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(57) Abrégé/Abstract:

A method for calibrating forecasts involving temperature, precipitation, and other weather related variables is provided. In an
embodiment historical ensemble-based forecasts and historical observations are received by an agricultural intelligence computing
system. Historical differences are determined between the forecasts and the observations corresponding to the forecasts and
stored in the volatile memory of the agricultural inteligence computing system. The agricultural inteligence computing system
receives current ensemble-based forecasts and a request for improved forecasts. The agricultural intelligence computing system

retrieves the historical differences and uses a combination of the
create probability distributions for the weather for each lead day.

historical differences and the current ensemble-based forecasts to
The agricultural intelligence computing system then samples from

the probability distributions to create improved ensemble-based forecasts at the requested location.

C ana dg http:/opic.ge.ca + Ottawa-Hull K1A 0C9 - http:/cipo.ge.ca

OPIC - CIPO 191

OPIC




wO 2016/164147 A1 I} WA 0000 0 OO

(43) International Publication Date

CA 02982806 2017-10-05

(12) INTERNATIONAL APPLICATION PUBLISHED UNDER THE PATENT COOPERATION TREATY (PCT)

(19) World Intellectual Property
Organization
International Bureau

—~
é

\\

(10) International Publication Number

WO 2016/164147 Al

13 October 2016 (13.10.2016) WIPOIPCT

(51) International Patent Classification: (81) Designated States (uniess otherwise indicated, for every
G06Q 10/04 (2012.01) G06Q 50/02 (2012.01) kind of national protection available). AE, AG, AL, AM,
GO1W 1/10 (2006.01) AO, AT, AU, AZ, BA, BB, BG, BH, BN, BR, BW, BY,
21) International Apolication Number: BZ, CA, CH, CL, CN, CO, CR, CU, CZ, DE, DK, DM,
(21) International Application Number: DO, DZ, EC, FE, EG, ES, FI, GB, GD, GE, GH, GM, GT,
PCT/US2016/022503 HN, HR, HU, ID, IL, IN, IR, IS, JP, KE, KG, KN, KP, KR,
(22) International Filing Date: KZ, LA, LC, LK, LR, LS, LU, LY, MA, MD, ME, MG,
15 March 2016 (15.03.2016) MK, MN, MW, MX, MY, MZ, NA, NG, NI, NO, NZ, OM,
PA, PE, PG, PH, PL, PT, QA, RO, RS, RU, RW, SA, SC,
(25) Filing Language: English SD, SE, SG, SK, SL, SM, ST, SV, SY, TH, TJ, TM, TN,

(26) Publication Language: English TR, TT, TZ, UA, UG, US, UZ, VC, VN, ZA, ZM, ZW.
(30) Priority Data: (84) Designated States (uniess otherwise indicated, for every
14/681,886 8 ApI’il 2015 (08.04.2015) Us kind Of regional protection available): ARIPO (BW, GH,
GM, KE, LR, LS, MW, MZ, NA, RW, SD, SL, ST, SZ,
(71) Applicant: THE CLIMATE CORPORATION [US/US]; TZ, UG, ZM, ZW), Eurasian (AM, AZ, BY, KG, KZ, RU,
201 Third Street, Suite 1100, San Francisco, California TJ, TM), European (AL, AT, BE, BG, CH, CY, CZ, DE,
94103 (US). DK, EE, ES, FL FR, GB, GR, HR, HU, IE, IS, IT, LT, LU,
(72) Inventors: DAIL, Holly; 201 Third Street, Suite 1100, San LV, MC, MK, MT, NL, NO, PL, PT, RO, RS, SE, SI, SK,

74

Francisco, California 94103 (US). HOYER, Stephan; 201
Third Street, Suite 1100, San Francisco, California 94103

SM, TR), OAPI (BF, BJ, CF, CG, CIL, CM, GA, GN, GQ,
GW, KM, ML, MR, NE, SN, TD, TG).

(US).

Agents:

KARLIN, Elliot H. et al.;

Hickman Palermo

Published:
with international search report (Art. 21(3))

Becker Bingham LLP, 1 Almaden Boulevard, San Jose,
California 95113 (US).

(54) Title: IMPROVING WEATHER FORECASTS THROUGH POST-PROCESSING

FORECAST
REQUEST
LOCAT\ON

| /““

FIG.1

HISTORICAL
ENSEMBLES
118

RAW

ENSEMBLES
16

HISTORICAL
OBSERVATIONS
120

|

|

130 AGRICULTURAL INTELLIGENCE COMPUTING SYSTEM

132 ENSEMBLE IMPROVEMENT MODULES

[

DATA ANALYSIS
MODULE

)

136
DATAEXTRACTION
MODULE

1

DISTRIBUTION RECONSTRUCT\ON
CALIBRATION MODULE CALIBRATION MODULE

ENSEMBLE
DATABASE

MOBILE DEVICE
INTERFACE MODULE

AGRONOM\C MODEL
MODULE

148
APPLICATION MODULE

AL

IMPROVED
FORECASTS

5} (%

AGRONOMIC
MODELS

J

i

APPLICATION
CONTROLLER

(57) Abstract: A method for calibrating forecasts involving temperat-
ure, precipitation, and other weather related variables is provided. In an
embodiment historical ensemble-based forecasts and historical observa-
tions are received by an agricultural intelligence computing system. His-
torical differences are determined between the forecasts and the obser-
vations corresponding to the forecasts and stored in the volatile memory
of the agricultural intelligence computing system. The agricultural intel-
ligence computing system receives current ensemble-based forecasts
and a request for improved forecasts. The agricultural intelligence com-
puting system retrieves the historical ditferences and uses a combination
of the historical differences and the current ensemble-based forecasts to
create probability distributions for the weather for each lead day. The
agricultural intelligence computing system then samples from the prob-
ability distributions to create improved ensemble-based forecasts at the
requested location.
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IMPROVING WEATHER FORECASTS THROUGH POST-PROCESSING

FIELD OF THE DISCLOSURE

[0001] The present disclosure generally relates to computer systems useful in climate
forecasts and agriculture. The disclosure relates more specifically to computer systems that
are programmed to provide prediction data relating to temperature and precipitation, and to
techniques for correcting predictions.

BACKGROUND

[0002] Weather forecasts are generally produced using a dynamic model of weather and
climate evolution. Modem weather forecasts are generated using weather ensembles. A
weather ensemble is a set of plausible weather forecasts based on a plurality of initial
conditions and/or physical models.

[0003] Generally, weather forecasts are generated using a process known as data
assimilation which makes use of measurements taken over a period of 24 hours to generate a
plurality of initial conditions. Each initial condition is then used to generate plausible weather
scenarios or ensemble members. The ensemble members are then combined into one weather
forecast. The combination of ensemble members into a weather forecast may comprise using
the average temperatures of the ensemble members, the most common temperature of the
forecasts, or other modeling approaches. The ensembles are also used to determine a chance
of precipitation. For example, if 20% of the ensemble members contain precipitation, a
weather forecast may state that there is a 20% chance of precipitation.

[0004] Modern forecasting models suffer from a few main issues. First, the models suffer
from persistent biases. Modern forecasting models make a series of approximation in order to
simulate physical processes. For example, many modeling approaches use a coarse grid to
approximate the spatial correlation of weather. While the approximation may be useful, the
grids are often too coarse to resolve important physical processes such as convection. Second,
the models tend to suffer from under-dispersion of the ensemble, often caused by an
underestimation of the magnitude of systematic errors stemming from the broad

approximations discussed above. Finally, modern modeling approaches only use a number of
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ensemble members necessary to make a probable forecast. By using a small number of
ensemble members, the modern approaches fail to capture a significant fraction of potential
weather outcomes. Thus, these models are inefficient at determining the risks of rare events
occurring.
[0005] Another issue with modern forecasting models is that they generate weather
forecasts at a generalized scale. For example, a weather forecast for a single day may include
various forecasts for each city. While general forecasts are useful to a large portion of the
population, farmers may require locally tailored forecasts which can predict the temperatures
and likely precipitation for their individual fields. Additionally, agronomic models may
require more localized temperature predictions to make accurate predictions, such as the yield
of a specific crop, or good recommendations, such as the best days to harvest a crop.
SUMMARY OF THE INVENTION
[0006] The appended claims may serve as a summary of the invention.
BRIEF DESCRIPTION OF THE DRAWINGS
[0007] In the drawings:
[0008] FIG. 1 is an example data flowchart of improving weather forecasts through post-
processing using an agricultural intelligence computing system.
[0009] FIG. 2 depicts an example process of improving weather forecasts.
[0010] FIG. 3A depicts an example method for determining a series of correlations from
raw ensemble members.
[0011] FIG. 3B depicts an example method for constructing improved ensemble members
from one or more distributions.
[0012] FIG. 3C depicts an example of improved ensembles.
[0013] FIG. 4 is a block diagram that illustrates a computer system upon which
embodiments may be implemented.
DETAILED DESCRIPTION
[0011] In the following description, for the purposes of explanation, numerous specific
details are set forth in order to provide a thorough understanding of the present disclosure. It
will be apparent, however, that the embodiments may be practiced without these specific
details. In other instances, well-known structures and devices are shown in block diagram
form in order to avoid unnecessarily obscuring the present disclosure. The description is
provided according to the following outline:

General Overview

Structural Overview
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Regression Fitting

