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(57) Abstract: An exemplary computer-implemented method for administering one or more treatments to a plant in a greenhouse
comprises: receiving data associated with the plant; providing the received data to a trained machine-learning prediction model to
obtain: a first set of health predictions of the plant corresponding to a present time; and a second set of health predictions of the plant
corresponding to a future time; determining whether the plant is unhealthy or lagging a growth trajectory based on: a first comparison
based on the first set of health predictions and observed health of the plant at the present time, and a second comparison based on the
second set of health predictions and a future production goal of the plant; if the plant is unhealthy or lagging the growth trajectory,
identifying the treatments for the plant; and controlling one or more robots in the greenhouse to administer the treatments.
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AUTONOMOUS GREENHOUSE CONTROL SYSTEM
CROSS-REFERENCE TO RELATED APPLICATION

[0001] This application claims the benefit of U.S. Provisional Application 63/180,610,
filed on April 27, 2021, the entire contents of which are incorporated herein by reference for

all purposes.

FIELD OF INVENTION

[0002] The present disclosure relates generally to digital farming, and more specifically
to machine-learning (ML) techniques for implementing a farming control system (e.g., an

autonomous greenhouse control system).

BACKGROUND

[0003] Greenhouses may be an effective way of growing plants (e.g., fruits and
vegetables) throughout the year to provide access to fresh food products. However,
greenhouse management can be resource-intensive, inefficient, and expensive. For example,
human workers may be required to closely and constantly monitor the plants in the
greenhouse. Further, significant expertise may be required for the growers to identify
ongoing health issues of the plants in a timely manner and to determine the proper mitigation
actions. Further still, timely and proper implementation of the mitigation actions may be

resource-intensive and impractical to achieve.

BRIEF SUMMARY

[0004] An exemplary computer-implemented method for administering one or more
treatments to a plant in a greenhouse comprises: receiving data associated with the plant,
wherein the data is at least partially obtained using one or more sensors in the greenhouse;
providing the received data to a trained machine-learning prediction model to obtain: a first
set of health predictions of the plant corresponding to a present time; and a second set of
health predictions of the plant corresponding to a future time; determining whether the plant
is unhealthy or lagging a growth trajectory based on: a first comparison based on the first set
of health predictions and observed health of the plant at the present time, and a second
comparison based on the second set of health predictions and a future production goal of the
plant; if the plant is unhealthy or lagging the growth trajectory, identifying the one or more
treatments for the plant; and controlling one or more robots in the greenhouse to administer

the one or more treatments to the plant.
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[0005] In some embodiments, the one or more treatments comprise: applying a fertilizer
to the plant, applying a pesticide to the plant, removing the plant from the greenhouse,
transplanting a new plant to replace the plant, performing a lab test on the plant, collecting
data on the plant, updating irrigation settings for the plant, updating nutrient settings for the

plant, or any combination thereof.

[0006] In some embodiments, the trained prediction model comprises: a supervised
machine-learning model, a multi-modal Gaussian process regression model, a non-linear
regression model, a process-driven model, a residual-based machine-learning model, a
weight-based machine-learning model, a generative-adversarial machine-learning model, or

any combination thereof.

[0007] In some embodiments, the first set of health predictions of the plant is obtained
by: obtaining a plurality of historical feature values based on the received data; and providing
the plurality of historical feature values to the trained prediction model to obtain the first set

of health predictions of the plant.

[0008] In some embodiments, the plurality of historical feature values comprises

information related to a historical treatment to the plant.

[0009] In some embodiments, the second set of health predictions of the plant is obtained
by: obtaining a plurality of historical feature values based on the received data; obtaining a
plurality of present feature values based on the received data; and providing the plurality of
historical feature values and the plurality of present feature values to the trained prediction

model to obtain the second set of health predictions.

[0010] In some embodiments, determining whether the plant is unhealthy or lagging the
growth trajectory is further based on a comparison based on the first set of health predictions

and the future production goal of the plant.

[0011] In some embodiments, the first set of health predictions and the second set of

health predictions are with respect to a plurality of output features.

[0012] In some embodiments, the plurality of output features comprises: a sellable yield,

a flower count, a sellable fruit count, a weight of a fruit, a flower-to-fruit conversion ratio, a



CA 03218501 2023-10-26

WO 2022/232783 PCT/US2022/071929

canopy height, a stem length, a biomass, a number of leaves, a leaf area index, or any

combination thereof.

[0013] In some embodiments, identifying the one or more treatments for the plant
comprises: identifying a subset of output features from the plurality of output features based
on the first comparison and/or the second comparison; providing information related to the
subset of output features to a trained machine-learning root cause analysis model to obtain
one or more root causes; identifying one or more mitigation actions based on the one or more
root causes; and providing information related to the one or more mitigation actions to a

trained machine-learning work order model to obtain the one or more treatments.

[0014] In some embodiments, the trained machine-learning root cause analysis model is

configured to output a plurality of probabilities associated with a plurality of root causes.

[0015] In some embodiments, the one or more root causes are identified based on the

plurality of probabilities.

[0016] In some embodiments, the trained machine-learning root cause analysis model
comprises a supervised model, a decision tree, a plant growth simulator, an imitation learning

model, or any combination thereof.

[0017] In some embodiments, the trained machine-learning work order model comprises
a supervised model, an imitation model, a reinforcement model, a decision tree, or any

combination thereof.

[0018] In some embodiments, the method further comprises: evaluating, using the

prediction model, an effectiveness of the one or more mitigation actions.

[0019] In some embodiments, the method further comprises: adjusting the first set of
health predictions of the plant based on one or more health predictions of a neighboring plant

in the greenhouse.

[0020] In some embodiments, the received data comprises information related to: a
plurality of plant-specific features, a plurality of microclimate section features, a plurality of
irrigation section features, a plurality of work section features, one or more images of the

plant, or any combination thereof.
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[0021] In some embodiments, the method further comprises: if the plant is healthy and
tracking the growth trajectory, optimizing a growth plan for the plant, applying an existing
treatment to the plant, monitoring the plant, generating a work order to prune the plant, or any

combination thereof.

[0022] In some embodiments, the data associated with the plant is at least partially

obtained using a robot or based on one or more user inputs.

[0023] In some embodiments, the method further comprises: assigning one or more tasks

to a human worker if the plant is unhealthy or lagging the growth trajectory.

[0024] An exemplary system for administering one or more treatments to a plant in a
greenhouse comprises: one or more processors; a memory; and one or more programs,
wherein the one or more programs are stored in the memory and configured to be executed by
the one or more processors, the one or more programs including instructions for: receiving
data associated with the plant, wherein the data is at least partially obtained using one or
more sensors in the greenhouse; providing the received data to a trained machine-learning
prediction model to obtain: a first set of health predictions of the plant corresponding to a
present time; and a second set of health predictions of the plant corresponding to a future
time; determining whether the plant is unhealthy or lagging a growth trajectory based on: a
first comparison based on the first set of health predictions and observed health of the plant at
the present time, and a second comparison based on the second set of health predictions and a
future production goal of the plant; if the plant is unhealthy or lagging the growth trajectory,
identifying the one or more treatments for the plant; and controlling one or more robots in the

greenhouse to administer the one or more treatments to the plant.

[0025] An exemplary non-transitory computer-readable storage medium stores one or
more programs for administering one or more treatments to a plant in a greenhouse, the one
or more programs comprising instructions, which when executed by one or more processors
of an electronic device, cause the electronic device to: receive data associated with the plant,
wherein the data is at least partially obtained using one or more sensors in the greenhouse;
provide the received data to a trained machine-learning prediction model to obtain: a first set
of health predictions of the plant corresponding to a present time; and a second set of health
predictions of the plant corresponding to a future time; determine whether the plant is

unhealthy or lagging a growth trajectory based on: a first comparison based on the first set of
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health predictions and observed health of the plant at the present time, and a second
comparison based on the second set of health predictions and a future production goal of the
plant; if the plant is unhealthy or lagging the growth trajectory, identify the one or more
treatments for the plant; and control one or more robots in the greenhouse to administer the

one or more treatments to the plant.

[0026] Using the system described herein, greenhouses can be efficiently managed with
minimal human effort and intervention. The system can closely and constantly monitor the
plants in a greenhouse, detect ongoing health issues on a per-plant basis, intelligently identify
the appropriate treatment options by taking account of the cost, benefit, and production goals,
and administer the treatments using robots in an autonomous manner. Accordingly, the
system provides for modular and autonomous greenhouses designed to provide sustainably
grown fruits and vegetables. The greenhouses can operate near major cities to create short
and efficient supply chains to ensure that fresh fruits are readily available anywhere, enabling

consumers to get access to fresh food products.

DESCRIPTION OF THE FIGURES

[0027] The disclosed embodiments have other advantages and features which will be
more readily apparent from the detailed description, the appended claims, and the

accompanying figures (or drawings). A brief introduction of the figures is below.

[0028] FIG. 1 illustrates a system architecture for an autonomous greenhouse control

system having mobile and stationary robots, according to one embodiment.

[0029] FIG. 2 illustrates a block diagram of the artificial intelligence (AI) & central

control system 140, according to one embodiment.

[0030] FIG. 3 illustrate a block diagram of a mobile carrier system or a robot 112,

according to one embodiment.

[0031] FIG. 4 illustrate a flow diagram of a process for training one or more ML models,

according to one embodiment.

[0032] FIG. 5 illustrate a diagram training a set of ML models, according to one

embodiment.
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[0033] FIG. 6 illustrates a flow diagram of a process for applying one or more ML

models, according to one embodiment.
[0034] FIG. 7 illustrates a diagram a set of ML models, according to one embodiment.

[0035] FIG. 8 is a block diagram illustrating components of an example machine able to
read instructions from a machine-readable medium and execute them in a processor (or

controller).

[0036] FIG. 9 illustrates an exemplary process for predicting and managing plant health,

in accordance with some embodiments.

[0037] FIG. 10 illustrates an exemplary portion of input data of an exemplary system, in

accordance with some embodiments.

[0038] FIG. 11 illustrates exemplary operations of a prediction model, in accordance with

some embodiments.

[0039] FIG. 12 illustrates an exemplary process for identifying a treatment for a plant, in

accordance with some embodiments.

DETAILED DESCRIPTION

[0040] The figures and the following description relate to preferred embodiments by way
of illustration only. It should be noted that from the following discussion, alternative
embodiments of the structures and methods disclosed herein will be readily recognized as
viable alternatives that may be employed without departing from the principles of what is

claimed.

