based on the distribution of
the batch of fruits. This means that the fruits need to be graded prior to being processed in the
mill. For agriculture companies that are still relying on manual harvest quality assessment, the

dynamic and continuous calibration of the settings for targeted output is hard to achieve.
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[0110] Process 200 running on computer system 102 uses an Al-based grading system to
automate grading for the mill. This enables mill operations to understand the ripeness
distribution for each batch of fruit. The information is then used by the mill operations to
dynamically calibrate the set points of the processing mill so that they are optimized to extract
the most out of the fruit. In the case of palm oil fruits, optimizing the set points of the processing

mill allows the mill to improve the oil extraction rate (OER).

[0111] Different embodiments are disclosed herein. Features of certain embodiments may be
combined with features of other embodiments; thus certain embodiments may be combinations
of features of multiple embodiments. The foregoing description of the embodiments of the
invention has been presented for the purposes of illustration and description. It is not intended
to be exhaustive or to limit the invention to the precise form disclosed. It should be appreciated
by persons skilled in the art that many modifications, variations, substitutions, changes, and
equivalents are possible in light of the above teaching. It is, therefore, to be understood that the
appended claims are intended to cover all such modifications and changes as fall within the

true spirit of the invention.

[0112] While certain features of the invention have been illustrated and described herein, many
modifications, substitutions, changes, and equivalents will now occur to those of ordinary skill
in the art. It is, therefore, to be understood that the appended claims are intended to cover all

such modifications and changes as fall within the true spirit of the invention.
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