Seasonal Variation

Application to Agronomic Models

Analysis of Calibration Approaches

Locational Calibration

Historical Weather

Selecting a Calibration Approach

Hardware Overview

Benefits of Certain Embodiments

Extensions and Alternatives
[0012] GENERAL OVERVIEW
[0013] Aspects of the disclosure generally relate to computer-implemented techniques for
improving weather forecasts. In an embodiment, an agricultural intelligence computing
system is programmed to receive raw ensemble-based weather forecast data that is
generalized at a high level, historical ensemble-based forecast data, and historical observation
data that correspond to the historical ensemble-based forecast data. The agricultural
intelligence computing system determines a series of historical differences between the data
in the historical ensemble-based forecasts and the historical observations. When the
agricultural intelligence computing system receives a request for forecasts, a data extraction
module determines a series of correlations from the raw ensemble-based forecasts. The
correlations and the series of historical differences are used to create probability distributions.
The agricultural intelligence computing system samples the probability distributions to build
new ensembles that have been corrected based on the differences and contain predictions at a
more granular level.
[0014] In an embodiment, a data processing method comprises receiving over a computer
network and storing in an ensemble database, a plurality of historical ensemble-based
weather forecasts corresponding to one or more years of weather forecasts, each of the
forecasts comprising a plurality of historical ensemble members; receiving, over the
computer network, a plurality of historical weather observations and storing the plurality of
historical weather observations with the plurality of historical ensemble-based weather
forecasts; using a data analysis module, determining a plurality of historical difference
parameters representing differences between the historical ensemble-based weather forecasts
and the corresponding historical weather observations; receiving, over the computer network,

a plurality of raw ensemble-based weather forecasts comprising a plurality of raw ensemble
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members; using a data extraction module, determining a series of correlations from the
plurality of raw ensemble-based weather forecasts and storing the series of correlations in
computer memory; using a distribution calibration module, creating and storing one or more
distributions from the plurality of raw ensemble members, and applying the plurality of
historical difference parameters to modify the one or more distributions to create one or more
improved distributions; using a reconstruction calibration module, creating improved
ensemble members from the one or more improved distributions and the series of correlations
and creating improved ensemble-based weather forecasts from the improved ensemble
members from the improved ensemble members.

[0015] Other features and aspect of the disclosure will become apparent in the drawings,
description, and claims.

[0016] STRUCTURAL OVERVIEW

[0017] FIG. 1 is an example data flowchart of improving weather forecasts through post-
processing using an agricultural intelligence computing system.

[0018] In an embodiment, a user 102 is associated with a user device 104, which is
configured to provide a forecast request 112 for a location 114 to an agricultural intelligence
computing system 130. Historical forecast server 108, historical observation server 110, and
current forecast server 106 are communicatively coupled to agricultural intelligence
computing system 130 and are programmed or configured respectively to deliver historical
ensembles 118, historical observations 120, and raw ensembles 116. Agricultural intelligence
computing system 130 is programmed or configured to determine one or more weather
forecasts 150 and one or more agronomic models 160 and to provide them to user device 104
of user 102.

[0019] In an embodiment, agricultural intelligence computing system 130 comprises
ensemble improvement modules 132, ensemble database 142, mobile device interface module
144, agronomic model module 146, application module 148, and application controller 170.
In an embodiment, ensemble improvement modules 132 include data analysis module 134,
date extraction module 136, distribution calibration module 138, and reconstruction
calibration module 140. In an embodiment, ensemble database 142 contains data values
stored in volatile memory. Each of the foregoing elements is further described in structure
and function in other sections herein. Agricultural intelligence computer system 109 also
may include other devices, components or elements of a computer system such as volatile or
non-volatile memory, non-volatile storage such as disk, and I/0 devices as seen and

described, for example, in connection with FIG. 4.
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[0020] In an embodiment, ensemble improvement modules 132 are generally configured
or programmed to perform translation and storage of data values, extraction of data values
from a plurality of ensemble-based weather forecasts, creation and storage of distribution
functions, pseudo-random selection of data values, and construction of improved weather
ensembles. Data analysis module 134 is programmed or configured to determine a plurality
of difference parameters representing differences between historical ensembles 118 and
historical observations 120 and store the differences in ensemble database 142. Data
extraction module 136 is programmed or configured to determine a series of correlations for
raw ensembles 116 and store the series of correlations in ensemble database 142. Distribution
calibration module 138 is programmed or configured to create and store one or more
distributions for one or more lead days based on raw ensembles 116, apply the historical
difference parameters to create one or more improved distributions, and store the improved
distributions in ensemble database 142. Reconstruction calibration module 140 is
programmed or configured to create improved ensemble members from the improved
distributions and the series of correlations and combine the improved ensemble members into
improved ensemble-based weather forecasts.

[0021] In an embodiment, mobile device interface module 144 is programmed or
configured to receive communications from and send communications to a mobile device
such as user device 104. In an embodiment, mobile device interface module 144 is further
configured to interact with an application server which interacts with applications executing
on a mobile device.

[0022] In an embodiment, agronomic model module 146 is programmed or configured to
perform calculation and storage of agronomic factors using ensemble-based weather
forecasts. Agronomic model module 146 may be configured to generate alerts based on the
stored agronomic factors and send the alerts to application module 148 or user mobile device
interface module 144.

[0023] In an embodiment, application module 148 is further configured to receive data
from ensemble improvement modules 132, ensemble database 142, and agronomic model
module 146 representing weather forecasts and agronomic models. Application module 148
may be configured to determine recommended agricultural application parameters, such as
agricultural input type and agricultural input application rate, based on the weather forecasts
and agronomic models.

[0024] In an embodiment, application controller 170 is configured to receive data from

application module 148 representing recommended agricultural application parameters.
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Application controller 149 may further be configured to control an operating parameter of an
agricultural vehicle or implement in order to implement the recommendation. Application
controller 170 may be any of a seed meter drive, a fertilizer metering drive, a seed or
fertilizer swath controller, a liquid application valve, a planting depth controller, or a planter
row unit downforce controller.

[0025] Each of ensemble improvement modules 132, mobile device interface module
144, and agronomic model module 146 may be implemented using one or more computer
programs or other software elements that are loaded into and executed using one or more
general-purpose computers, logic implemented in field programmable gate arrays (FPGAs) or
application-specific integrated circuits (ASICs).

[0026] In an embodiment, the implementation of the functions described herein for
ensemble improvement modules 132, mobile device interface module 144, and agronomic
model module 146 using one or more computer programs or other software elements that are
loaded into and executed using one or more general-purpose computers will cause the
general-purpose computers to be configured as a particular machine or as a computer that is
specially adapted to perform the functions described herein. Further, each of the flow
diagrams that are described further herein may serve as algorithms, plans, or directions that
may be used to program a computer or logic to implement the functions that are described.
[0027] Agricultural intelligence computing system 130 may communicate with user
device 104, historical forecast server 108, historical observation server 110, and current
forecast server 106 over one or more computer networks. The network(s) may be
implemented by any medium or mechanism that provides for the exchange of data between
the various elements of FIG. 1. Examples include one or more Local Area Networks (LANS),
Wide Area Networks (WANS), or internetworks using terrestrial, satellite or wireless links.
The various elements of FIG. 1 may also have direct (wired or wireless) communications
links.

[0028] In an embodiment, user 102 interacts with agricultural intelligence computing
system 130 using user device 104 configured with an operating system and one or more
application programs or apps. User device 104 may be a smart phone, PDA, tablet computing
device, laptop computer, desktop computer or workstation, or any other computing device
capable of transmitting and receiving information and performing the functions described
herein. User device 104 may communicate via a network using a suitable method of

interaction including a user application stored on user device 104,
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[0029] The user application may provide server-side functionality, via the network to one
or more user devices. In an example embodiment, user device 104 may access the user
application via a web client or a programmatic client. User device 104 may transmit data to,
and receive data from, one or more front-end servers. In an example embodiment, the data
may take the form of requests and user information input, such as field-specific data, into the
user device. In some embodiments, the user application interacts with tracking software on
user device 104 which determines the location of user device 104 using standard tracking
techniques such as multilateration of radio signals, the global positioning system (GPS), WiFi
positioning systems, or other methods of mobile positioning.

[0030] In an embodiment, user device 104 sends forecast request 112 to agricultural
intelligence computing system 130. In an embodiment, forecast request 112 is a request for a
weather forecast. In other embodiments, forecast request 112 is a request for an agronomic
model based on a weather forecast. User device 104 may send the request in response to input
from user 102. Alternatively, user device 104 may be configured to send the requests without
user interaction, such as at scheduled intervals. User device 104 also sends location 114 to
agricultural intelligence computing system 130. User device 104 may determine location 114
using tracking software executing on user device 104. Alternatively, user 102 may input
location 114 as coordinates corresponding to one or more fields. In an embodiment, location
114 is a precise point location, such as the exact coordinates of user device 104. In other
embodiments, location 114 is a bounded area, such as a field or series of fields. Each request
identified in this disclosure may be implemented using electronic digital data that is
communicated between computing devices using parameterized URLs over HTTP, or another
suitable communication or messaging protocol.