[0041] Reference will now be made in detail to several embodiments, examples of which
are illustrated in the accompanying figures. It is noted that wherever practicable similar or
like reference numbers may be used in the figures and may indicate similar or like
functionality. The figures depict embodiments of the disclosed system (or method) for
purposes of illustration only. One skilled in the art will readily recognize from the following
description that alternative embodiments of the structures and methods illustrated herein may

be employed without departing from the principles described herein.

CONFIGURATION OVERVIEW
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[0042] FIG. 1 illustrates a system architecture for an autonomous greenhouse control
system having mobile and stationary robots, according to one embodiment. The autonomous
greenhouse control system 100 overlooks the operation of a farm or greenhouse. The
autonomous greenhouse control system 100 communicates with various subsystems such as a
mobile carrier system 112 (e.g., a mobile robot), or one or more external systems. The
autonomous greenhouse control system 100 predicts sales and yield for the farm or
greenhouse. The autonomous greenhouse control system 100 infers and detects growth

patterns, climate changes, and any other events relevant to the farm’s operation.

[0043] The autonomous greenhouse control system 100 distributes tasks among robots
112 (such as a mobile robot or a stationary robot) and growers/human workers. Moreover,
the autonomous greenhouse control system 100 controls the robots 112 to perform certain
tasks assigned to them. For example, the autonomous greenhouse control system 100
controls one or more robots to manipulate and handle one or more crops. Additionally, the
autonomous greenhouse control system 100 controls other subsystems to change and manage

other farm operations (such as changing environmental conditions of the farm).

[0044] The autonomous greenhouse control system 100 includes a server 130, an Al &
central control system 140, a data management system 145, one or more sensors 150, an
irrigation system 152, a light & shade control system 154, a food safety & sanitation
management system 156, an HVAC, CO2, and humidity control system 158, an inventory &
sales management system 160, an operational safety management system 162, an alert &

reporting system 165, and a fleet of mobile and stationary robots 110.

[0045] The sensors 150 may include RGB cameras, temperature sensors, depth sensors,
humidity sensors, infrared cameras, heat cameras, air monitor, etc. In some embodiments,
sensors are embedded on one or more robots 112. Moreover, a set of sensors may be

distributed throughout the farm to sense data at various locations throughout the farm.

[0046] The food safety & sanitation management system 156 maintains food safety and
sanitation protocols for the farm. Additionally, the food safety & sanitation management

system 156 keeps records related to food safety and sanitation protocols for the farm.

[0047] The operational safety management system 162 maintains the general operational
safety program for the farm. In some embodiments, the operational safety management

system 162 keeps records related to operational safety for the farm.

7
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[0048] The alert & reporting system 165 monitors, logs, and reports the operations of the
carrier systems (e.g., mobile carrier system 112A or stationary robot 112B), the one or more
sensors 150, and the software running in the server 130, Al & central control system 140 and

the data management system 145.

[0049] The inventory & sales management system 160 manages inventory of the farm or
greenhouse. In some embodiments, the inventory & sale management system 160 keeps
track of available inventory in the farm or greenhouse and projects the availability of
inventory in the future based on current inventory consumption. In some embodiments, the
inventory & sales management system 160 sends a notification when a certain item is
projected to be below a set threshold. Alternatively, the inventory & sales management
system 160 automatically orders inventory if a certain item is predicted to be below the set

threshold.

[0050] The data management system 145 manages and stores the large-scale real-time
data. For example, the data management system 145 manages and stores sensor data received
from the one or more sensors 150, irrigation data received from the irrigation system 152,
food safety and sanitation information received from the food safety & sanitation
management system 156, inventory and sales data received from the inventory & sales
management system 160, safety data received from the operational safety management

system 162, etc.

[0051] The server 130 facilitates communication between the Al & central control system
140 and other components of the autonomous greenhouse control system 100. For example,
the server facilitates communication between a mobile carrier system 112A and the Al &

central control system 140.
Al & CENTRAL CONTROL SYSTEM

[0052] FIG. 2 illustrates a block diagram of the Al & central control system 140,
according to one embodiment. The Al & central control system 140 includes a central Al &
control module 210, a sensor data processing module 220, a robot task scheduler 222, a
grower task scheduler 224, a growth-enhancing system 226, an active sensing system 225,
one or more machine learning (ML) modules 240, a grower dashboard report module 242, a

plant health monitoring module 244, a yield prediction module 246, an inventory monitoring
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module 248, a sales prediction module 250, a food safety & sanitation monitoring module

252, and an operational safety monitoring module 254.

[0053] The central Al & control module 210 compiles real-time data across the farm
from various sensors and control modules. The central Al & control module 210 processes
and sends the relevant data to one or more submodules 230 that make various decisions to
control the farm operation and learn to make predictions. The outputs of these submodules
230 are compiled and communicated to relevant systems to control the greenhouse. The Al-
driven software system uses data from sensors 150 and other operational components to

move materials, change the climate condition, schedule other operations.

[0054] In one example, based on plant conditions, pest management, and climate
condition, the Al & central control system 140 directs the mobile carrier system 112A to
move one or more plants, apply more nutrients, change the lighting, etc. In another example,
the Al & central control system 140 checks the inventory status and production schedule of
the farm and determines how to control the climate, lighting, CO2, irrigation, nutrient system,

to improve the plant health and yield to meet the production schedule.

[0055] The sensor data processing module 220 processes various raw data and converts

the raw data into formats that can be stored and used by various modules.

[0056] The robot task scheduler 222 determines various tasks to be performed by robots
112 based on real-time data. The robot task scheduler 222 further schedules the tasks among
the available robots. 112. For example, tasks include harvesting, monitoring, transporting

and other tasks relevant to farm or greenhouse operations.

[0057] The grower task scheduler 224 determines various tasks to be performed by
growers (e.g., human operators) based on the real-time data. The grower task scheduler 224
further schedules the tasks among available growers. In some embodiments, the grower task
scheduler 224 adapts to a human labor schedule and constrains the scheduling of the tasks

and other operations of the farm or greenhouse accordingly.

[0058] The growth-enhancing system 226 determines operations that aid the growth of

crops, such as irrigation, providing CO2, nutrients, lighting, humidity, airflow, etc.
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[0059] The active sensing system 228 directs the robots 112 to collect data to monitor
individual plants, fruits, and all sites of the greenhouse. The active sensing system 228

additionally collects data from sensors 150 ubiquitously installed in the farm or greenhouse.

[0060] In some embodiments, the active sensing system 228 collects, directly or
indirectly, data that can be used to understand the growth pattern, condition, and quality of
crops from their seed stage to post-harvesting and delivery to the final destination.
Additionally, the active sensing system 228 collects data to monitor and analyze the use of
machines, human operators, and field workers and their impact on the growth pattern,
condition, and quality of crops from their seed stage to post-harvesting and delivery to the
final destination. Moreover, the active sensing system 228 monitors any emergency
situations including natural/human-involved accidents, microclimate changes, pest and insect

occurrence, change in crop quality, sanitary issue.

[0061] The ML modules 240 trains and deploys various machine learning models. The
ML modules 240 take a set of raw data, labeled and unlabeled target outputs, and train a set
of ML models. The trained ML models can be utilized by other components, e.g. robots,
control modules, and prediction modules. The process for training the ML models is
described below in conjunction with FIGS. 4 and 5. The process for using the ML models is

described below in conjunction with FIGS. 6,7, and 9-12.

[0062] The grower dashboard report module 242 compiles, analyzes, and reports the
summary of raw data. The report generated by the grower dashboard report module 242 may

include results from other monitoring and prediction modules.

[0063] The plant health monitoring module 244, using ML and Al, monitors plant health,
detects any preconditions and conditions regarding pest and disease. The plant health
monitoring module 244 may suggest appropriate actions, €.g. pest management routine, to be
taken. In some embodiments, the plant health monitoring module 244 receives images of
plants and applies a ML model based on the images to detects pests or diseases of one or
more plants. For example, the plant health monitoring module 244 may receive a set of
images of a plant depicting the condition of the plant over time to determine the current
condition of a plant or to predict a change in the condition of the plant. Moreover, the plant
health monitoring module 244 may receive sensor data from one or more sensors (€.g.,

stationary sensors or mobile sensors) and lab data for tests conducted for one or more plants

10
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in the farm or greenhouse, and applies the ML model based on the received sensor data and
lab data. In some embodiments, the health monitoring module 244 detects pests or diseases
for a plant based on information about other plants that are in close proximity to the plant

being analyzed.

[0064] The yield prediction module 246, using ML and Al, predicts yields of the farm or

greenhouse, either as its subsets or as a whole, for a given time frame.

[0065] The inventory monitoring module 248 monitors the inventory of fresh produce of

the farm or greenhouse.

[0066] The sales prediction module 250 predicts upcoming sales based on the history of
sales data and any other data provided, such as actual sales order(s) or future sales order(s).

The sales prediction module 250 may use ML models trained internally.

[0067] The food safety & sanitation monitoring module 252 monitors various operating
parts of the farm or greenhouse, actions performed by humans and robots, and crops with
respect to food safety. In some embodiments, the food safety & sanitation monitoring
module 252 may be attached on the robotic platforms for real-time monitoring and direct

interaction with the farm or greenhouse.

[0068] The operational safety monitoring module 254 monitors operations of the farm,
which may or may not involve human, mechanical, or robotic operations, to monitor any
accidents that may be hazardous, cause a delay in operation, or result in a change in crop

quality or yield.
MOBILE CARRIER SYSTEM (ROBOTS)

[0069] FIG. 3 illustrate a block diagram of a mobile carrier system or a robot 112,
according to one embodiment. Each robot includes an onboard Al module 310, a mobile
base 320, one or more sensors 320, one or more manipulators 324, lights 326, a perception
module 330, an active sensing & probing module 332, an onboard light & sensor controller
334, a navigation module 336, a motion planning module 338, a collaboration module 340, a

harvest, grade, and packing module 342, and a collision detection module 344.

[0070] Robots 112 provide dense, directed monitoring of plants and may directly interact

with plants as needed, performing various operations such as sensor measurements, pruning,

11
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harvesting, taking pictures, etc. Each robot 112 has its own onboard sensors 352 and an

onboard Al system 310, and communicates with the AI & central control system 140.

[0071] Upon deployment by the AI & central control system 140 that defines a set of
high-level tasks to be performed by the robot 112, the onboard AI module 310 of the robot

112 makes real-time decisions on the specific actions that should be taken.

[0072] In some embodiments, the robots 112 handle various objects in farm operation,
including trays, plants, gutters, nutrient solutions, water, etc. Moreover, the robots 112
retrieve, store, and transport one or more objects that may or may not carry plants, seeds, and
nutrients, with one or more vertical and horizontal level of access. The robots 112 have an
automated retrieval system that can retrieve and place materials from multiple levels. In
some embodiments, two or more robots 112 collaboratively work together to retrieve, store,
and transport one or more objects that may or may not carry plants, seeds, and nutrients, with

one or more vertical and horizontal levels of access.

