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Crop modeling is a process of translating quantitative knowledge on crop growth into a com-

puter program that simulates the growth in silico. From a software engineering perspective,

crop modeling has suffered from a legacy built decades ago when early crop models appeared.

Many crop models have been developed in imperative programming approaches striving for

high performance, but frequently suffered from error-prone code and technical debts left

behind. In this study, we propose a new declarative modeling framework named Cropbox

written in Julia programming language to support developing crop models in a concise form

equipped with useful abstractions commonly required in modeling. With an insight that a

crop model is essentially an integrated network of generalized state variables, the framework

provides various primitives for representing variables and systems as well as functions essen-

tial to modeling workflow. The modeling workflow based on Cropbox was used to create and

illustrate its applications in crop modeling at different levels of organization and complexity.

The first application was phenology modeling for building an ensemble model to predict flow-

ering time based on various existing approaches. Extracting common patterns in the models

and developing reusable interface for simulation, visualization, and calibration motivated

an idea of a new modeling framework. The second application was a coupled gas-exchange

model which combines two models for biochemical photosynthesis and empirical stomatal



conductance with an additional link to an energy balance equation. The model implemented

in Cropbox framework provided the same functionality as an existing model written in C++

with less code and a more flexible interface in terms of parameter management and out-

put visualization. To demonstrate the capability of the model, we evaluated two stomatal

conductance modeling approaches and applied them to replicate the observed behavior of

transgenic plants from the literature. The last application was a whole-plant crop simulation

model for garlic (Allium sativum) translated from an existing C++ model aimed at simulat-

ing leaf development and growth. The new model was expanded and improved to simulate

biomass and yield with an emphasis on whole-plant carbon budget. The model was evaluated

with three datasets for analyzing effective planting dates as a climate adaptation strategy in

South Korea under future climate conditions projected by different greenhouse gas emission

scenarios. The Cropbox framework can support development of conventional crop models

but also show potential for incorporating other approaches like functional-structural plant

modeling (FSPM) as briefly illustrated by a 3D root structure growth model for switchgrass

(Panicum virgatum). With a domain-specific language and unified interface specifically de-

signed for crop modeling, the Cropbox framework will become a useful tool for research and

teaching in this field.
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Chapter 1

DECLARATIVE MODELING FRAMEWORK

Abstract

Crop modeling is a process of translating quantitative knowledge about crop growth into

a computer program that simulates the growth in silico. Therefore crop modeling inher-

ently becomes a software engineering problem. Many crop models have been developed in

imperative programming approaches with high running performance, but then consequently

suffered from error-prone code and technical debts left behind. In this study, we propose a

new declarative modeling framework named Cropbox to support writing crop models in a

concise form yet with little loss in generality. With an insight that a crop model is essen-

tially an integrated network of generalized state variables, our framework provides various

primitives for representing variables and systems as well as several functions essential to

modeling workflow. We discuss the capability of the framework with practical applications

commonly found in conventional crop modeling, such as a coupled leaf-gas exchange model

and a whole-plant garlic growth model and also with a potential expansion to a functional-

structural plant modeling (FSPM) approach demonstrated by a 3D root structure growth

model.

1.1 Introduction

Crop modeling is inherently a software engineering process where the model which is a

final outcome can be limited by various technical implications. Computer platforms and

programming tools available at times have shown a strong influence on the development of

crop models in history.

Early crop models from Wageningen University were developed on CSMP (Continuous
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System Modeling Program) language which was a simulation language designed for contin-

uous time domain where problems were represented by differential equations. CSMP was

based on the idea of clear separation between groups of variables involved in numerical inte-

gration [Brennan and Silberberg, 1968, Caskie and Mason, 1972]. Rate variables represent

changes of certain quantities during a small time step. State variables hold quantities at

each time point integrated by the rate variables as integrands.

Once the language became obsolete with arrival of new computer platforms in the 1980s,

an attempt to replace CSMP was conceived to continue development of crop models and

FSE/FST came out as a result. FSE (Fortran Simulation Environment) was a framework

equipped with domain-specific simulation features similar to CSMP on top of a general pro-

gramming language emerging at the time called FORTRAN [van Kraalingen and de Vries,

1990, van Kraalingen, 1991, 1995]. FST (Fortran Simulation Translator) was a companion

tool providing a transition layer for existing models written in CSMP syntax [Rappoldt and

van Kraalingen, 1996, van Kraalingen et al., 2003]. Variables were still declared in separate

sections in the code to distinguish rate and state variables. An order of calculation within the

section was automatically determined by sorting out the dependency of variables involved. In

addition to the model specification mainly describing a set of differential equations, modelers

also needed means of running the models and evaluating the outcomes. For a complete sim-

ulation workflow, FSE/FST provided model driving statements in order to support setting

up parameters, including time step and output format, and producing graphical plots. As

a domain-specific simulation language implemented on Fortran, FSE/FST became widely

adopted for developing varieties of crop models. For example, DSSAT (Decision Support