[0031] In an embodiment, historical forecast server 108 stores data representing historical
ensembles 118 in main memory or a mass storage device. Ensembles may be stored in data
structures in memory, rows in a database table, in flat files or spreadsheets, or other forms of
stored digital data. Historical ensembles 118 may include a plurality of ensemble members
for each day over a plurality of years. Historical ensembles 118 may comprise separate
ensemble-based weather forecasts for each geographic location. Alternatively, each
ensemble-based weather forecast of historical ensembles 118 may contain predictions for a
plurality of locations. Historical ensembles 118 may include prediction data for the past 5 or
more years. Historical ensembles 118 may also be grouped by the particular forecast in which

they were used.
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[0032] In an embodiment, historical observation server 110 contains historical
observations 120. Historical observations 120 may include observed temperatures and
precipitation values for dates corresponding to historical ensembles 118 at locations
corresponding to historical ensembles 118. Precipitation values may vary from data
confirming or denying the existence of precipitation to data values corresponding to a
measurement of the precipitation. In an embodiment, historical observations 120 are available
at a more granular level than historical ensembles 118. For example, while a historical
ensemble may contain temperature predictions for an entire county, historical observations
may be available for each city within the county. In an embodiment, historical observation
server 110 receives historical observations 120 from a plurality of observation posts. Where
observations are not available, agricultural intelligence computing system 130 may
interpolate the weather values using the data from the observation posts.

[0033] In an embodiment, current forecast server 106 contains raw ensembles 116. Raw
ensembles 116 may contain ensemble members grouped into corresponding weather
forecasts. Raw ensembles 116 may correspond to upcoming dates at the time they are
received by agricultural intelligence computing system 130. In an embodiment, raw
ensembles 116 and historical ensembles 118 are sent from the same source. In alternate
embodiments, raw ensembles 116 and historical ensembles 118 are created by the same
source, but stored on and sent from separate servers.

[0034] Agricultural intelligence computing system 130 may receive historical ensembles
118, historical observations 120, and raw ensembles 116 and store them in ensemble database
142. As used herein, the term "database" may refer to either a body of data, a relational
database management system (RDBMS), or to both. As used herein, a database may
comprise any collection of data including hierarchical databases, relational databases, flat file
databases, object-relational databases, object oriented databases, and any other structured
collection of records or data that is stored in a computer system. Examples of RDBMS's
include, but are not limited to including, Oracle® Database, MySQL, IBM® DB2,
Microsoft® SQL Server, Sybase®, and PostgreSQL. However, any database may be used
that enables the systems and methods described herein.

[0035] REGRESSION FITTING

[0036] FIG. 2 depicts an example process of improving weather forecasts. For purposes
of illustrating a clear example, FIG. 2 is described in the context of the system of FIG. 1, but

other embodiments may be implemented using other kinds of computer systems. FIG. 2 may
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represent an algorithm for programming the functional elements that have been previously
described with reference to FIG. 1.

[0037] At step 202, the process receives a plurality of historical ensemble-based weather
forecasts. Each of the historical ensemble-based weather forecasts may contain a plurality of
ensemble members. Additionally, each of the historical ensemble-based weather forecasts
may contain aggregated data values from the ensemble members, such as the mean of the
ensemble members for a given day, the standard deviation of the ensemble members for a
given day, and the temperature prediction based on the ensemble members for a given day. In
an embodiment, historical ensemble-based weather forecasts are generated for a lead time of
fourteen days. The lead time is the number of days between the initial condition and the
temperature prediction. Thus, each ensemble-based weather forecast may include predictions
for fourteen days from the date of the prediction.

[0038] At step 204, the process receives a plurality of historical weather observations
corresponding to the historical ensemble based weather forecasts. In an embodiment, the
historical weather observations may originate from multiple sources. For example, one server
may supply the minimum and maximum temperatures while another server may supply the
precipitation values. In some examples, historical weather observations may be made by one
or more stationary sensors (e.g., rain gauges, wind sensors, air temperature sensors, air
moisture sensors, air pressure sensors, soil moisture sensors, soil temperature sensors) which
may comprise stationary sensors located in a field or location of interest. In some examples,
historical weather observations may be made by one or more on-implement sensors (€.g., air
temperature sensors, air moisture sensors, air pressure sensors, soil temperature sensors, soil
moisture sensors) which may comprise sensors supported by a farming vehicle or implement
and disposed to engage the soil during an in-field operation (e.g., planting, tilling, fertilizing,
harvesting). The stationary sensors and the on-implement sensors may be communicatively
coupled to agricultural intelligence computing system 130 and may be programmed or
configured respectively to deliver historical weather observations to the agricultural
intelligence computing system.

[0039] At step 206, historical difference parameters are determined. For example, in the
system of FIG. 1, data analysis module 134 determines a plurality of historical difference
parameters. In an embodiment, historical difference parameters are model parameters which
can be applied to data distributions to correct for errors or bias. Data analysis module 134
may determine the historical difference parameters for each location and each lead time at the

location. The historical difference parameters for each lead time may be aggregated from the
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differences in that lead time for all model parameters in a year, in a season, or on a specific
date over the past few years. For example, the historical difference parameters may be
aggregated from all ensembles at a location with a lead time of five days from the date of
prediction. Alternatively, the difference parameters may be aggregated from all ensembles at
a location made in summer with a lead time of five days from the date of prediction.

[0040] At step 208, the process receives a plurality of raw ensemble-based weather
forecasts. The plurality of raw ensemble-based weather forecasts may include one or more
sets of raw ensembles which describe temperature and precipitation predictions at various
locations.

[0041] At step 210, correlations are determined. For example, data extraction component
136 of FIG. 1 determines a series of correlations from the raw ensemble-based weather
forecasts. The series of correlations may include a total mean of the raw ensembles, a total
standard deviation of the raw ensembles, a mean for the raw ensembles at a specific location
and lead time, and a standard deviation of the raw ensembles at a specific location and lead
time.

[0042] The series of correlations may also include rankings of the ensemble members at
cach lead day. FIG. 3A depicts an example method for determining a series of correlations
from raw ensemble members. FIG. 3A contains ensemble graph 301 and ranking table 302.
Ensemble graph 301 contains ensemble members 303. Each of ensemble members 303 is
depicted as a series of line segments with endpoints at each of the forecast lead days. The
endpoints of each line segment correspond to the estimated temperature for that specific lead
day. Ranking table 302 contains temperature rankings 304 for each of ensemble members 303
at each lead day. For example, at the first lead day, ensemble 2 contained the highest
temperature of ensemble members 303. Because ensemble 2 contained the highest
temperature of ensemble members 303, it is given a ranking of 1. At the second lead day,
ensemble 2 contained the lowest temperature of ensemble members 303 and was thus given a
ranking of 4. By creating and storing rankings for the temperature values of ensemble
members 303, data extraction module is able to preserve some of the spatial, temporal, and
multi-variate correlations of the raw ensembles.

[0043] At step 212, distributions are created and stored. For example, distribution
calibration module 138 constructs one or more distributions from the raw ensemble-based
weather forecasts. Constructing the distributions may comprise choosing a calibration

approach for the ensemble values, choosing a distribution type, and fitting the ensemble
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values into the distribution based on one or more factors. One or more of the correlations
determined in step 210 may be used to help construct the distributions.

[0044] Nonhomogeneous regression may be used as one calibration approach, and
produces a single estimate for the probability distribution by combining all of the ensemble
forecasts and using the derived quantities from the forecasts including the sample mean and
sample standard deviation to create a mean and standard deviation for the distribution.

[0045] Bayesian model averaging also may be used for calibration and models the
distribution by combining all of the ensemble forecasts and augmenting the terms with a
function that provides the opportunity to shift the ensemble members and increase the spread
of the function by increasing the uncertainty for each ensemble member. Thus, with Bayesian
model averaging an offset and an added uncertainty is added to each ensemble member. This
allows the system to pre-shift the distributions based on known biases and to capture
additional scenarios. Distribution calibration module 138 may be programmed to implement
any such approach.

[0046] In an embodiment, in the programming or configuration of distribution calibration
module 138, a distribution type is pre-selected for each variable, such as temperature or
precipitation. Possible distribution types include Gaussian distributions, left-censored
generalized extreme value distributions, and Bernoulli-Gamma distributions.

[0047] A Gaussian distribution assumes a symmetric distribution of values around a
mean value. In a Gaussian distribution, the probability of a value being below the mean value
is equal to the probability that the value is above the mean value. Additionally, the spread of
values is uniform such that the probability that a value is between the mean p and p + x,
where x 1s any number, is equal to the probability that the value is between p - x and .
[0048] A left censored generalized extreme value distribution is a probability distribution
which features a sharp spike in probability at a low value. As the values rise past the mean
value, the probabilities slowly taper off. Generalized extreme value distributions are useful to
describe statistical situations that contain an upper or lower limit with a possibility of extreme
events. The generalized extreme value distribution contains a heavy tail in one direction
which is useful for taking into account a low probability of an extreme event, such as heavy
rainfall in a storm that falls outside any historical precedent. A left censored generalized
extreme value distribution is a form of the generalized extreme value distribution which
contains a lower limit. Because a Gaussian distribution is symmetric, a Gaussian distribution
centered on a low value would contain impossibilities, such as modeling negative rainfall.

Conversely, a left censored generalized extreme value distribution may be set with a lower
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limit at zero to more accurately model variables such as precipitation which cannot fall below
ZEro0.