[0073] The manipulators 354, such as a robotic arm with specially designed grippers and
manipulation mechanisms, are used for retrieving, storing, and transporting one or more
objects that may or may not carry plants, seeds, and nutrients. In some embodiments, the
robots may include multiple manipulators to simultaneously retrieve, store, and transport
multiple items. The robots 112 may additionally adjust the spacing between items that may

carry plants, seeds, and nutrients.

[0074] In some embodiments, the robots 112 may actively place and retrieve sensors. The
operations may or may not include charging the sensors. The carrier may stay in the place

with the sensors attached or place them and leave the retrieval job to a later time.

[0075] The sensors 322 for monitoring the status of plants, microclimates, and the general
status of the farm or greenhouse. In some embodiments, the sensors are embedded in the
robots 112. In other embodiments, the sensors may be attached and detached from the robots.
For example, a robot may pick up a specific sensor from a set of available sensors based on
instructions received by the central AI & control module 210. Since the robots are able to
move around the farm or greenhouse, the sensors being carried by a robot can be used to

capture sensor data at various locations around the farm or greenhouse.
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[0076] The robots 112A include lights for aiding the robot’s perception module 330. The
perception module 330 detects and recognizes various objects in a scene. In some
embodiments, the perception module 330 analyzes images captured by one or more cameras
embedded in the robots, radar or LiDAR signals or any other sensor data captured by one or

more sensors embedded in the robot to recognize objects in the vicinity of the robot.

[0077] The active sensing & probing module 332 uses a set of sensors to capture local

data. The onboard light & sensor controller 334 controls lights and various onboard sensors.

[0078] The navigation module 336 plans and controls the robot to go from one location to
another. In some embodiments, the navigation module 336 uses a positioning system such as
a radar or a GPS receiver to determine a current location of the robot, and a map of the farm

or greenhouse to identify one or more potential routes to reach a desired destination.

[0079] The motion planning module 338 plans and controls the robot’s manipulator to
perform a set of tasks. In some embodiments, based on the desired pose of the manipulator’s
end-effector (e.g. a gripper) the motion planning module 338 identifies one or more collision-
free trajectories (e.g. a sequence of waypoints) to move the manipulator. In some
embodiments, the motion planning module 338 interacts with the collision detection module
344 to identify the one or more collision-free trajectories. For example, for a set of poses of
the manipulator associated with a trajectory, the collision detection module 344 determines
whether the manipulator would be colliding with an object (e.g., an obstacle) that has been
detected to be in the proximity of the robot. That is, the collision detection module 344 may
receive the location and size of obstacles around the robot (e.g., as detected by a set of visual
sensors and a map) and determines whether the manipulator would overlap with any of the
obstacles. If the collision detection module 344 determines that one or more poses associated
with a trajectory would result in the manipulator colliding with one or more obstacles, the
motion planning module 338 may modify the trajectory to avoid the detected collision.
Alternatively, if the collision detection module 344 determines that one or more poses
associated with a trajectory would result in the manipulator colliding with one or more
obstacles, the motion planning module 338 may discard the trajectory and may generate a

new trajectory until a collision-free trajectory is obtained.

[0080] The collaboration module 340 plans and controls the robot to perform a task with

one or more other robot or human agents. In some embodiments, the collaboration module
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340 of a robot communicates with the collaboration module 340 of other robots to coordinate

one or more tasks to be performed by the robots.

[0081] The harvest, grade, and packing module 342 plans and controls the robot to
perform these tasks. In some embodiments, the harvest, grade, and packing module 342
receives images of a product (e.g., a fruit or vegetable produced in the farm or greenhouse)
and grades the product based on predefined specification for the product. For example, the
harvest, grade, and packing module 342 determines whether a product is ready to be
harvested based on a target size, shape, and color of the product. If the harvest, grade, and
packing module 342 determines, based on the image of the product, that the size, shape, and
color of the product are within a preset tolerance range, the harvest, grade, and packing

module 342 instructs a robot to harvest the product.

[0082] The collision detection module 344 detects collision across all tasks and applies
appropriate collision avoidance or safety mechanism. For example, the collision detection
module 344 applies a collision avoidance algorithm based on a set of images captured by one
or more cameras or a set of sensor outputs of one or more sensors embedded in the robot. In
some embodiments, the collision detection module 344 interacts with other modules (such as
the navigation module 336, the motion planning module 338, and the collaboration module
340). For example, the collision detection module 344 interacts with the navigation module
336 to determine whether a trajectory for a robot to move around the farm or greenhouse
would result in a collision with an object or obstacle. In another example, the collision
detection module 344 interacts with the motion planning module 338 to determine whether
the movement of a component of a robot (e.g., a manipulator 324) would result in a collision
with an object or obstacle. In yet another example, the collision detection module 344
interacts with the collaboration module 340 to determine the interaction between two or more

robots would result in a collision between the two or more robots.

ML MODELS TRAINING

[0083] FIG. 4 illustrate a flow diagram of a process for training one or more ML models,
according to one embodiment. FIG. 5 illustrate a diagram training a set of ML models,

according to one embodiment.

[0084] A ML training module receives 410 in a set of inputs 520 to train each of the ML

models used by the autonomous greenhouse control system 100. The set of inputs 520
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include real-time data collected in the farm or greenhouse (e.g., from the sensors attached to
the robots 112 and sensors 150 statically placed across the greenhouse). In addition, the input
data 520 includes historical data that is accumulated over time (e.g., history of temperature
over a particular region of the greenhouse). The types of input data 520 include RGB-Depth
images 522, Light, HVAC, CO2, humidity data 524, irrigation and microclimates historical
data 526, plant health data 528, robot action data 530, grower actions data 532, etc. Based on

the received input data, a set of feature vectors are generated 420.

[0085] The ML training module additionally receives a set of target outputs 550. The
target outputs 550 are used for training the ML models 560 used by the autonomous
greenhouse control system 100. In some embodiments, one or more ML models trained to
optimize a specific result (e.g., maximize or minimize the output) instead of trying to achieve

a target output.

[0086] In some embodiments, as part of the target outputs 550, the ML training module
receives 430 future prediction data 552. The future prediction data 552 includes information
such as plant health, yield, sales in the near future (e.g., with the time span varying from a

few hours to several weeks).

[0087] Additionally, as part of the target outputs 550, the ML training module receives
440 action-decision data 554. The action-decision data 554 includes information about
actions to be performed by robots, growers, workers, or the autonomous greenhouse control
system 100 to achieve a target objective (e.g., yield). In some embodiments, the actions by
the autonomous greenhouse control system 100 include schedules and set points for light,
temperature, CO2, humidity, and irrigation. Moreover, action by robots may include

harvesting, pruning, taking sensor measurements, etc.

[0088] In addition, as part of the target outputs 550, the ML training module receives 450
object recognition data 556. The object recognition data 556 includes information (e.g.,
images) for recognizing objects such as plant parts, fruits, packing systems, humans, insects,

pests, and plant diseases.

[0089] Using the target outputs 550, the ML training module trains one or more ML
models 560. For example, based on the future prediction data 552, the ML training module
may train 435 a prediction ML model 562. In addition, based on the action-decision data

554, the ML training module may train 445 an action-decision ML model 564. Moreover,
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based on the object recognition data 556, the ML training module may train 455 a perception

ML model 566.

ML MODELS APPLICATION

[0090] FIG. 6 illustrates a flow diagram of a process for applying one or more ML
models, according to one embodiment. FIG. 7 illustrates a diagram a set of ML models,
according to one embodiment. Although in the example of FIG. 7, the various ML models
are used by the Al & central control system 145, it is understood that the ML model may also
be used by other systems such as the onboard AI module 310 of a robot 112.

[0091] The ML module 240 receives 610 a set of inputs. The set of inputs may include
real-time and historical data collected in the farm or greenhouse. For example, real-time data
includes images 720, and environmental data 722 such as light, HVAC, CO2, and humidity
information captured by one or more sensors 150. Additionally, historical data includes a
history of microclimates 724, a history of plant health 726, a history of robot actions 728, and

a history of grower actions 730.

[0092] Based on the received inputs, the feature vector generator 510 generates 620 a set
of feature vectors. The set of feature vectors are then provided to the ML models 560 to
allow the ML models 560 to generate a corresponding prediction. For example, the
prediction ML model 562 is applied 630 on one or more of the feature vectors to generate a
future prediction 752. Similarly, the action-decision ML model 562 is applied 640 on one or
more of the feature vectors to generate an action-decision output 754. In another example,
the perception ML model 566 is applied on one or more of the feature vectors to generate an

object recognition data 756.

[0093] In some embodiments, the future prediction data 752, the action-decision data
754, and the object recognition data 756 is provided to the Al & central control system 145.
The Al & central control system 145 generates one or more outputs for controlling a
component of the autonomous greenhouse control system 100 based on the received data.

For example, the autonomous greenhouse control system 100 controls one or more robots 112
to perform a set of actions based on the values of the future prediction data 752, the action-
decision data 754, and the object recognition data 756. Similarly, the autonomous

greenhouse control system 100 may change an environmental parameter of the farm or
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greenhouse (e.g., temperature, light, humidity, etc.) based on the value of the future

prediction data 752, the action-decision data 754, and the object recognition data 756.

[0094] In some embodiments, the Al & central control system 145 uses the future
prediction data 752 to alert a grower or control the environment of the farm or greenhouse.
For example, if the future prediction data 752 generated using the prediction ML model 562
is outside a predefined range, the Al & central control system 145 may alert the grower and
control the environment to take preventive measures. Moreover, in some embodiments, the
Al & central control system 145 uses the action-decision data 754 (e.g. change in temperature
setting) to directly to control the farm or greenhouse, or to send a set of recommendation to

the grower to provide the grower with information on how to control the farm or greenhouse.

[0095] FIG. 9 illustrates an exemplary process 900 for predicting and managing plant
health, in accordance with some embodiments. In some embodiments, the process 900 may
be performed using the plant health monitoring module 244. As described herein, the plant
health monitoring module can take into account various features of a particular plant or a
group of plants to determine whether the plant(s) require attention, which actions are needed
to meet the production goals, and work orders that take into account of the cost and benefits

associated with each action.