System for Agrotechnology Transfer) was once ported FSE/FST framework and the internal

model structure established at the time largely remains to date [Jones et al., 2003]. With

the advent of recent technological shifts, FSE has also inspired new simulation frameworks

implemented on different programming languages. PCSE (Python Crop Simulation Environ-

ment) was an attempt to reimplement existing crop models written for FSE in a dynamically

typed language Python which could be more suitable for interactive simulation [de Wit et al.,
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2019]. WISS (Wageningen Integrated Systems Simulator) was a recently announced simula-

tion framework developed in Java language with a similar objective in mind [van Kraalingen

et al., 2020].

System dynamics is an approach to understand emergent behavior of complex systems

by linking simple primitives like stock and flow [Forrester, 1961]. Mathematically, a system

dynamics model consists of a set of differential equations similarly to continuous system

simulation languages. Stock, or originally called level, represents a quantity accumulated or

integrated over time. Flow represents a change of stock per time which is essentially the same

concept as the rate variable described above. Incoming flow and outgoing flow are explicitly

identified as separate entities to clearly show interactions between variables. System dynam-

ics models can be visualized by a diagram with its own set of unique symbols for representing

stock and flow. Quantities used in the model are often accompanied by proper units of mea-

surements which are useful for validating model equations. The basic concept of system

dynamics was established throughout revisions of the DYNAMO (DYNAmic MOdels) lan-

guage in the 1960s [Forrester, 1961] and later evolved by other platforms. STELLA (Systems

Thinking, Experimental Learning Laboratory with Animation) started as an implementa-

tion of DYNAMO for the Macintosh computers in the 1980s and provided a graphical user

interface supporting model development directly in the form of stock–flow diagrams [Rich-

mond, 1985]. Many ecological models were implemented on STELLA [Costanza et al., 1998,

Costanza and Gottlieb, 1998, Costanza and Voinov, 2001]. Simile is a visual modeling en-

vironment primarily based on the concept of system dynamics with additional features of

an object-based paradigm suited to spatial and individual-based modeling [Muetzelfeldt and

Massheder, 2003].

A role of the crop modeling framework from a software development perspective has been

discussed multiple times in the past. An early review suggested that a modeling framework

should provide common services essential for implementing a model such as state variable

integration and event handling [van Ittersum et al., 2003]. Other common features included

a graphical user interface and a standard format for handling data input and output. By
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separating core simulation logic from other supporting code, models would become more in-

dependent and modular for better reuse. A later review revisited the state of crop modeling

development to reveal that many long-standing problems were still present after a decade

of progress in the field [Holzworth et al., 2015]. Crop models still relied on legacy code

written in procedural languages which might not be the best paradigm for implementing

scientific models. A standard model interface and internal structure with smaller units of

computation aggregated to form a large model was suggested with an emphasis on documen-

tation and testing. A recent review led to a similar conclusion that crop modeling should

follow best practices established in software engineering such as adopting domain-specific

structures and functions and clear separation of code between model equations and the user

interface [Janssen et al., 2017].

In this paper, we propose a new crop modeling framework named Cropbox that allows the

models to be expressed in a domain-specific language akin to mathematical model equations

where each variable is declared with an explicitly stated intention in relation to other vari-

ables. Model developers can write model specifications in a declarative form with no direct

need for control flow management as in procedural languages. The framework then takes

this high-level model specification and automatically generates lower-level code in a host lan-

guage after analyzing dependency graphs between variables. Model developers and users are

provided with built-in features not limited to running simulation of the model, configuration

management, evaluation with common metrics, calibration of parameters, visualization of

output results, and manipulation of interactive plots. A core concept and architecture of the

framework will be discussed with a few applications taking advantage of different aspects of

the framework.

1.2 Design

A core idea of Cropbox modeling framework is to let crop modelers describe their model

in a succinct declarative language similar to mathematical equations and let the framework

automatically generates a low-level host code that modelers can interact with for a common
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update!(::Growth) = begin
    # for each variable
    ..
end

..(::Growth) = ..

struct Growth <: System
    context::Context
    config::Config
    r::Preserve
    Wf::Preserve
    W0::Preserve
    W::Accumulate
    t::Track
end

@system Growth(Controller) begin

    r: growth_rate ~ preserve(u"g/g/d", parameter)

    Wf: final_biomass ~ preserve(u"g", parameter)

    W0: initial_biomass ~ preserve(u"g", parameter)

    W(W, r, Wf): biomass => r*W*(1-W/Wf) ~ accumulate(u"g", init = W0)

    t(context.clock.time): time ~ track(u"d")

end

config → W0 → Wf → r → ∘context → context → t → W → ⋆W → ⋆context

(a) Specification

(b) Analysis

(c) Code

Figure 1.1: A fundamental concept of Cropbox modeling framework. The framework takes

a model specification (a) in declarative domain-specific language and emits host code (c)

written in Julia programming language after internal dependency analysis (b) for variables

and systems. Model developers then interact with automatically generated model code via

several functions provided for simulation, evaluation, calibration, and visualization workflow.

modeling workflow (Figure 1.1).