[0049] A Bermoulli-Gamma distribution is the combination of a Bernoulli distribution and
a Gamma distribution. A Bernoulli distribution is a probability distribution of a random
variable equaling a success at a probability, p, and failure at a probability of 1 - p for a given
probability, p. The Gamma distribution is a versatile distribution which can be modified to
have a variety of shapes. By combining the Gamma distribution with the Bernoulli
distribution, a distribution can be created that has properties similar to a Gamma distribution
but with a finite probability of returning a value of zero. In an embodiment, the Gamma
distribution is power transformed by exponentiating the input values to a fixed power, such as
the fraction 1/3, in order to better fit the distribution for modeling rainfall.

[0050] Ensemble values can be fit into the various probability distributions using a
variety of techniques, including, but not limited to, maximum likelihood and continuous
ranked probability score minimization. Any of these techniques may be programmed into the
functional modules that have been previously described. In an embodiment, fitting the
ensemble values into a probability distribution comprises creating parameters for the
distribution such as the mean, standard deviation, shape, and skew based on the ensemble
values.

[0051] Maximum likelihood involves selecting a set of parameters that maximizes the
agreement of the distribution type with the observed data. For example, a Gaussian
distribution is generally defined as containing 68% of the values within one standard
deviation, 95% of the values within two standard deviations, and an equal spread of values
above the mean and below the mean. Using the maximum likelihood method would involve
creating estimates for the mean and standard deviation such that approximately 68% of the
values of the ensembles are within one standard deviation of the mean and approximately the
same number of values is above the mean as below the mean. Creating perfect estimates is
not always possible depending on the input values. Thus, the maximum likelihood method
fits the values of the ensembles into a distribution which would be the most likely to produce
the results of the ensembles when sampled.

[0052] The continuous ranked probability score is designed to rate the quality of a
forecasting model. The continuous ranked probability score is functionally a measure of the
divergence of the forecast from reality. In an embodiment, a modeling method minimizes the
continuous ranked probability score using the ensembles. For example, a series of Gaussian

distributions may be created with varying means and standard deviations to describe a series
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of ensemble members. The ensemble members in this case are treated as observations. Each
Gaussian distribution receives a continuous ranked probability score based on the ensemble
members. The distribution which receives the lowest average score across a training dataset
(where the low scores indicate a smaller distance between the distribution and the
observations) is selected.

[0053] Various embodiments employ various combinations of calibration approaches,
distribution types, and model fitting. For example, one approach for forecasting temperature
may involve using a non-homogeneous regression model using a Gaussian distribution fit by
continuous ranked probability score minimization while another approach may involve using
a non-homogenous regression model using a generalized extreme value distribution fit by
maximum likelihood. As another example, one approach for estimating precipitation is to use
Bayesian model averaging with a Bernoulli-Gamma distribution fit by maximum likelihood
while another approach is to use a non-homogenous regression with a left-censored
generalized extreme value distribution fit to minimize the continuous ranked probability
score.

[0054] In an embodiment, distribution calibration module 138 may improve the
distributions using the historical differences. The historical differences may include
differences for location, lead days, and time of year. For example, the historical differences
may show that the ensembles in a specific location tend to have a right bias of 3° C in
Townsville. Distribution calibration module 138 may correct the distribution by shifting the
distribution to the left by 3° C.

[0055] In some embodiments, observations that are available at more granular locations
may be used to correct the more generalized ensemble-based weather forecasts. For example,
the ensemble-based weather forecasts may contain a single forecast for an entire county while
observations are available for different cities within the county. If City A tends to have lower
temperatures than predicted and another City B tends to have higher temperatures than
predicted, distribution calibration module 138 may factor these differences into the creation
of the distributions for each city, such as by decreasing the prediction temperatures for City A
by a value that corresponds to the average difference between temperature predictions and the
actual temperatures in City A. Additionally, agricultural intelligence computing system 130
may interpolate temperatures for precise locations where observations are unavailable.
Distribution calibration module 138 may use historical differences between the interpolated
temperatures and the historical ensemble-based weather forecasts for each location to create

improved distributions at the precise locations.
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[0056] At step 214, digital data representing improved forecasts is created and stored.
For example, reconstruction calibration module 140 (FIG. 1) creates improved ensemble-
based weather forecasts from the one or more distributions. To create the new ensemble
members, reconstruction calibration module may use pseudo-random sampling techniques to
extract values from the probability distributions. The pseudo-random sampling techniques
may involve randomly selecting a number from a weighted set of numbers that fit the
probability distribution. For example, if a Gaussian distribution contains a mean of 10° C and
a standard deviation of 1° C, then the values between 9° C and 11° C would be weighted more
heavily than the values below 9° C and above 11° C.

[0057] In an embodiment, the Bayesian model averaging models may be sampled by
selecting a variable from a uniform distribution between 0 and 1 to pick a specific ensemble
member with a corresponding probability. In an embodiment, the probability of selecting any
ensemble member is equal to the probability of selecting any other ensemble member. The
distribution function is then sampled for the specific ensemble member. The process may be
repeated for all ensemble members and all variables produced by a single ensemble-based
forecast. Alternatively, scenario preserving techniques may be applied to Bayesian model
averaging models. Scenario preserving techniques may include only selecting a single
ensemble member once per weather scenario and sampling all of the variables for the single
ensemble member. While the resulting samples may have the same distribution as those
produced through non-scenario preserving techniques, the correlations between different
variables at different locations and lead times from the initial forecast are preserved. For
example, instead of independently creating samples for the maximum temperature and
minimum temperature, a scenario preserving technique would sample the maximum
temperature and minimum temperature for a first ensemble followed by the maximum
temperature and minimum temperature for a second ensemble.

[0058] Once temperatures have been sampled from the distributions, improved ensemble
members are constructed from the sampled temperatures and one or more of the correlations
determined in step 210. FIG. 3B depicts an example method for constructing improved
ensemble members from one or more distributions. FIG. 3B contains distributions 305,
pseudo-randomly selected temperatures 306, and new ensembles 307 and fitted temperatures
308. In the embodiment depicted in FIG. 3B, distributions 305 are Gaussian distributions.
Each of distributions 305 correspond to temperature predictions for a specific lead day and
contain a mean and standard deviation determined in step 212. Pseudo-randomly selected

temperatures 306 are temperatures that have been sampled from distributions 305. For
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example, the distribution for day 1 contains a mean of 3° C and a standard deviation of 2.1°
C. The corresponding sampled temperatures, ranked from highest to lowest, are 6° C, 5° C, 4°
C, and 2° C. While the sampled temperatures in FIG. 3B are depicted as integers, in various
embodiments the sampled temperatures may contain any number of significant figures.
[0059] New ensemble members 307 are constructed from pseudo-randomly selected
temperatures 306. Pseudo-randomly selected temperatures are used to construct fitted
temperatures 308 using temperature rankings 304. For example, ensemble 2 contained the
highest temperature in FIG. 3A for the first lead day. Because ensemble 2 contained the
highest temperature for the first lead day in the initial ensembles, ensemble 2 in FIG. 3B is
assigned a first temperature for fitted temperatures 308 of 6° C, the highest value of pseudo-
randomly selected temperatures 306 for the first lead day. Because ensemble 2 contained the
lowest temperature in FIG. 3A for the second lead day, ensemble 2 is assigned a second
temperature for fitted temperatures 308 of -6° C, the lowest value of pseudo-randomly
selected temperatures 306 for the second lead day.

[0060] FIG. 3C depicts an example of improved ensembles. New ensemble members 307
comprise values extracted from distributions 305 and fitted to the ensemble members using
temperature rankings 304. Graphed ensemble members 308 are new ensemble members 307
depicted through a line graph. As with ensemble graph 301, graphed ensemble members 308
contain endpoints which correspond to a specific temperature at a specific lead day.

[0061] The method depicted in FIG. 3A, 3B, and 3C preserves the correlations of the raw
ensembles. For example, graphed ensemble members 308 contain similar line shapes to
ensemble members 303 in ensemble graph 301. Additionally, unlike modern approaches, the
method also allows for the creation of individual ensembles when improving weather
forecasts. By preserving the actual ensembles, agricultural intelligence computing system
may continually improve its method, feed the ensembles themselves into agronomic models
for better estimations, and create large numbers of ensembles to determine the risks of rare
events.

[0062] SEASONAL VARIATION

[0063] In an embodiment, constructing the one or more distributions includes insertion of
a seasonally dependent function. By adding terms that are seasonally dependent, agricultural
intelligence computing system 130 may create more accurate calibration approaches which
account for a seasonal dependence on the difference parameters. For example, if the

temperature in a certain area varies more in summer than in winter, a normal distribution that
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takes into account the weather for the past five years would not be able to account for the
increased temperature variance in summer.
[0064] In an embodiment, a normal distribution is created as a function of the mean ()

and standard deviation (c) as follows:

[0065] y~N (1.0)
n= :BEXH
0= f5Xo

where f§ corresponds to the observed ensembles and X corresponds to a design matrix which

includes seasonally dependent terms. The design matrices X, and Xo may be defined as

follows:
1
ens_mean(t) 1
¢ | cos(Zmt/T) . _ | ens_std(t)
[0066] Xy = sin(2rt/T) and X = cos(2rt/T)
cos(4mt/T) sin(2mt/T)
sin(4nt/T)

where ens_mean is the mean of all of the ensembles in the raw forecasts and ens_std is the
standard deviation of all of the ensembles in the raw forecasts. The cos and sin terms are
harmonic terms which affect the distribution depending on the season. In the above equation,
T represents 1 year and 7 represents a valid time for which the forecast applies. Thus, during
one season, the mean and standard deviation of the distribution are affected by the historical
observations, the mean of the raw ensembles, and a correction factor which exists as part of

one of the harmonic terms.
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[0067] A similar equation may be used to model precipitation with a seasonal
dependence. In an embodiment, a left-censored generalized extreme value distribution is

created as a function of the mean (p), the standard deviation (o), and a shape parameter (&) as

follows:

[0068] y~LC-GEV (4, 0, §)
[0069] p=m- 0%
[0070] m= BnXm

[0071] 0= PnXs

[0072] § = —~0.277 + =2

where m denotes the ensemble mean and I is the gamma function. S once again corresponds
to the observed ensembles and X corresponds to a design matrix with seasonally dependent

terms. The design matrices Xu and Xo may be defined as follows:
1

ens_mean(t) 1 N diff
[0073] Xﬁ = | ens_nonzero_frac(t) | and X! = ens_mzeat P

cos(2mt/T) C(.)S( mt/T)

sin(2rwt/T) sin(2mt/T)

where ens_nonzero_frac denotes the fraction of the raw forecasts that were nonzero and
ens_mean_diff denotes the mean absolute different of the raw forecasts ensemble.