[0096] Process 900 is performed, for example, using one or more electronic devices
implementing a software platform. In some examples, process 900 is performed using a
client-server system, and the blocks of process 900 are divided up in any manner between the
server and one or more client devices. Thus, while portions of process 900 are described
herein as being performed by particular devices of a client-server system, it will be
appreciated that process 900 is not so limited. In other examples, process 900 is performed
using only a client device or only multiple client devices. In process 900, some blocks are,
optionally, combined, the order of some blocks is, optionally, changed, and some blocks are,
optionally, omitted. In some examples, additional steps may be performed in combination
with the process 900. Accordingly, the operations as illustrated (and described in greater

detail below) are exemplary by nature and, as such, should not be viewed as limiting.

[0097] With reference to FIG. 9, an exemplary system (e.g., one or more electronic
devices) can receive input data associated with one or more plants (e.g., one or more plants

housed in the same greenhouse). The input data may be at least partially collected using any
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of the above-described data collection components, such as the active sensing system 228.
The data can include one or more plant-specific features 902, one or more microclimate
section features 904, one or more irrigation section features 906, one or more work section
features 908, one or more predictions/forecast features 910, one or more images 912. It
should be understood that the foregoing list of input data is merely exemplary. There may be
fewer, additional, or different features, for instance, that can be inputted and analyzed by the

system.

[0098] The plant-specific features 902 comprise a plurality of features that are specific to
an individual plant. In some embodiments, the plant-specific features can include
information related to the individual plant, such as information related to flower(s), young
fruit(s), mature fruit(s), overripe fruit(s), mal-pollination flower(s), mal-shaped fruit(s), pest
damage(s), on-plant pest(s), leave(s), canopy height, leaf and fruit discoloration, senescence
and brown leave(s), inner canopy temperature, over canopy temperature, leaf area index, etc.
For example, an exemplary plant-specific feature value can be a numeric value indicative of
the number of flowers on the individual plant. As another example, an exemplary plant-
specific feature value can be a binary value indicative of whether the individual plant suffers

from a particular type of pest damage.

[0099] In some embodiments, the plant-specific features 902 include information about
the individual plant associated with a particular time. In some embodiments, the plant-
specific features 902 include information about the individual plant associated with a
plurality of time points. For exmaple, the plant-specific 902 features may include time-series
data comprising feature values corresponding to the plurality of time points (e.g., daily counts
of flowers for the past 100 days). In some embodiments, the plant-specific features 902
include features related to the initial conditions of the individual plant, such as the cultivar
type, transplant date, plant state at the time of transplant (e.g., crown diameter, number of

leaves, root length, canopy height).

[0100] The microclimate section features 904 include features specific to a section of an
agricultural location (e.g., a greenhouse), where the plants in the section experience the same
or approximately the same microclimate characteristics (e.g., temperature, humidity, light).
A microclimate section may not be a continuous physical area, but can rather include a
plurality of areas in which the plants experience the same or approximately the same

microclimate characteristics. A microclimate section can be defined by a user or
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automatically identified by the system (e.g., based on sensors in the greenhouse). In some
embodiments, the microclimate section features can include information related to a
particular microclimate section, such as information related to temperature, humidity, light,

pest count per section per pest type, CO, etc.

[0101] In some embodiments, the microclimate section features 904 include information
about a microclimate section associated with a particular time. In some embodiments, the
microclimate section features 904 include information about the microclimate section
associated with a plurality of time points. For example, the microclimate section features 904
may include time-series data comprising feature values corresponding to the plurality of time

points (e.g., daily temperature in the section for the past 100 days).

[0102] The irrigation section features 906 include features specific to a section of an
agricultural location (e.g., a greenhouse), where the plants in the irrigation section share the
same or approximately the same irrigation history. A irrigation section may not be a
continuous physical area, but can rather include a plurality of areas in which the plants
experience the same or approximately the same irrigation history. An irrigation section can
be defined by a user or automatically identified by the system (e.g., based on the layout of the
irrigation system in a greenhouse). For example, a whole row or a set of rows in a
greenhouse may share the same nutrition schedule and irrigation schedule because they are
all connected. In some embodiments, the irrigation section features can include information
related to a particular irrigation section, such as information related to nutrient injection
history, incoming nutrient(s) and outgoing nutrient(s), leachate, electrical conductivity (EC),

and pH.

[0103] In some embodiments, the irrigation section features 906 include information
about an irrigation section associated with a particular time. In some embodiments, the
irrigation section features 906 include information about the irrigation section associated with
a plurality of time points. For example, the irrigation section features 906 may include time-
series data comprising feature values corresponding to the plurality of time points (e.g., daily

nutrient values in the section for the past 100 days).

[0104] The work section features 908 include features specific to a section of an
agricultural location (e.g., a greenhouse), where the plants in the work section share the same

work history. A work section may not be a continuous physical area, but can rather include a
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plurality of areas in which the plants experience the same or approximately the same work
history. In some embodiments, the work section features can include information related to a
particular work section, such as information related to harvesting, cleaning, pruning,

pesticide, foliar fertilizer histories in the work section.

[0105] In some embodiments, the work section features 908 include information about an
work section associated with a particular time. In some embodiments, the work section
features 908 include information about the work section associated with a plurality of time
points. For example, the work section features 908 may include time-series data comprising
feature values corresponding to the plurality of time points (e.g., daily work activities in the

section for the past 100 days).

[0106] Predictions/forecast features 910 can include data that is derived rather than
observed. For example, the system can predict or forecast what a plant in a greenhouse
would experience at a particular time given known external conditions and known conditions
about the greenhouse. For example, based on a known external temperature from the weather
forecast and known characteristics of the temperature regulation system in the greenhouse,
the system can generate a predicted temperature that a plant in the greenhouse would
experience. As another example, based on a known external weather forecast (e.g., cloudy)
and known characteristics of the lighting system in the greenhouse, the system can generate a
predicted light level that a plant in the greenhouse would experience. It should be
appreciated that the system can generate predictions/forecasts for any of the features

described herein.

[0107] Images 912 can include one or more images related to one or more plants, such as
an image of a specific portion of a plant, an image of multiple plants, an image of an area in
the greenhouse, etc. In some embodiments, images are captured at a particular time. In some
embodiments, the images are captured at a plurality of time points (e.g., daily images of a

plant for the past 100 days).

[0108] FIG. 10 illustrates an exemplary portion of input data of the system, in accordance
with some embodiments. In some embodiments, the system may be configured to analyze N
number of plants (e.g., N plants in the same greenhouse). Accordingly, plant-specific
features 902 can be provided for each plant of the N plants. As shown, for Plant 1, feature

values of plant-specific features 902 may include feature values 1002a; for Plant 2, feature
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values of plant-specific features 902 may include feature values 1002b; . . . ; for Plant N,

feature values of plant-specific features 902 may include feature values 1002z.

[0109] If two plants are in the same microclimate section, the two plants would share the
same microclimate section feature values. In the depicted example in FIG. 10, if Plant 1 and
Plant N are in the same microclimate section, feature values 1004a and feature values 1004z
would be identical. Similarly, if two plants are in the same irrigation section, the two plants
would share the same irrigation section feature values. In the depicted example in FIG. 10, if
Plant 1 and Plant N are in the same irrigation section, feature values 1006a and feature values
1006z would be identical. Similarly, if two plants are in the same work section, the two
plants would share the same work section feature values. In the depicted example in FIG. 10,
if Plant 1 and Plant N are in the same work section, feature values 1008a and feature values

1008z would be identical.

[0110] Turning back to FIG. 9, the system can aggregate the various input data via a data
aggregator 920. For example, the data aggregator can aggregate plant-specific features 902,
microclimate section features 904, irrigation section features 906, work section features 908,

and predictions/forecast features 910 into a multi-dimensional matrix of feature values.

[0111] With reference to FIG. 9, a prediction model 930 can receive the aggregated input
data and output per-plant predictions of one or more output features for a future time (e.g.,
one week later, two months later, three months later). For example, if the system receives
input data related to N plants, the prediction model 930 can be used to predict output features

for each plant of the N plants.

[0112] The output features provided by the prediction model 930 may include: sellable
yield, flower counts, sellable fruit counts, weight of each fruit, flower-to-fruit conversion
ratio, canopy height, stem length, biomass, number of leaves, leaf area index, etc. It should
be understood that the input features and the output features may overlap. In some
embodiments, the prediction model 930 can be configured to output an array of predicted

output feature values for each plant.

[0113] The prediction model 930 may include one or more statistical or machine-learning
models. In some embodiments, the prediction model 930 includes a supervised machine-
learning model, a multi-modal Gaussian process regression model, a non-linear regression

model, a process-driven model, a residual-based machine-learning model, a weight-based
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machine-learning model, a generative-adversarial machine-learning model, or any
combination thereof. The prediction model may be part of the ML modules 240 as described

above.

[0114] In some embodiments, the non-linear regression model includes high-dimensional
non-linear parametric functions. Given the history of plant feature, nutritional inputs, and
climate conditions across many plants across various greenhouses, the model parameters can

be tuned to best predict future plant features.

[0115] In some embodiments, the process-driven model includes one or more process-
driven models that use crop physiological functions that can simulate the growth of plants
given the historical and future inputs (e.g., nutrients, climate conditions, CO2 level, etc.) to
the plants and the history of plant features, such as crown diameter, root length, biomass, leaf
counts, leaf size, etc. The parameters of the crop physiological functions may be tuned to
specific varieties and climate conditions. The functions may output a subset of plant-specific

features such as expected fruit yield, fruit counts, size, biomass, canopy height, etc.

[0116] In some embodiments, the residual-based machine-learning model includes a data-
driven machine-learning model that predicts the gap between process-driven models and the
observed data. Multiple process-driven models that each take subset plant features as inputs,
or simulate different features of the plants, may be additively combined using weights, which
may be pre-determined by a user or learned through data. The output of the combined model
may be further added or multiplied with the data-driven machine learning model, where the

machine learning model predicts gap between the observed data and predicted output.

[0117] In some embodiments, the weight-based machine-learning model includes a
weight-based machine learning model that learns to predict weights across process-driven
and data-driven models. To predict the timeseries of plant feature, the machine learning
model may use a set of deep neural networks, and the structure of these networks may be an
artificial recurrent neural network (RNN) or a Long Short-Term Memory (LSTM)
architecture. The models may also include Convolutional Neural Networks (CNN) to process

various image-based data.

[0118] In some embodiments, the generative-adversarial machine-learning model
comprises two sets of machine learning models. One model takes history of plant features

and X as inputs to generate the prediction features, while the other model classifies to
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distinguish between generated and observed data. The two models are iteratively trained so
that the generative model improves in predicting the observed data closely. Both models may
use deep neural networks, non-linear parametrized functions, or crop-physiological functions

whose weights can be tuned iteratively.