[0074] In an embodiment, the use of harmonic corrections based on seasonal dependence
is made possible by incorporating two or more years of historical data into the observation
matrix (). Many methods of regression fitting with regards to forecast ensembles involve
using the ensembles from the past 30 days to make corrections to current ensembles. By
incorporating measurements from two or more years, agricultural intelligence computing
system 130 may account for biases and errors that are dependent on seasonal variation. In
functional terms, while a 30-day model may correct for ensembles of maximum temperature
running high over the last 30 days or overestimation of precipitation over the last 30 days, the
seasonal model may correct for ensembles of maximum temperature or precipitation running
high consistently at a specific time of year over the past two or more years.

[0075] LOCATIONAL CALIBRATION

[0076] In an embodiment, the calibration techniques described herein are locally adapted
to grids spread across a large area. In an embodiment, the grids are physical regions that

encompass 2.5 miles by 2.5 miles of space. Calibration techniques may be executed
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independently for each grid. In some embodiments, agricultural intelligence computing
system 130 rates the calibration techniques for each location and uses the most accurate
technique for a specific location to drive the agronomic models and create predictions which
are viewed by the public for the specific location. For example, agricultural intelligence
computing system may use Bayesian model-averaging using a Bemmoulli-Gamma distribution
to predict temperatures in Springfield and non-homogeneous linear regression using a
Gaussian distribution to predict temperatures in Quahog.

[0077] In an embodiment, agricultural intelligence computing system 130 receives
forecast request 112 along with location 114 from user device 104. In response, agricultural
intelligence computing system may create improved forecasts for one or more grids which
contain location 114. Agricultural computing system 130 may then send improved forecasts
150 or agronomic models 160 to user device 104.

[0078] In some embodiments, agricultural intelligence computing system 130 may
interpolate historical observations 120 for location 114. For example, if location 114 is
contained by one or more grids that exist between observation posts, agricultural intelligence
computing system 130 may use standard interpolation techniques to estimate observations for
the grids that contain location 114. Agricultural intelligence computing system 130 may then
use the interpolated observations in place of historical observations 120 when creating
improved ensembles from the raw ensembles. In an embodiment, raw ensembles 116
comprise generalized ensembles that cover all locations within a specific land mass.
Alternatively, if raw ensembles 116 contain gaps, ensembles may also be interpolated for
areas not covered by raw ensembles 116 in a similar manner as historical observations 120.
[0079] APPLICATION TO AGRONOMIC MODELS

[0080] In an embodiment, agronomic model module 146 uses the improved ensembles to
create agronomic models. In an embodiment, an agronomic model is a data structure in
memory of agricultural intelligence computing system 130 that contains location and crop
information for one or more fields. An agronomic model may also contain agronomic factors
which describe conditions which may affect the growth of one or more crops on a field.
Additionally, an agronomic model may contain recommendations based on agronomic factors
such as crop recommendations, watering recommendations, planting recommendations, and
harvesting recommendations. The agronomic factors may also be used to estimate one or
more crop related results, such as agronomic yield. The agronomic yield of a crop is an
estimate of quantity of the crop that is produced, or in some examples the revenue or profit

obtained from the produced crop.
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[0081] Heat stress describes the effect of high temperatures on the yield potential of a
crop. Each crop has its own heat stress threshold which defines a maximum temperature
before the yield potential of the crop is adversely affected. Additionally, crops are more
adversely affected by heat stress during specific stages of development. Agronomic model
module 146 may use the improved forecasts at a specific location and a crop type for the
specific location to estimate the effects of both daytime and nighttime heat stress on a crop
over the course of development of the crop. Agronomic model module 146 may use these
estimates to create recommendations for the type of crop to plant and the ideal planting day
for the crop. Additionally, agronomic model module 146 may use the estimates of the effect
of heat stress on a crop to estimate the potential agronomic yield of the crop or provide
estimates of the risk involved in planting the crop.

[0082] Growing degree days are a measure of heat accumulation over a day. A growing
degree day is the measure of the contribution of the heat in a given day to a crop’s
development. A growing degree day is calculated by subtracting a base temperature from the
average of the maximum temperature and minimum temperature for the day. The base
temperature, which varies amongst types of crops, is the temperature below which the crop
experiences no growth. Agronomic model module 146 may use the improved forecasts at a
specific location to determine the growing degree days for a specific crop over the lifetime of
the crop. By determining the growing degree days, agronomic model module 146 may
estimate the optimal days to plant a crop, the amount of time it will take before the crop
reaches development, and the optimal days to begin harvesting the crop. Agronomic model
module 146 may also calculate the net gain for a specific crop based on how long the crop
will take to grow at a specific location. Additionally, agronomic model module 146 may
create alerts when a crop is nearing the end of its development cycle.

[0083] In an embodiment, agricultural intelligence computing system 130 uses the
improved forecasts to create an agronomic model in memory or in persistent storage in
response to a request from user device 104 for an agronomic model. In other embodiments,
agricultural intelligence computing system 130 receives a request from a third party for an
agronomic model. For example, an insurance company may request an agronomic model for
an insured customer’s field to determine the risks associated with the crop planted by the
customer. In another example, an application server may send a request to agricultural
intelligence computing system 130 to create an agronomic model for a specific user’s field.
Alternatively, agricultural intelligence computing system 130 may generate agronomic

models periodically. Agricultural intelligence computing system 130 may also generate
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agronomic models in response to receiving updated weather observations or in response to
creating updated improved forecasts.

[0084] Additionally, precipitation predictions may be factored into agronomic models
160 by agronomic model module 146. The amount of water a crop receives may affect the
development cycle of the crop. Agronomic model module 146 may estimate the amount of
water a crop needs and determine the likely amount of water the crop will receive from
natural precipitation. Agronomic model module 146 may use this information to affect the
estimate for agronomic yield. Additionally, agronomic model module 146 may use the
precipitation predictions to generate recommendations to farmers. For example, agronomic
model module 146 may recommend that a crop is not watered on a day that has a high
probability of large amounts of precipitation. Alternatively, agronomic model module 146
may recommend that a crop receives extra water if the chances of precipitation are extremely
low for the foreseeable future.

[0085] In an embodiment, agricultural intelligence computing system 130 sends
agronomic models 160 to user device 104. In other embodiments, agricultural intelligence
computing system 130 creates recommendations using agronomic models 160 and sends the
recommendations to user device 104. In some embodiments, climatology computing system
may generate alerts based on information in agronomic models 160. For example, agricultural
intelligence computing system 130 may generate an alert to be sent to user device 102 in
response to determining that a specific crop is about to reach the end of its development
based on the estimated number of growing degree days since the crop was planted.
Agricultural intelligence computing system 130 may also store agronomic models 160 in
memory. Stored agronomic models may later be used to improve methods used by agronomic
model module 146 or to rate the various modeling methods.

[0086] In an embodiment, weather forecasts 150 and agronomic models 160 are sent to
application module 148. Application module 148 may use the data values of weather
forecasts 150 and agronomic models 160 to create application parameters for application
controller 170. For example, weather forecasts 150 may indicate a lack of upcoming
precipitation and agronomic models 160 may indicate a recommended amount of water for a
specific crop. Application module 148 may use the precipitation and water data for the crop
to generate parameters for a liquid application valve that causes the liquid application valve
to increase the amount of water released to the specific crop. Application module 148 may

send the application parameters to application controller 170. Application controller 170 may
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then implement the application parameters, such as increasing the amount of water released
to a specific crop.

[0087] ANALYSIS OF CALIBRATION APPROACHES

[0088] In an embodiment, agricultural intelligence computing system 130 may receive
observations that correspond to improved ensembles created by agricultural intelligence
computing system 130. Agricultural intelligence computing system 130 may use the
observations to rate the various modeling systems used by distribution calibration module
138 to create improved weather forecasts. Based on the ratings of the various modeling
systems, agricultural intelligence computing system 130 may change modeling methods or
update modeling methods.

[0089] In an embodiment, distribution calibration module 138 may initially use multiple
combinations of calibration methods, distribution types, and model fitting methods to create
improved ensembles. After receiving observations corresponding to the improved ensembles,
agricultural intelligence computing system 130 may choose a model as a basis for weather
forecasts. For example, agricultural intelligence computing system 130 may determine that
Bayesian model-averaging using a Bernoulli-Gamma distribution fit by maximum likelihood
has shown greater skill, or predictive accuracy, over the past month than the other calibration
approaches. In response, agricultural intelligence computing system 130 may use Bayesian
model-averaging using a Bernoulli-Gamma distribution fit by maximum likelihood to drive
the agronomic models and to create predictions. Distribution calibration module 138 may, in
an embodiment, continue to use the multiple combinations of calibration methods,
distribution types, and model fitting. If one of the other calibration approaches begins
showing higher skill then the chosen model, agricultural intelligence computing system 130
may switch calibration approaches to drive the agronomic models and to create predictions.
In additional embodiments, distribution calibration module 138 may stop using a particular
method if the method has consistently shown low skill over a predetermined period of time.
[0090] In an embodiment, the calibrated weather forecasts may be used to continually
update the modeling methods for calibrating weather forecasts. For example, agricultural
intelligence computing system 130 may determine that the calibrated forecasts using one
method is consistently low during a specific season of the year. Agricultural intelligence
computing system 130 may alter the seasonal correction term used for that method while
keeping the seasonal correction term the same for the other methods. In another example, if
agricultural intelligence computing system 130 determines that the recent results from one of

the modeling methods contains a bias, agricultural intelligence computing system 130 may
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alter the methods for building a distribution to offset the mean by the observed bias.

[0091] In an embodiment, agricultural intelligence computing system 130 uses the
calibrated forecasts as historical ensembles in creating new calibrated forecasts. The reuse of
calibrated forecasts is made possible by preserving the ensemble members as shown in FIG.
3A, FIG. 3B, and FIG. 3C. In an embodiment, agricultural intelligence computing system 130
compares the results of improving raw ensembles using historical ensembles received from
an outside source with the results of improving raw ensembles using improved using the
calibrated forecasts. Agricultural intelligence computing system 130 may choose to use the
method which provides the greatest skill to drive agronomic models and to create predictions.
[0092] DATA AGGREGATION

[0093] The technique described above for creating improved ensemble members, which
may be referred to herein as ensemble copula coupling, creates improved ensemble members
that correspond to the initial ensemble members. Thus, if an initial ensemble contains 100
ensemble members, using ensemble copula coupling would produce 100 improved ensemble
members.

[0094] In an embodiment, each distribution is used to create a larger number of ensemble
members than existed in the initial ensemble. For example, if the initial ensemble-based
weather forecast contained 100 ensemble members, the improved ensemble-based weather
forecast may contain 10,000 ensemble members. Agricultural intelligence computing system
130 may create the additional ensemble members for each modeling method by continually
sampling the same distributions. Each time agricultural intelligence computing system 130
samples the same distributions, new ensembles are created using the ranking method
described above. For example, if the initial ensemble contained 100 ensemble members, the
first sampling would create 100 corresponding ensembles and the second sampling would
create an additional 100 corresponding ensemble members.

[0095] By creating a large number of ensemble members, agricultural intelligence
computing system 130 is able to create more accurate predictions for the risk of rare events.
For example, a drought is a rare event which may have a strong impact to a farmer. If a 5%
risk of a drought exists for a specific time period, the risk may not be accurately reflected in
100 ensemble members. If 3 of the 100 ensembles show a drought, then the estimated risk of
a drought would be calculated as 6% while if 2 of the 100 ensembles show a drought the
estimated risk of a drought drops to 4%. If the true risk of a drought is 5%, it is possible that
the sampled ensembles may not show a drought at all. In fact, the chances that none of the

ensembles show a drought would be roughly 7%. In contrast, if 10,000 ensembles are used
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the chances that none of the ensembles show a drought drops to 0% (or approximately 10-
114).

[0096] In an embodiment, the risks of rare events are used by agronomic model module
146 to affect the estimates created by agronomic model module 146. For example, if a chosen
model estimates a 5% risk of a drought occurring, agronomic model module 146 may factor
the 5% risk of a drought into the estimation of agronomic yield for the year.

[0097] HISTORICAL WEATHER

[0098] In an embodiment, the calibration techniques described herein may be used to
correct simulations of past weather. Agronomic intelligence computing system 130 may
access past weather ensembles received from an outside source or stored in ensemble
database 142. Agronomic intelligence computing system 130 may then apply the same
techniques discussed above to the past ensembles. In applying the calibration techniques
discussed above, agronomic computing system 130 may use observations that are more
recent than the past ensembles. For example, climatology computing system 130 may correct
simulations of precipitation from 30 years ago using observations from the past five years.
[0099] Additionally, agronomic intelligence computing system 130 may correct
simulations of past weather at precise locations. For example, a system that creates
simulations of past weather may create the simulations at large scales such as 25 mile by 25
mile squares. If a hill exists in the middle of a 25 mile by 25 mile square, the system may
miss the anomalies of weather for that location. In contrast, agronomic intelligence
computing system 130 may be configured to apply calibration techniques at extremely
localized locations. Thus, the historical observations used by agronomic intelligence
computing system 130 may contain localized variations such as those caused by hills.

[0100] Agronomic intelligence computing system 130 may also use the techniques
described herein to create and correct models in areas that do not have a large number of
observation locations. Large scale numerical models may be useful for locations with few
observation locations. These numerical models may still be corrected using the observations
at the remaining locations to create better estimates for the areas that do not have observation
locations close to them.

[0101] SELECTING A CALIBRATION APPROACH

[0102] In an embodiment agricultural intelligence computing system 130 contains
calibration approach determination logic for selecting a calibration approach. The
implementation of the calibration approach determination logic may be based, at least in part,

on ratings given to each calibration for the accuracy of each weather variable. Agricultural
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intelligence computing approach may create the ratings based on observations that
correspond to improved ensemble-based weather forecasts created by ensemble improvement
modules 132 and stored in ensemble database 142. The accuracy ratings may include the
mean absolute error of the calibration approach and the bias of the calibration approach.
[0103] In an embodiment, each calibration approach receives one or more accuracy
ratings for each location. Agricultural intelligence computing system 130 may choose a
calibration approach for each location based on the accuracy of the calibration approaches for
that location. For any given ensemble-based weather forecast, agricultural intelligence
computing system 130 may use multiple calibration approaches depending on the location. In
an embodiment, agricultural intelligence computing system 130 applies the location based
selection approach at granular levels such that an ensemble-based weather forecast that
covers a large area may have different calibration approaches applied to different portions of
it.

[0104] In an embodiment, each calibration approach receives one or more accuracy
ratings for different lead times. For instance, one method may produce more accurate results
for lead times of five days while another method may produce more accurate results for lead
times of ten days. In an embodiment, a ten day forecast may include the results from the first
method for the first five days and the results from the second method for second five days.
Alternatively, a five day forecast may contain results from the first method and a ten day
forecast may contain results from the second method.

[0105] In an embodiment, each calibration approach receives one or more accuracy
ratings for different times of the year. Depending on the time of year, agricultural intelligence
computing system 130 may use a different calibration approach based on the most accurate
approach for that time of year. For example, a Gaussian distribution may more accurately
predict temperatures in the fall when there is more temperature variation while a generalized
extreme value distribution may more accurately predict temperatures in the summer when the
temperatures are more heavily weighted higher values with a few anomalies in the lower
values. In an embodiment, agricultural intelligence computing system 130 may use a
Gaussian distribution during the fall and a generalized extreme value distribution in summer.
[0106] In an embodiment, each calibration approach receives one or more accuracy
ratings for each variable and for each agronomic factor created by agronomic model module
146. Accuracy ratings may be applied to each calibration approach for temperature
predictions and to each calibration approach for precipitation. Additionally, accuracy ratings

may be applied to each calibration approach based on the accuracy of the predictions of
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growing degree days, heat stress, growing season length, and agronomic yield based on the
calibration approach. For example, one calibration approach may be the most accurate at
predicting the growing degree days for a crop, a second calibration approach may be the most
accurate at predicting the agronomic yield, and a third model may be the most accurate at
predicting the maximum temperatures. In an embodiment, agricultural intelligence computing
system 130 may use all three calibration approaches independently to predict the growing
degrees, the agronomic yield, and the maximum temperatures. In alternative embodiments,
agricultural intelligence computing system 130 may determine one or more important
variables and use the calibration approach that is most accurate at predicting the one or more
important variables for all variables from the raw ensembles. Agricultural intelligence
computing system may determine the accuracy ratings for agronomic factors by either re-
estimating the agronomic factors after receiving observations of weather variables or by
receiving input for one or more users that indicate a result, such as input identifying the
actual agronomic yield of a crop, the actual agronomic yield of one of a plurality of crop or
seed types planted in a field, or the actual agronomic yield of a crop in a field or region of a
field. The received input may be entered by the user or determined based on data
communicated to the agricultural intelligence computing system.

[0107] In an embodiment, each calibration approach receives one or more accuracy
ratings for the ability to predict rare events when aggregated. For example, when a drought
occurs agricultural intelligence computing system 130 may store that information in
ensemble database 142 along with other instances of rare events. Agricultural intelligence
computing system 130 may compare the occurrences of rare events with the corresponding
ensembles for those time periods to determine which methods better predicted the rare event.
In an embodiment, the methods are also rated based on predictions of rare events when no
rare event occurred. For example, if a method consistently estimates high risks of rare events,
the fact that the method is often wrong is considered along with the fact that the method
contained the highest probability of a specific rare event when the specific rare event
occurred.