[0119] Turning back to FIG. 9, for each plant, the system can obtain multiple datasets
934, including: Observed Present Time Data A, Predicted Present Time Data A’, Predicted
Future Time Data B’, Projected Future Time Goal C. Each of these datasets is described in

detail below. These datasets are at least partially based on the prediction model 930.

[0120] Observed Present Time Data A for a plant refers to the observed values of the
output features for the plant at the present time (e.g., today, the present week, the present
month). This dataset can be obtained by one or more sensors of the present platform (e.g.,

active sensing system 228) as described herein.

[0121] Predicted Present Time Data A’ for a plant refers to what the system, based on
observed historical data, predicts the values of the output features for the plant to be at the
present time. The predicted Present Time Data A’ can be obtained using the prediction
model 930. With reference to FIG. 11, the system can input observed input feature values
1102 corresponding to past times [..., Tx3, Tx2, Tx1] into the prediction model 930. The
prediction model 930 can output the predicted output feature values for the present time Tx
1104 (i.e., A’). In some embodiments, the Predicted Present Time Data A’ may be

interpreted as “how the plant should look like now.”

[0122] Predicted Future Time Data B’ for a plant refers to what the system, given
observed historical data and observed present time data, predicts the values of the output
features for the plant to be at a future time. The predicted Future Time Data B’ can be
obtained using the prediction model 930. With reference to FIG. 11, the system can input
observed input feature values 1112 corresponding to past times and the present time [..., Tx3,
Tx2, Tx1, Tx] into the prediction model 930. The prediction model 930 can output the
predicted output feature values for the future time Tx+1 1104 (i.e., B’). In some embodiments,
the Predicted Future Time Data B’ may be interpreted as “how the plant would look like at a

future time.”

[0123] Projected Future Time Goal C refers to the values of the output features for the

plant at one or more future times (e.g., a trajectory) in order for the plant to meet production
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goals. For example, given a set of production goals (e.g., achieving a particular sellable yield
in three months), the system can determine what the values of the output features for the plant
need to be in a month. In some embodiments, the Projected Future Time Goal C may be

interpreted as “how the plant should look like from now to a future time.”

[0124] The outputs of the prediction model 930 may be inter-related. For example, if a
particular plant is predicted to have a high probability of pest issue, the output feature values
of the neighboring plants may be adjusted accordingly because the pest issue may propagate

to these neighboring plants.

[0125] With reference to FIG. 9, the system can detect health issues for each plant using a
health detector 940. The health detector 940 is configured to determine whether the plant is
diverging from the expected growth trajectory to meet the production goal. The input of the
health detector 940 may include the datasets 934, which includes the Observed Present Time
Data A, Predicted Present Time Data A’, Predicted Future Time Data B’, Projected Future
Time Goal C.

[0126] The health detector 940 may perform a comparison 942 between the Observed
Present Time Data A and the Predicted Present Time Data A’. The comparison may be
indicative of whether any of the output features as presently observed is significantly
different from the system’s prediction for the present time based on historical data. In some
embodiments, for each output feature, the system can calculate a corresponding difference
value between A and A’. The system may compare the difference value against a threshold
(e.g., a threshold associated with the output feature) to determine if a significant deviation is
present for the output feature. In some embodiments, the system may aggregate the
difference values of multiple output features and compare the aggregated value against a

threshold.

[0127] The health detector 940 may perform a comparison 944 between the Observed
Present Time Data A and the Projected Future Time Goal C (e.g., at a time closest to the
present time on the trajectory). The comparison may be indicative of whether any of the
output features as currently observed is significantly different from what the production plan
requires the output feature to be at the present time. A significant difference (e.g., a
difference over a predefined threshold) may indicate that the plant health/growth is lagging or

outpacing the schedule it should be following. In some embodiments, based on the
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difference, the system can determine the amount of developmental lag for the plant (e.g., one
month lagging). In some embodiments, for each output feature, the system can calculate a
corresponding difference value. The system may compare the difference value against a
threshold (e.g., a threshold associated with the output feature) to determine if a significant
deviation is present for that output feature. In some embodiments, the system may aggregate
the difference values of multiple output features and compare the aggregated value against a

threshold.

[0128] The health detector 940 may perform a comparison 946 between the Predicted
Future Time Data B’ and the Projected Future Time Goal C. The comparison may be
indicative of whether any of the output features as predicted for a future time by the system is
significantly different from what the production plan requires the output feature to be at the
future time. A significant difference (e.g., a difference over a predefined threshold) may
indicate that the plant health/growth will be lagging/outpacing the schedule it should be
following. In some embodiments, based on the difference, the system can determine the
amount of developmental lag for the plant (e.g., one month lagging). In some embodiments,
for each output feature, the system can calculate a corresponding difference value. The
system may compare the difference value against a threshold (e.g., a threshold associated
with the output feature) to determine if a significant deviation is present for that output
feature. In some embodiments, the system may aggregate the difference values of multiple

output features and compare the aggregated value against a threshold.

[0129] The health detector 940 may perform an image-based analysis to identify issues
based on the images 912 of the one or more plants. The detector can include one or more

machine-learning models configured to receive an image and detect issues depicted in the

image. The issues may include mal-pollination, misshaped flowers/fruits, presence of pest,
disease symptoms, plant looking stunted, or any other visually identifiable issues related to
the health of a plant. The one or more machine-learning models can be implemented by an
object detection algorithm. In some embodiments, the machine-learning model is a trained

neural network.

[0130] Based on the analyses by the health detector 940, the system can determine if each
plant is healthy or not healthy, or whether the plant is tracking the trajectory to meet
production goal(s). In some embodiments, the system can determine that a plant is not

healthy or not tracking the trajectory based on the comparison 942, the comparison 944, the
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comparison 946, any issues identified in the image-based analysis, or any combination

thereof.

[0131] In some embodiments, a plant may be associated with a special status. For
example, a disease may have been previously identified and/or a treatment may have been
prescribed and applied to a plant, and the plant may be flagged for special monitoring by the
system. The treatment(s) can be included as an input feature for the prediction model 930.
Accordingly, the prediction model 930 can take account of the treatment(s) when predicting
the Predicted Present Time Data A’ and Predicted Future Time Data B’. Thus, the
comparison 942 (A v. A’) can indicate whether the plant’s recovery is presently on track, and
the comparison 946 (B’ v. C) can indicate whether the predicted future matches the recovery
growth trajectory. In some embodiments, for a special plant, the system may determine that
the plant’s recovery is on track if both the comparison 942 and the comparison 946 yield no

significant deviations.

[0132] With reference to FIG. 9, if the system determines that a plant is healthy, tracking
the trajectory, and/or its recovery is on track, the system can output an indication that the
plant is healthy or on track to recover using the reporting module 970. The system may also
report any results of the above-described analyses, such as any portion of the datasets 902-
912, any portion of the datasets 934, any portion of the comparisons 942-946, the image-
based analysis, or any combination thereof. In some embodiments, the reporting module 970
is the grower dashboard report module 242. In some embodiments, if the system determines
that a plant is healthy, tracking the trajectory, and/or its recovery is on track, the system may
continue to optimize a growth plan for the plant, continue to apply existing treatment(s),
continue to monitor the plant, prescribe actions appropriate to health plants (e.g., pruning), or

any combination thereof.

[0133] If, on the other hand, the system determines that the plant is not healthy, lagging
the trajectory, or is not on track to recover, the system can perform a root cause analysis
using a root cause analyzer 950. The root cause analyzer may receive, as input, any output
feature for which deviation is detected from comparison 942, 944, and/or 946. In some
embodiments, the root cause analyzer may also receive features 902-912, datasets 934, or any

combination thereof.
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[0134] The root cause analyzer includes a list of candidate root causes that may affect
plant health. In some embodiments, the candidate root causes may include: out-of-range
temperature, out-of-range humidity, out-of-range lighting, irrigation schedule, irrigation
quantity, nutrient composition, virus, disease, pest, etc. In some embodiments, each root
cause may be pre-associated with one or more mitigation actions specific to fixing the root
cause. Additionally or alternatively, the root cause analyzer may propose one or more lab

tests to be performed to obtain more information while treatment is applied.

[0135] The root cause analyzer 950 can determine a probability associated with each
candidate root cause and identify one or more root causes by comparing the probabilities
against a predefined threshold. For each identified root cause, the system can determine the

associated one or more mitigation actions to address the root cause.

[0136] In some embodiments, the system can predict the effectiveness or importance of a
particular mitigation action for a plant by comparing expected plant growth trajectories if the
root cause is not fixed vs. some mitigating action is taken. For example, the system can
provide input features of a plant, as well as information related to the mitigation action, to the
prediction model 930 to obtain predicted output features for a future time if the mitigation
action is taken. These predicted output features can be compared against the predicted output
features assuming that the mitigation action is not taken on the plant. The differences in the
output features (e.g., the difference in sellable fruits, the difference in flower count) can be
used to evaluate the effectiveness or importance of the mitigation action. For example, the
comparisons may reveal that the plant would be dead in a month if a virus root cause is not
addressed, while the plant may recover by itself in a month if a lighting root cause is not

addressed.

[0137] The root cause analyzer may include one or more machine-learning models. In
some embodiments, the root cause analyzer may include a supervised machine learning
model that outputs the set of candidate root causes, a decision tree that outputs the candidate
root causes based on the input conditions, a plant growth simulator that simulates various
conditions (e.g., low irrigation, disease, etc.) that may have resulted in the plant’s current
condition, imitation learning module that mimics what a grower would have indicated as the
root causes, or any combination thereof. In some embodiments, the models are part of the

ML modules 240.
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[0138] With reference to FIG. 9, after the root cause analyzer 950 identifies the root
causes and the mitigation actions, the system can generate a work order using a work order
generator 960. In some embodiments, the work order generator can receive as input: features
902-912, the identified root causes, the corresponding mitigation actions, the required growth
trajectory according to the production plan, the predicted plant growth trajectories as
determined by the root cause analyzer 950, the cost and benefit associated with each

mitigation action, or any combination thereof.

[0139] The work order generator 960 can output one or more work orders for each plant
to prescribe the treatments for target plants, including change in irrigation schedule or
nutrient (either targeted or global), application of targeted fertilizer or pesticide, removal of
the plant, transplanting of a new plant, continued monitoring, lab test, etc. In some
embodiments, the system can use the prediction model 930 to predict the growth trajectory of

the plant if the work order(s) are implemented.