[0108] In an embodiment, each calibration approach receives one or more accuracy
ratings for a combination of two or more of the above described parameters. For example,
cach calibration approach may receive a rating for each location at each time of year. As
another example, each calibration approach may receive a rating for each lead time, each

variable, and each agronomic factor based on each variable. Agricultural intelligence
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computing system 130 may be configured to switch between methods depending on location,
lead time, time of year, and prediction variables.

[0109] In an embodiment, agronomic model module 146 uses multiple modeling
methods to create the agronomic models. For example, agronomic model module 146 may
use the results of the method for predictions of maximum and minimum temperatures that has
the highest accuracy rating in estimating temperature. If a different model has a higher
accuracy rating in estimating the risk of rare events, agronomic model module 146 may use
the other model to factor in the risk of rare events. Alternatively, agronomic model module
146 may be configured to use a single model for the risks of rare temperature related events
and predictions of maximum and minimum temperatures to keep the results consistent.
[0110] HARDWARE OVERVIEW

[0111] According to one embodiment, the techniques described herein are
implemented by one or more special-purpose computing devices. The special-purpose
computing devices may be hard-wired to perform the techniques, or may include digital
electronic devices such as one or more application-specific integrated circuits (ASICs) or
field programmable gate arrays (FPGAs) that are persistently programmed to perform the
techniques, or may include one or more general purpose hardware processors programmed to
perform the techniques pursuant to program instructions in firmware, memory, other storage,
or a combination. Such special-purpose computing devices may also combine custom hard-
wired logic, ASICs, or FPGAs with custom programming to accomplish the techniques. The
special-purpose computing devices may be desktop computer systems, portable computer
systems, handheld devices, networking devices or any other device that incorporates hard-
wired and/or program logic to implement the techniques.

[0112] For example, FIG. 4 is a block diagram that illustrates a computer system 400
upon which embodiments may be implemented. Computer system 400 includes a bus 402 or
other communication mechanism for communicating information, and a hardware processor
404 coupled with bus 402 for processing information. Hardware processor 404 may be, for
example, a general purpose microprocessor.

[0113] Computer system 400 also includes a main memory 406, such as a random
access memory (RAM) or other dynamic storage device, coupled to bus 402 for storing
information and instructions to be executed by processor 404. Main memory 406 also may
be used for storing temporary variables or other intermediate information during execution of
instructions to be executed by processor 404. Such instructions, when stored in non-

transitory storage media accessible to processor 404, render computer system 400 into a
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special-purpose machine that is customized to perform the operations specified in the
instructions.

[0114] Computer system 400 further includes a read only memory (ROM) 408 or
other static storage device coupled to bus 402 for storing static information and instructions
for processor 404. A storage device 410, such as a magnetic disk, optical disk, or solid-state
drive is provided and coupled to bus 402 for storing information and instructions.

[0115] Computer system 400 may be coupled via bus 402 to a display 412, such as a
cathode ray tube (CRT), for displaying information to a computer user. An input device 414,
including alphanumeric and other keys, is coupled to bus 402 for communicating information
and command selections to processor 404, Another type of user input device is cursor control
416, such as a mouse, a trackball, or cursor direction keys for communicating direction
information and command selections to processor 404 and for controlling cursor movement
on display 412. This input device typically has two degrees of freedom in two axes, a first
axis, such as x) and a second axis, such as y), that allows the device to specify positions in a
plane.

[0116] Computer system 400 may implement the techniques described herein using
customized hard-wired logic, one or more ASICs or FPGAs, firmware and/or program logic
which in combination with the computer system causes or programs computer system 400 to
be a special-purpose machine. According to one embodiment, the techniques herein are
performed by computer system 400 in response to processor 404 executing one or more
sequences of one or more instructions contained in main memory 406. Such instructions may
be read into main memory 406 from another storage medium, such as storage device 410.
Execution of the sequences of instructions contained in main memory 406 causes processor
404 to perform the process steps described herein. In alternative embodiments, hard-wired
circuitry may be used in place of or in combination with software instructions.

[0117] The term “storage media™ as used herein refers to any non-transitory media
that store data and/or instructions that cause a machine to operate in a specific fashion. Such
storage media may comprise non-volatile media and/or volatile media. Non-volatile media
includes, for example, optical disks, magnetic disks, or solid-state drives, such as storage
device 410. Volatile media includes dynamic memory, such as main memory 406. Common
forms of storage media include, for example, a floppy disk, a flexible disk, hard disk, solid-
state drive, magnetic tape, or any other magnetic data storage medium, a CD-ROM, any other
optical data storage medium, any physical medium with patterns of holes, a RAM, a PROM,
and EPROM, a FLASH-EPROM, NVRAM, any other memory chip or cartridge.
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[0118] Storage media is distinct from but may be used in conjunction with
transmission media. Transmission media participates in transferring information between
storage media. For example, transmission media includes coaxial cables, copper wire and
fiber optics, including the wires that comprise bus 402. Transmission media can also take the
form of acoustic or light waves, such as those generated during radio-wave and infra-red data
communications.

[0119] Various forms of media may be involved in carrying one or more sequences of
oneg or more instructions to processor 404 for execution. For example, the instructions may
initially be carried on a magnetic disk or solid-state drive of a remote computer. The remote
computer can load the instructions into its dynamic memory and send the instructions over a
telephone line using a modem. A modem local to computer system 400 can receive the data
on the telephone line and use an infra-red transmitter to convert the data to an infra-red
signal. An infra-red detector can receive the data carried in the infra-red signal and
appropriate circuitry can place the data on bus 402. Bus 402 carries the data to main memory
406, from which processor 404 retrieves and executes the instructions. The instructions
received by main memory 406 may optionally be stored on storage device 410 either before
or after execution by processor 404,

[0120] Computer system 400 also includes a communication interface 418 coupled to
bus 402. Communication interface 418 provides a two-way data communication coupling to
anetwork link 420 that is connected to a local network 422, For example, communication
interface 418 may be an integrated services digital network (ISDN) card, cable modem,
satellite modem, or a modem to provide a data communication connection to a corresponding
type of telephone line. As another example, communication interface 418 may be a local
area network (LAN) card to provide a data communication connection to a compatible LAN.
Wireless links may also be implemented. In any such implementation, communication
interface 418 sends and receives electrical, electromagnetic or optical signals that carry
digital data streams representing various types of information.

[0121] Network link 420 typically provides data communication through one or more
networks to other data devices. For example, network link 420 may provide a connection
through local network 422 to a host computer 424 or to data equipment operated by an
Internet Service Provider (ISP) 426. ISP 426 in turn provides data communication services
through the world wide packet data communication network now commonly referred to as
the “Internet” 424. Local network 422 and Internet 424 both use electrical, electromagnetic

or optical signals that carry digital data streams. The signals through the various networks
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and the signals on network link 420 and through communication interface 418, which carry
the digital data to and from computer system 400, are example forms of transmission media.
[0122] Computer system 400 can send messages and receive data, including program
code, through the network(s), network link 420 and communication interface 418. In the
Internet example, a server 430 might transmit a requested code for an application program
through Internet 424, ISP 426, local network 422 and communication interface 418.

[0123] The received code may be executed by processor 404 as it is received, and/or
stored in storage device 410, or other non-volatile storage for later execution.

[0124] BENEFITS OF CERTAIN EMBODIMENTS

[0125] Using the techniques described herein, a computer can deliver predictions of
temperature, precipitation, and other valuable weather variables that are significantly
improved for accuracy and granularity. For example, the techniques herein can create more
accurate predictions, increase accuracy based on seasonal dependence of weather, predict rare
events, and deliver predictions at a field location level, which are otherwise not available
from public and/or commercial weather data sources. The processes may be used in
computer implementations to predict and deliver to a user computing device, in response to a
request, precise estimates of temperature and precipitation values at growing fields or other
locations even when current forecasts and observations are not available at a granular level
for the areas or locations. Consequently, the performance of the end user computing device
may be improved because device applications may receive and use data that otherwise would
not be available, and/or avoid errors that are introduced by using data that is incomplete or
contains errors.

[0126] EXTENSIONS AND ALTERNATIVES

[0127] In the foregoing specification, embodiments have been described with
reference to numerous specific details that may vary from implementation to implementation.
The specification and drawings are, accordingly, to be regarded in an illustrative rather than a
restrictive sense. The sole and exclusive indicator of the scope of the disclosure, and what is
intended by the applicants to be the scope of the disclosure, is the literal and equivalent scope
of the set of claims that issue from this application, in the specific form in which such claims

issue, including any subsequent correction.
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CLAIMS
What is claimed 1s:

1. A method comprising:

recelving over a computer network and storing in an ensemble database, electronic
digital data representing a plurality of historical ensemble-based weather
forecasts corresponding to one or more years of weather forecasts, each of the
historical ensemble-based weather forecasts comprising a plurality of historical
ensemble members, wherein each of the historical ensemble members comprise
a first set of forecasted weather conditions for a first plurality of days;

recetving, over the computer network, a plurality of historical weather observations
and storing the plurality of historical weather observations with the plurality of
historical ensemble-based weather forecasts;

determining a plurality of historical difference parameters representing differences
between the historical ensemble-based weather forecasts and the corresponding
historical weather observations;

recetving, over the computer network, a plurality of raw ensemble-based weather
forecasts comprising a plurality of raw ensemble members, wherein each of the
plurality of raw ensemble members comprise a second set of forecasted
weather conditions for a second plurality of days;

determining a series of correlations from the plurality of raw ensemble-based weather
forecasts and storing the series of correlations in computer memory; creating
and storing one or more distributions from the plurality of raw ensemble
members, and applying the plurality of historical difference parameters to
modify the one or more distributions to create one or more improved
distributions;

creating improved ensemble members from the one or more improved distributions
and the series of correlations and creating improved ensemble-based weather
forecasts from the improved ensemble members ; wherein the method is
performed by one or more computing devices.

2. The method of claim 1 further comprising,

receiving, over the network from a requesting device, one or more requests for one or
more agronomic models at one or more specific locations;

generating one or more agronomic factors for the one or more specific locations using
the improved ensemble-based weather forecasts and creating one or more
agronomic models based at least in part on the one or more agronomic factors,
the improved ensemble-based weather forecasts, and the one or more specific
locations, wherein each of the agronomic models comprises crop-related
information, one or more crop-related recommendations, and one or more crop
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related estimates.

3. The method of claim 1 wherein determining the one or more historical
difference parameters comprises, creating and storing equation data representing one
or more offset equations which describe the historical differences as a function of
time, inserting one or more seasonal dependent terms into the equation data for the
one or more offset equations, and calculating the equations based on the equation data
in order to account for seasonal variations in weather.

4. The method of claim 1 wherein constructing the one or more distributions

comprises:

selecting a plurality of distribution types;

for each of the plurality of distribution types, fitting a plurality of values relating to
the plurality of the raw ensemble-based weather forecasts into a distribution
type of the plurality of distribution types;

determining one or more accuracy ratings for each of the plurality of distribution
types;

selecting one or more of the plurality of distribution types based at least on the one or
more accuracy ratings.

5. The method of claim 4 wherein the plurality of values relating to the plurality

of the raw ensemble-based weather forecasts includes one or more of:

a mean of the raw ensemble-based weather forecasts;

a standard deviation of the raw ensemble-based weather forecasts;

a variance of the raw ensemble-based weather forecasts;

a non-zero fraction of the raw ensemble-based weather forecasts;

a mean absolute difference between all of the raw ensemble-based weather forecasts;
a seasonal component corresponding to a portion of the raw ensemble-based
weather forecasts; a time component.

6. The method of claim 4:

wherein the one or more accuracy ratings for a particular distribution type of the
plurality of distribution types is further constructed with respect to one or more
additional factors, wherein the one or more additional factors comprise one or
more of a location of an observation satellite, one or more forecast locations, a
time of year, a lead time of the raw ensemble-based weather forecasts;

wherein selecting the one or more of the plurality of distribution types comprises
determining specific values for the one or more additional factors and selecting
the distribution with the highest accuracy rating for the specific values of the
one or more additional factors.
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7. The method of claim 1 further comprising:

recelving a plurality of measured weather observations corresponding to the improved
ensemble-based weather forecasts;

calculating a plurality of improved forecast differences between the improved
ensemble-based forecasts and the measured weather observations;

determining one or more improved difference parameters using the improved forecast
differences;

receiving a plurality of second raw ensemble-based weather forecasts;

creating a plurality of second improved ensemble-based weather forecasts from the
plurality of second raw ensemble-based weather forecasts and the improved
difference parameters.

8. The method of claim 1 wherein the improved ensemble-based weather forecasts
comprise a larger number of ensemble members than the raw ensemble-based weather
forecasts, the method further comprising determining one or more risks of one or
more rare events using the improved ensemble-based weather forecasts.

9. The method of claim 1 further comprising:

receiving, over a network from a computing device, a request for an improved
weather forecast for a specific location, wherein improving the raw ensemble-
based weather forecasts occurs in response to the request;

sending, over a network to the computing device, an improved weather forecast based
at least in part on the improved ensemble-based weather forecast.

10. The method of claim 1 wherein creating the improved ensemble-based weather

forecasts from the improved ensemble members and the series of correlations

comprises:

using pseudo-random selection logic, pseudo-randomly selecting discrete examples
from the one or more distributions;

reordering the pseudo-randomly selected discrete examples to match the ordering of
the raw ensemble-based weather forecasts;

reassembling the reordered pseudo-randomly selected discrete examples into
improved ensemble members.

I11.  One or more non-transitory storage media storing instructions which, when
executed by one or more computing devices, cause performance of:

recelving over a computer network and storing in an ensemble database, a plurality of
historical ensemble-based weather forecasts corresponding to one or more
years of weather forecasts, each of the forecasts comprising a plurality of
historical ensemble members, wherein each of the historical ensemble members
comprise a first set of forecasted weather conditions for a first plurality of days;
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recetving, over the computer network, a plurality of historical weather observations
and storing the plurality of historical weather observations with the plurality of
historical ensemble-based weather forecasts;

determining a plurality of historical difference parameters representing differences
between the historical ensemble-based weather forecasts and the corresponding
historical weather observations;

receiving, over the computer network, a plurality of raw ensemble-based weather
forecasts comprising a plurality of raw ensemble members, wherein each of the
plurality of raw ensemble members comprise a second set of forecasted
weather conditions for a second plurality of days;

determining a series of correlations from the plurality of raw ensemble-based weather
forecasts and storing the series of correlations in computer memory;

creating and storing one or more distributions from the plurality of raw ensemble
members, and applying the plurality of historical difference parameters to
modify the one or more distributions to create one or more improved
distributions; creating improved ensemble members from the one or more
improved distributions and the series of correlations and creating improved
ensemble-based weather forecasts from the improved ensemble members.

12.  The one or more non-transitory media of claim 11 wherein the instructions,

when executed by the one or more computing devices, further cause performance of,

receiving, over the network from a requesting device, one or more requests for one or
more agronomic models at one or more specific locations;

generating one or more agronomic factors for the one or more specific locations using
the improved ensemble-based weather forecasts and creating one or more
agronomic models based at least in part on the one or more agronomic factors,
the improved ensemble-based weather forecasts, and the one or more specific
locations, wherein each of the agronomic models comprises crop-related
information, one or more crop-related recommendations, and one or more crop
related estimates.

13.  The one or more non-transitory media of claim 11 wherein determining the one
or more historical difference parameters comprises, creating and storing equation data
representing one or more offset equations which describe the historical differences as
a function of time, inserting one or more seasonal dependent terms into the equation
data for the one or more offset equations, and calculating the equations based on the
equation data in order to account for seasonal variations in weather.

14.  The one or more non-transitory media of claim 11 wherein constructing the one
or more distributions comprises:
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selecting a plurality of distribution types; for each of the plurality of distribution
types, fitting a plurality of values relating to the plurality of the raw ensemble-
based weather forecasts into a distribution type of the plurality of distribution
types;

determining one or more accuracy ratings for each of the plurality of distribution
types;

selecting one or more of the plurality of distribution types based at least on the one or
more accuracy ratings.

15. The one or more non-transitory media of claim 14 wherein the plurality of

values relating to the plurality of the raw ensemble-based weather forecasts includes

one or more of’

a mean of the raw ensemble-based weather forecasts;

a standard deviation of the raw ensemble-based weather forecasts;

a variance of the raw ensemble-based weather forecasts;

a non-zero fraction of the raw ensemble-based weather forecasts;

a mean absolute difference between all of the raw ensemble-based weather forecasts;

a seasonal component corresponding to a portion of the raw ensemble-based weather
forecasts;

a time component.

16.  The one or more non-transitory media of claim 14:

wherein the one or more accuracy ratings for a particular distribution type of the
plurality of distribution types is further constructed with respect to one or more
additional factors, wherein the one or more additional factors comprise one or
more of a location of an observation satellite, one or more forecast locations, a
time of year, a lead time of the raw ensemble-based weather forecasts;

wherein selecting the one or more of the plurality of distribution types comprises
determining specific values for the one or more additional factors and selecting
the distribution with the highest accuracy rating for the specific values of the
one or more additional factors.

17.  The one or more non-transitory media of claim 11 wherein the instructions,

when executed by the one or more computing devices, further cause performance of:

recelving a plurality of measured weather observations corresponding to the improved
ensemble-based weather forecasts;

calculating a plurality of improved forecast differences between the improved
ensemble-based forecasts and the measured weather observations;

determining one or more improved difference parameters using the improved forecast
differences;

receiving a plurality of second raw ensemble-based weather forecasts;

34

Date Regue/Date Received 2021-08-18



creating a plurality of second improved ensemble-based weather forecasts from the
plurality of second raw ensemble-based weather forecasts and the improved
difference parameters.

18.  The one or more non-transitory media of claim 11:

wherein the improved ensemble-based weather forecasts comprise a larger number of
ensemble members than the raw ensemble-based weather forecasts,

wherein the instructions the instructions, when executed by the one or more
computing devices, further cause performance of determining one or more risks
of one or more rare events using the improved ensemble-based weather
forecasts.

19.  The one or more non-transitory media of claim 11 wherein the instructions,
when executed by the one or more computing devices, further cause
performance of:

recelving, over a network from a computing device, a request for an improved
weather forecast for a specific location, wherein improving the raw ensemble-
based weather forecasts occurs in response to the request;

sending, over a network to the computing device, an improved weather forecast based
at least in part on the improved ensemble-based weather forecast.
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