[0140] The work order generator may include one or more machine-learning models
configured to generate the work orders. In some embodiments, the work order generator may
include a supervised learning or imitation learning model that learns to mimic what a grower
would have prescribed, a reinforcement learning model that optimizes the output growth
trajectory to match the production plan trajectory as quickly as possible, a decision tree that
outputs a set of work orders based on the inputs, or any combination thereof. In some
embodiments, the work order generator comprises a weighted decision tree whose tree
structure may be initially proposed by expert growers and weights are tuned through
experiments to maximize the crop yield and minimize any potential production risk, such as

pest issues. In some embodiments, the models can be part of the ML modules 240.

[0141] With reference to FIG. 9, after the work orders are generated, the system can
output an indication that the plant is not healthy, lagging the trajectory, or not recovering as
expected using the reporting module 970. The system may also report any results of the
above-described analyses, such as any portion of the datasets 902-912, any portion of the
datasets 934, any portion of the comparisons 942-946, results by the root cause analyzer,
results by the work order generator (such as the predicted recovery growth trajectory), or any
combination thereof. In some embodiments, the reporting module 970 can be the grower
dashboard report module 242. In some embodiments, the work orders may be reviewed and

adjusted by a human worker.
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[0142] The system can execute the work orders using one or more robots (e.g., robots
112), one or more growers, or a combination thereof, as described herein. For example, the
robot task scheduler 222 determines various tasks to be performed by robots 112 based on the
work orders. The robot task scheduler 222 further schedules the tasks among the available
robots 112. For example, tasks include harvesting, monitoring, transporting and other tasks
relevant to farm or greenhouse operations. As another example, the grower task scheduler
224 determines various tasks to be performed by a human worker (e.g., grower) based on the
work orders. The grower task scheduler 224 further schedules the tasks among available
growers. In some embodiments, the grower task scheduler 224 adapts to a human labor
schedule and constrains the scheduling of the tasks and other operations of the farm or

greenhouse accordingly.

[0143] Using the system described herein, greenhouses can be efficiently managed with
minimal human effort and intervention. The system can closely and constantly monitor the
plants in a greenhouse, detect ongoing health issues on a per-plant basis, intelligently identify
the appropriate treatment options by taking account of the cost, benefit, and production goals,
and administer the treatments using robots in an autonomous manner. Accordingly, the
system provides for modular and autonomous greenhouses designed to provide sustainably
grown fruits and vegetables. The greenhouses can operate near major cities to create short
and efficient supply chains to ensure that fresh fruits are readily available anywhere, enabling

consumers to get access to fresh food products.

[0144] FIG. 12 illustrates an exemplary process 1200 for predicting and managing plant
health, in accordance with some embodiments. Process 1200 is performed, for example,
using one or more electronic devices implementing a software platform. In some examples,
process 1200 is performed using a client-server system, and the blocks of process 1200 are
divided up in any manner between the server and one or more client devices. Thus, while
portions of process 1200 are described herein as being performed by particular devices of a
client-server system, it will be appreciated that process 1200 is not so limited. In other
examples, process 1200 is performed using only a client device or only multiple client
devices. In process 1200, some blocks are, optionally, combined, the order of some blocks is,
optionally, changed, and some blocks are, optionally, omitted. In some examples, additional

steps may be performed in combination with the process 1200. Accordingly, the operations
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as illustrated (and described in greater detail below) are exemplary by nature and, as such,

should not be viewed as limiting.

[0145] Atblock 1202, an exemplary system (e.g., one or more electronic devices)
receives data associated with the plant, wherein the data is at least partially obtained using
one or more sensors in the greenhouse; at block 1204, the system provides the received data
to a trained machine-learning prediction model to obtain: a first set of health predictions of
the plant corresponding to a present time; and a second set of health predictions of the plant
corresponding to a future time; at block 1206, the system determines whether the plant is
unhealthy or lagging a growth trajectory based on: a first comparison based on the first set of
health predictions and observed health of the plant at the present time, and a second
comparison based on the second set of health predictions and a future production goal of the
plant; at block 1208, if the plant is unhealthy or lagging the growth trajectory, the system
identifies the one or more treatments for the plant; and at block 1210, the system controls one

or more robots in the greenhouse to administer the one or more treatments to the plant.

[0146] In some embodiments, the one or more treatments comprise: applying a fertilizer
to the plant, applying a pesticide to the plant, removing the plant from the greenhouse,
transplanting a new plant to replace the plant, performing a lab test on the plant, collecting
data on the plant, updating irrigation settings for the plant, updating nutrient settings for the

plant, or any combination thereof.

[0147] In some embodiments, the trained prediction model comprises: a supervised
machine-learning model, a multi-modal Gaussian process regression model, a non-linear
regression model, a process-driven model, a residual-based machine-learning model, a
weight-based machine-learning model, a generative-adversarial machine-learning model, or

any combination thereof.

[0148] In some embodiments, the first set of health predictions of the plant is obtained
by: obtaining a plurality of historical feature values based on the received data; and providing
the plurality of historical feature values to the trained prediction model to obtain the first set

of health predictions of the plant.

[0149] In some embodiments, the plurality of historical feature values comprises

information related to a historical treatment to the plant.
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[0150] In some embodiments, the second set of health predictions of the plant is obtained
by: obtaining a plurality of historical feature values based on the received data; obtaining a
plurality of present feature values based on the received data; and providing the plurality of
historical feature values and the plurality of present feature values to the trained prediction

model to obtain the second set of health predictions.

[0151] In some embodiments, determining whether the plant is unhealthy or lagging the
growth trajectory is further based on a comparison based on the first set of health predictions

and the future production goal of the plant.

[0152] In some embodiments, the first set of health predictions and the second set of

health predictions are with respect to a plurality of output features.

[0153] In some embodiments, the plurality of output features comprises: a sellable yield,
a flower count, a sellable fruit count, a weight of a fruit, a flower-to-fruit conversion ratio, a
canopy height, a stem length, a biomass, a number of leaves, a leaf area index, or any

combination thereof.

[0154] In some embodiments, identifying the one or more treatments for the plant
comprises: identifying a subset of output features from the plurality of output features based
on the first comparison and/or the second comparison; providing information related to the
subset of output features to a trained machine-learning root cause analysis model to obtain
one or more root causes; identifying one or more mitigation actions based on the one or more
root causes; and providing information related to the one or more mitigation actions to a

trained machine-learning work order model to obtain the one or more treatments.

[0155] In some embodiments, the trained machine-learning root cause analysis model is

configured to output a plurality of probabilities associated with a plurality of root causes.

[0156] In some embodiments, the one or more root causes are identified based on the

plurality of probabilities.

[0157] In some embodiments, the trained machine-learning root cause analysis model
comprises a supervised model, a decision tree, a plant growth simulator, an imitation learning

model, or any combination thereof.
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[0158] In some embodiments, the trained machine-learning work order model comprises
a supervised model, an imitation model, a reinforcement model, a decision tree, or any

combination thereof.

[0159] In some embodiments, the method further comprises: evaluating, using the

prediction model, an effectiveness of the one or more mitigation actions.

[0160] In some embodiments, the method further comprises: adjusting the first set of
health predictions of the plant based on one or more health predictions of a neighboring plant

in the greenhouse.

[0161] In some embodiments, the received data comprises information related to: a
plurality of plant-specific features, a plurality of microclimate section features, a plurality of
irrigation section features, a plurality of work section features, one or more images of the

plant, or any combination thereof.

[0162] In some embodiments, the method further comprises: if the plant is healthy and
tracking the growth trajectory, optimizing a growth plan for the plant, applying an existing
treatment to the plant, monitoring the plant, generating a work order to prune the plant, or any

combination thereof.

[0163] In some embodiments, the data associated with the plant is at least partially

obtained using a robot or based on one or more user inputs.

[0164] In some embodiments, the method further comprises: assigning one or more tasks

to a human worker if the plant is unhealthy or lagging the growth trajectory.

[0165] An exemplary system for administering one or more treatments to a plant in a
greenhouse comprises: one or more processors; a memory; and one or more programs,
wherein the one or more programs are stored in the memory and configured to be executed by
the one or more processors, the one or more programs including instructions for: receiving
data associated with the plant, wherein the data is at least partially obtained using one or
more sensors in the greenhouse; providing the received data to a trained machine-learning
prediction model to obtain: a first set of health predictions of the plant corresponding to a
present time; and a second set of health predictions of the plant corresponding to a future

time; determining whether the plant is unhealthy or lagging a growth trajectory based on: a
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first comparison based on the first set of health predictions and observed health of the plant at
the present time, and a second comparison based on the second set of health predictions and a
future production goal of the plant; if the plant is unhealthy or lagging the growth trajectory,

identifying the one or more treatments for the plant; and controlling one or more robots in the

greenhouse to administer the one or more treatments to the plant.

[0166] An exemplary non-transitory computer-readable storage medium stores one or
more programs for administering one or more treatments to a plant in a greenhouse, the one
or more programs comprising instructions, which when executed by one or more processors
of an electronic device, cause the electronic device to: receive data associated with the plant,
wherein the data is at least partially obtained using one or more sensors in the greenhouse;
provide the received data to a trained machine-learning prediction model to obtain: a first set
of health predictions of the plant corresponding to a present time; and a second set of health
predictions of the plant corresponding to a future time; determine whether the plant is
unhealthy or lagging a growth trajectory based on: a first comparison based on the first set of
health predictions and observed health of the plant at the present time, and a second
comparison based on the second set of health predictions and a future production goal of the
plant; if the plant is unhealthy or lagging the growth trajectory, identify the one or more
treatments for the plant; and control one or more robots in the greenhouse to administer the

one or more treatments to the plant.

COMPUTING MACHINE ARCHITECTURE

[0167] FIG. 8 is a block diagram illustrating components of an example machine able to
read instructions from a machine-readable medium and execute them in a processor (or
controller). Specifically, FIG. 8 shows a diagrammatic representation of a machine in the
example form of a computer system 800 within which instructions 824 (e.g., software) for
causing the machine to perform any one or more of the methodologies discussed herein may
be executed. In alternative embodiments, the machine operates as a standalone device or may
be connected (e.g., networked) to other machines. In a networked deployment, the machine
may operate in the capacity of a server machine or a client machine in a server-client network

environment, or as a peer machine in a peer-to-peer (or distributed) network environment.

[0168] The machine may be a server computer, a client computer, a personal computer

(PC), a tablet PC, a set-top box (STB), a personal digital assistant (PDA), a cellular

33



CA 03218501 2023-10-26

WO 2022/232783 PCT/US2022/071929

telephone, a smartphone, a web appliance, a network router, switch or bridge, or any machine
capable of executing instructions 824 (sequential or otherwise) that specify actions to be
taken by that machine. Further, while only a single machine is illustrated, the term
“machine” shall also be taken to include any collection of machines that individually or
jointly execute instructions 824 to perform any one or more of the methodologies discussed

herein.

[0169] The example computer system 800 includes a processor 802 (e.g., a central
processing unit (CPU), a graphics processing unit (GPU), a digital signal processor (DSP),
one or more application specific integrated circuits (ASICs), one or more radio-frequency
integrated circuits (RFICs), or any combination of these), a main memory 804, and a static
memory 806, which are configured to communicate with each other via a bus 808. The
computer system 800 may further include graphics display unit 810 (e.g., a plasma display
panel (PDP), a liquid crystal display (LCD), a projector, or a cathode ray tube (CRT)). The
computer system 800 may also include alphanumeric input device 812 (e.g., a keyboard), a
cursor control device 814 (e.g., a mouse, a trackball, a joystick, a motion sensor, or other
pointing instrument), a storage unit 816, a signal generation device 818 (e.g., a speaker), and

a network interface device 820, which also are configured to communicate via the bus 808.

[0170] The storage unit 816 includes a machine-readable medium 822 on which is stored
instructions 824 (e.g., software) embodying any one or more of the methodologies or
functions described herein. The instructions 824 (e.g., software) may also reside, completely
or at least partially, within the main memory 804 or within the processor 802 (e.g., within a
processor’s cache memory) during execution thereof by the computer system 800, the main
memory 804 and the processor 802 also constituting machine-readable media. The
instructions 824 (e.g., software) may be transmitted or received over a network 826 via the

network interface device 820.

[0171] While machine-readable medium 822 is shown in an example embodiment to be a
single medium, the term “machine-readable medium” should be taken to include a single
medium or multiple media (e.g., a centralized or distributed database, or associated caches
and servers) able to store instructions (e.g., instructions 824). The term “machine-readable
medium” shall also be taken to include any medium that is capable of storing instructions
(e.g., instructions 824) for execution by the machine and that cause the machine to perform

any one or more of the methodologies disclosed herein. The term “machine-readable
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medium” includes, but not be limited to, data repositories in the form of solid-state memories,

optical media, and magnetic media.
ADDITIONAL CONFIGURATION CONSIDERATIONS

[0172] Throughout this specification, plural instances may implement components,
operations, or structures described as a single instance. Although individual operations of
one or more methods are illustrated and described as separate operations, one or more of the
individual operations may be performed concurrently, and nothing requires that the
operations be performed in the order illustrated. Structures and functionality presented as
separate components in example configurations may be implemented as a combined structure
or component. Similarly, structures and functionality presented as a single component may
be implemented as separate components. These and other variations, modifications,

additions, and improvements fall within the scope of the subject matter herein.

[0173] Certain embodiments are described herein as including logic or a number of
components, modules, or mechanisms. Modules may constitute either software modules
(e.g., code embodied on a machine-readable medium or in a transmission signal) or hardware
modules. A hardware module is tangible unit capable of performing certain operations and
may be configured or arranged in a certain manner. In example embodiments, one or more
computer systems (e.g., a standalone, client or server computer system) or one or more
hardware modules of a computer system (e.g., a processor or a group of processors) may be
configured by software (e.g., an application or application portion) as a hardware module that

operates to perform certain operations as described herein.

[0174] In various embodiments, a hardware module may be implemented mechanically
or electronically. For example, a hardware module may comprise dedicated circuitry or logic
that is permanently configured (e.g., as a special-purpose processor, such as a field
programmable gate array (FPGA) or an application-specific integrated circuit (ASIC)) to
perform certain operations. A hardware module may also comprise programmable logic or
circuitry (e.g., as encompassed within a general-purpose processor or other programmable
processor) that is temporarily configured by software to perform certain operations. It will be
appreciated that the decision to implement a hardware module mechanically, in dedicated and
permanently configured circuitry, or in temporarily configured circuitry (e.g., configured by

software) may be driven by cost and time considerations.
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[0175] The various operations of example methods described herein may be performed,
at least partially, by one or more processors that are temporarily configured (e.g., by
software) or permanently configured to perform the relevant operations. Whether
temporarily or permanently configured, such processors may constitute processor-
implemented modules that operate to perform one or more operations or functions. The
modules referred to herein may, in some example embodiments, comprise processor-

implemented modules.

[0176] The one or more processors may also operate to support performance of the
relevant operations in a “cloud computing” environment or as a “software as a service”
(SaaS). For example, at least some of the operations may be performed by a group of
computers (as examples of machines including processors), these operations being accessible
via a network (e.g., the Internet) and via one or more appropriate interfaces (e.g., application

program interfaces (APIs).)

[0177] The performance of certain of the operations may be distributed among the one or
more processors, not only residing within a single machine, but deployed across a number of
machines. In some example embodiments, the one or more processors or processor-
implemented modules may be located in a single geographic location (e.g., within a home
environment, an office environment, or a server farm). In other example embodiments, the
one or more processors or processor-implemented modules may be distributed across a

number of geographic locations.

[0178] Some portions of this specification are presented in terms of algorithms or
symbolic representations of operations on data stored as bits or binary digital signals within a
machine memory (e.g., a computer memory). These algorithms or symbolic representations

are examples of techniques used by those of ordinary skill in the data processing arts to

’

convey the substance of their work to others skilled in the art. As used herein, an “algorithm’
is a self-consistent sequence of operations or similar processing leading to a desired result. In
this context, algorithms and operations involve physical manipulation of physical quantities.
Typically, but not necessarily, such quantities may take the form of electrical, magnetic, or
optical signals capable of being stored, accessed, transferred, combined, compared, or

otherwise manipulated by a machine. It is convenient at times, principally for reasons of

b3

common usage, to refer to such signals using words such as “data,” “content,” “bits,”

EEINT3 EEINT3 b INTS EEINT3 b3 EEINT3

“values,” “elements,” “symbols,” “characters,” “terms,” “numbers,” “numerals,” or the like.
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These words, however, are merely convenient labels and are to be associated with appropriate

physical quantities.

[0179] Unless specifically stated otherwise, discussions herein using words such as

EEINT3 EEINT3 EEINT3

“processing,” “computing,” “calculating,” “determining,” “presenting,” “displaying,” or the
like may refer to actions or processes of a machine (e.g., a computer) that manipulates or
transforms data represented as physical (e.g., electronic, magnetic, or optical) quantities
within one or more memories (e.g., volatile memory, non-volatile memory, or a combination
thereof), registers, or other machine components that receive, store, transmit, or display

information.

[0180] As used herein any reference to “one embodiment” or “an embodiment” means
that a particular element, feature, structure, or characteristic described in connection with the
embodiment is included in at least one embodiment. The appearances of the phrase “in one
embodiment” in various places in the specification are not necessarily all referring to the

same embodiment.

[0181] Some embodiments may be described using the expression “coupled” and
“connected” along with their derivatives. For example, some embodiments may be described
using the term “coupled” to indicate that two or more elements are in direct physical or
electrical contact. The term “coupled,” however, may also mean that two or more elements
are not in direct contact with each other, but yet still co-operate or interact with each other.

The embodiments are not limited in this context.

EEINT3 9 el 9 el

[0182] As used herein, the terms “comprises,” “comprising,” “includes,” “including,”
“has,” “having” or any other variation thereof, are intended to cover a non-exclusive
inclusion. For example, a process, method, article, or apparatus that comprises a list of
elements is not necessarily limited to only those elements but may include other elements not
expressly listed or inherent to such process, method, article, or apparatus. Further, unless
expressly stated to the contrary, “or” refers to an inclusive or and not to an exclusive or. For
example, a condition A or B is satisfied by any one of the following: A is true (or present)

and B is false (or not present), A is false (or not present) and B is true (or present), and both

A and B are true (or present).

[0183] In addition, use of the “a” or “an” are employed to describe elements and

components of the embodiments herein. This is done merely for convenience and to give a
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general sense of the invention. This description should be read to include one or at least one

and the singular also includes the plural unless it is obvious that it is meant otherwise.
Exemplary Embodiments
[0184] Among the provided embodiments are:

1. A computer-implemented method for administering one or more treatments to a plant in a
greenhouse, comprising:
receiving data associated with the plant, wherein the data is at least partially obtained
using one or more sensors in the greenhouse;
providing the received data to a trained machine-learning prediction model to obtain:
a first set of health predictions of the plant corresponding to a present time;
and
a second set of health predictions of the plant corresponding to a future time;
determining whether the plant is unhealthy or lagging a growth trajectory based on:
a first comparison based on the first set of health predictions and observed
health of the plant at the present time, and
a second comparison based on the second set of health predictions and a future
production goal of the plant;
if the plant is unhealthy or lagging the growth trajectory, identifying the one or more
treatments for the plant; and
controlling one or more robots in the greenhouse to administer the one or more

treatments to the plant.

2. The method of embodiment 1, wherein the one or more treatments comprise: applying a
fertilizer to the plant, applying a pesticide to the plant, removing the plant from the
greenhouse, transplanting a new plant to replace the plant, performing a lab test on the
plant, collecting data on the plant, updating irrigation settings for the plant, updating

nutrient settings for the plant, or any combination thereof.
3. The method of embodiment 1 or embodiment 2, wherein the trained prediction model

comprises: a supervised machine-learning model, a multi-modal Gaussian process

regression model, a non-linear regression model, a process-driven model, a residual-based
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machine-learning model, a weight-based machine-learning model, a generative-

adversarial machine-learning model, or any combination thereof.

The method of any of embodiments 1-3, wherein the first set of health predictions of the
plant is obtained by:
obtaining a plurality of historical feature values based on the received data; and
providing the plurality of historical feature values to the trained prediction model to

obtain the first set of health predictions of the plant.

The method of embodiment 4, wherein the plurality of historical feature values comprises

information related to a historical treatment to the plant.

The method of any of the embodiments 1-4, wherein the second set of health predictions
of the plant is obtained by:
obtaining a plurality of historical feature values based on the received data;
obtaining a plurality of present feature values based on the received data; and
providing the plurality of historical feature values and the plurality of present feature

values to the trained prediction model to obtain the second set of health predictions.

The method of any of embodiments 1-6, wherein determining whether the plant is
unhealthy or lagging the growth trajectory is further based on a comparison based on the

first set of health predictions and the future production goal of the plant.

The method of any of embodiments 1-7, wherein the first set of health predictions and the

second set of health predictions are with respect to a plurality of output features.

The method of embodiment 8, wherein the plurality of output features comprises: a
sellable yield, a flower count, a sellable fruit count, a weight of a fruit, a flower-to-fruit
conversion ratio, a canopy height, a stem length, a biomass, a number of leaves, a leaf

area index, or any combination thereof.

The method of any of embodiments 8-9, wherein identifying the one or more treatments

for the plant comprises:
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identifying a subset of output features from the plurality of output features based on
the first comparison and/or the second comparison;

providing information related to the subset of output features to a trained machine-
learning root cause analysis model to obtain one or more root causes;

identifying one or more mitigation actions based on the one or more root causes; and

providing information related to the one or more mitigation actions to a trained

machine-learning work order model to obtain the one or more treatments.

The method of embodiment 10, wherein the trained machine-learning root cause analysis
model is configured to output a plurality of probabilities associated with a plurality of

Toot causes.

The method of embodiment 11, wherein the one or more root causes are identified based

on the plurality of probabilities.

The method of any of embodiments 10-12, wherein the trained machine-learning root
cause analysis model comprises a supervised model, a decision tree, a plant growth

simulator, an imitation learning model, or any combination thereof.

The method of any of embodiments 10-13, wherein the trained machine-learning work
order model comprises a supervised model, an imitation model, a reinforcement model, a

decision tree, or any combination thereof.

The method of any of embodiments 10-14, further comprising: evaluating, using the

prediction model, an effectiveness of the one or more mitigation actions.

The method of any of embodiments 1-15, further comprising: adjusting the first set of
health predictions of the plant based on one or more health predictions of a neighboring

plant in the greenhouse.

The method of any of embodiments 1-6, wherein the received data comprises information
related to: a plurality of plant-specific features, a plurality of microclimate section
features, a plurality of irrigation section features, a plurality of work section features, one

or more images of the plant, or any combination thereof.
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18. The method of any of embodiments 1-7, further comprising: if the plant is healthy and
tracking the growth trajectory, optimizing a growth plan for the plant, applying an
existing treatment to the plant, monitoring the plant, generating a work order to prune the

plant, or any combination thereof.

19. The method of any of embodiments 1-18, wherein the data associated with the plant is at

least partially obtained using a robot or based on one or more user inputs.

20. The method of any of embodiments 1-19, further comprising assigning one or more tasks

to a human worker if the plant is unhealthy or lagging the growth trajectory.

21. A system for administering one or more treatments to a plant in a greenhouse,
comprising:
one or More processors;
a memory; and
one or more programs, wherein the one or more programs are stored in the memory
and configured to be executed by the one or more processors, the one or more programs
including instructions for:
receiving data associated with the plant, wherein the data is at least partially obtained
using one or more sensors in the greenhouse;
providing the received data to a trained machine-learning prediction model to obtain:
a first set of health predictions of the plant corresponding to a present time;
and
a second set of health predictions of the plant corresponding to a future time;
determining whether the plant is unhealthy or lagging a growth trajectory based on:
a first comparison based on the first set of health predictions and observed
health of the plant at the present time, and
a second comparison based on the second set of health predictions and a future
production goal of the plant;
if the plant is unhealthy or lagging the growth trajectory, identifying the one or more
treatments for the plant; and
controlling one or more robots in the greenhouse to administer the one or more

treatments to the plant.
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22. A non-transitory computer-readable storage medium storing one or more programs for
administering one or more treatments to a plant in a greenhouse, the one or more
programs comprising instructions, which when executed by one or more processors of an
electronic device, cause the electronic device to:

receive data associated with the plant, wherein the data is at least partially obtained
using one or more sensors in the greenhouse;
provide the received data to a trained machine-learning prediction model to obtain:
a first set of health predictions of the plant corresponding to a present time;
and
a second set of health predictions of the plant corresponding to a future time;
determine whether the plant is unhealthy or lagging a growth trajectory based on:
a first comparison based on the first set of health predictions and observed
health of the plant at the present time, and
a second comparison based on the second set of health predictions and a future
production goal of the plant;
if the plant is unhealthy or lagging the growth trajectory, identify the one or more
treatments for the plant; and
control one or more robots in the greenhouse to administer the one or more treatments
to the plant.

[0185] Upon reading this disclosure, those of skill in the art will appreciate still additional

alternative structural and functional designs for a system and a process for controlling a farm

or greenhouse through the disclosed principles herein. Thus, while particular embodiments
and applications have been illustrated and described, it is to be understood that the disclosed
embodiments are not limited to the precise construction and components disclosed herein.

Various modifications, changes and variations, which will be apparent to those skilled in the

art, may be made in the arrangement, operation and details of the method and apparatus

disclosed herein without departing from the spirit and scope defined in the appended claims.
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CLAIMS
What is claimed is:

1. A computer-implemented method for administering one or more treatments to a plant in a
greenhouse, comprising:
receiving data associated with the plant, wherein the data is at least partially obtained
using one or more sensors in the greenhouse;
providing the received data to a trained machine-learning prediction model to obtain:
a first set of health predictions of the plant corresponding to a present time;
and
a second set of health predictions of the plant corresponding to a future time;
determining whether the plant is unhealthy or lagging a growth trajectory based on:
a first comparison based on the first set of health predictions and observed
health of the plant at the present time, and
a second comparison based on the second set of health predictions and a future
production goal of the plant;
if the plant is unhealthy or lagging the growth trajectory, identifying the one or more
treatments for the plant; and
controlling one or more robots in the greenhouse to administer the one or more

treatments to the plant.

2. The method of claim 1, wherein the one or more treatments comprise: applying a
fertilizer to the plant, applying a pesticide to the plant, removing the plant from the
greenhouse, transplanting a new plant to replace the plant, performing a lab test on the
plant, collecting data on the plant, updating irrigation settings for the plant, updating

nutrient settings for the plant, or any combination thereof.

3. The method of claim 1 or claim 2, wherein the trained prediction model comprises: a
supervised machine-learning model, a multi-modal Gaussian process regression model, a
non-linear regression model, a process-driven model, a residual-based machine-learning
model, a weight-based machine-learning model, a generative-adversarial machine-

learning model, or any combination thereof.
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The method of any of claims 1-3, wherein the first set of health predictions of the plant is
obtained by:
obtaining a plurality of historical feature values based on the received data; and
providing the plurality of historical feature values to the trained prediction model to

obtain the first set of health predictions of the plant.

The method of claim 4, wherein the plurality of historical feature values comprises

information related to a historical treatment to the plant.

The method of any of the claims 1-4, wherein the second set of health predictions of the
plant is obtained by:
obtaining a plurality of historical feature values based on the received data;
obtaining a plurality of present feature values based on the received data; and
providing the plurality of historical feature values and the plurality of present feature

values to the trained prediction model to obtain the second set of health predictions.

The method of any of claims 1-6, wherein determining whether the plant is unhealthy or
lagging the growth trajectory is further based on a comparison based on the first set of

health predictions and the future production goal of the plant.

The method of any of claims 1-7, wherein the first set of health predictions and the

second set of health predictions are with respect to a plurality of output features.

The method of claim 8, wherein the plurality of output features comprises: a sellable
yield, a flower count, a sellable fruit count, a weight of a fruit, a flower-to-fruit
conversion ratio, a canopy height, a stem length, a biomass, a number of leaves, a leaf

area index, or any combination thereof.

The method of any of claims 8-9, wherein identifying the one or more treatments for the
plant comprises:

identifying a subset of output features from the plurality of output features based on
the first comparison and/or the second comparison;

providing information related to the subset of output features to a trained machine-

learning root cause analysis model to obtain one or more root causes;
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identifying one or more mitigation actions based on the one or more root causes; and
providing information related to the one or more mitigation actions to a trained

machine-learning work order model to obtain the one or more treatments.

The method of claim 10, wherein the trained machine-learning root cause analysis model
is configured to output a plurality of probabilities associated with a plurality of root

causces.

The method of claim 11, wherein the one or more root causes are identified based on the

plurality of probabilities.

The method of any of claims 10-12, wherein the trained machine-learning root cause
analysis model comprises a supervised model, a decision tree, a plant growth simulator,

an imitation learning model, or any combination thereof.

The method of any of claims 10-13, wherein the trained machine-learning work order
model comprises a supervised model, an imitation model, a reinforcement model, a

decision tree, or any combination thereof.

The method of any of claims 10-14, further comprising: evaluating, using the prediction

model, an effectiveness of the one or more mitigation actions.

The method of any of claims 1-15, further comprising: adjusting the first set of health
predictions of the plant based on one or more health predictions of a neighboring plant in

the greenhouse.

The method of any of claims 1-6, wherein the received data comprises information related
to: a plurality of plant-specific features, a plurality of microclimate section features, a
plurality of irrigation section features, a plurality of work section features, one or more

images of the plant, or any combination thereof.

The method of any of claims 1-7, further comprising: if the plant is healthy and tracking

the growth trajectory, optimizing a growth plan for the plant, applying an existing
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treatment to the plant, monitoring the plant, generating a work order to prune the plant, or

any combination thereof.

19. The method of any of claims 1-18, wherein the data associated with the plant is at least

partially obtained using a robot or based on one or more user inputs.

20. The method of any of claims 1-19, further comprising assigning one or more tasks to a

human worker if the plant is unhealthy or lagging the growth trajectory.

21. A system for administering one or more treatments to a plant in a greenhouse,
comprising:
one or More processors;
a memory; and
one or more programs, wherein the one or more programs are stored in the memory
and configured to be executed by the one or more processors, the one or more programs
including instructions for:
receiving data associated with the plant, wherein the data is at least partially obtained
using one or more sensors in the greenhouse;
providing the received data to a trained machine-learning prediction model to obtain:
a first set of health predictions of the plant corresponding to a present time;
and
a second set of health predictions of the plant corresponding to a future time;
determining whether the plant is unhealthy or lagging a growth trajectory based on:
a first comparison based on the first set of health predictions and observed
health of the plant at the present time, and
a second comparison based on the second set of health predictions and a future
production goal of the plant;
if the plant is unhealthy or lagging the growth trajectory, identifying the one or more
treatments for the plant; and
controlling one or more robots in the greenhouse to administer the one or more

treatments to the plant.

22. A non-transitory computer-readable storage medium storing one or more programs for

administering one or more treatments to a plant in a greenhouse, the one or more
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programs comprising instructions, which when executed by one or more processors of an
electronic device, cause the electronic device to:
receive data associated with the plant, wherein the data is at least partially obtained
using one or more sensors in the greenhouse;
provide the received data to a trained machine-learning prediction model to obtain:
a first set of health predictions of the plant corresponding to a present time;
and
a second set of health predictions of the plant corresponding to a future time;
determine whether the plant is unhealthy or lagging a growth trajectory based on:
a first comparison based on the first set of health predictions and observed
health of the plant at the present time, and
a second comparison based on the second set of health predictions and a future
production goal of the plant;
if the plant is unhealthy or lagging the growth trajectory, identify the one or more
treatments for the plant; and
control one or more robots in the greenhouse to administer the one or more treatments

to the plant.
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