System is a unit of model component that contains a list of variable declarations. Vari-

able is a unit element of the model with a specific state associated with a certain behavior.

The framework takes a model specification and generate host code based on an existing type

system of the host language which is used for creating an instance of the generated type.

The framework provides a few functions around the generated types to support common

modeling workflows. A configuration object may be also used for settings parameter values.

The Cropbox modeling framework is built on these core elements to support crop model
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InstanceSpecification

simulate, visualize, calibrate, evaluate, ..

Configuration

System

Var Val

Var Val

.. ..

Functions

System

Variable

Variable

Variable

..

State

State

System

..

Figure 1.2: An architecture of Cropbox modeling framework depicting core elements. A

model specification for a system contains a list of variable declarations. Variables may

have specific states associated with intended behaviors. An instance of another system may

be referred through a non-state variable. The specification for a system is like a mold for

casting goods which are hereby called instances of the system. One or more system instances

may be created with an optional configuration for customizing parameter values. Model

developers and users then interact with the instances via built-in functions supporting a

common modeling workflow including simulation, visualization, calibration, and evaluation.

development and application (Figure 1.2). More information about the underlying architec-

ture will be explained in the following sections, starting from a smaller concept like variable

and associated states, moving to a larger concept of system and configuration, and finally

explaining workflow functions implemented around these concepts.

1.2.1 Variable

A model in the Cropbox framework is represented by relations between variables. Variable is

a unit element of modeling that denotes a value determined by a specific operation relying on



7

other variables. The framework provides more than a dozen of predefined operations ranging

from a simple constant value assignment to a mathematical equation to a specialized com-

putational code. Operation is internally called state in terms of generalizing and expanding

the notion of state variable as often mentioned in mathematical modeling. State variable, in

an original strict term, captures a state of integration upon a dynamic variable with regards

to a time variable. In broad terms, we assume more types of state exist to conveniently de-

scribe how a model should work in multiple aspects. Associating a single type of predefined

operation with each variable gives model developers freedom from needing to understand

technical details of how an operation is implemented under the hood and instead focus on

what kind of value a variable should keep to describe a desired aspect of the model. Such

a clear separation between a high-level model representation and low-level computer code is

a core idea of the Cropbox modeling framework. Model developers are encouraged to think

around variables as appearing in mathematical equations which they want to translate into

a computer model.

Syntax

A state variable in Cropbox is declared in a minimal form like name ~ state that indi-

cates a variable named name is associated with a state named state. Most variables may

have additional descriptions inside the body as in name => body ~ state that indicates

a variable name associated with state state has a declaration body in the place of body.

Depending on the associated states, the body can include a simple value, equations calcu-

lating a new value, or regular function calls incurring side effects. When multiple lines of

statements are needed, a block enclosed by begin and end keywords may be used. When

other variables are required to be referred inside the body, such dependent variables are

listed as arguments of variable name as in name(args...) => body ~ state. Similarly,

state-specific options, called tags, may appear as arguments of state name as in name =>

body ~ state(tags...). Commonly used tags include unit specifier (unit or u".."),

parameter indicator (parameter), and clamping range (min, max). Variables may opt to
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have an alias which often has a longer descriptive meaning than the original name which is

encouraged to be kept short for convenience in reference from other variables. An internal

data type can be also specified following the name of state as in state::type when de-

fault floating point type is not enough, for example, when strict integer type is needed for

counting. Note that a state is not mandatory for variable declaration as regular variables

are also allowed in a form like name => body or name => body ~ ::type. Such non-state

variables are often used for referencing another system to access variables declared inside.

States

There are currently 18 kinds of state implemented in the framework. Some variables describ-

ing essential building blocks of a model are more common than others more specialized to

handle unique but complex tasks. Here we provide a brief overview on common states used

for variable declaration.

preserve is used when the value of a variable should be kept constant with no further

modification after initial assignment. Hence it is often used for declaring a parameter vari-

able where its initial value can be set via a configuration object supplied with the onset of

simulation. Non-parameter constant variables may also appear depending on model speci-

fication, for example, to freeze a value from a certain time point and lower computational

cost since no update is required for each time step in contrast to other kinds of variables like

track as discussed later.

� �
r: growth_rate => 0.05 ~ preserve(u"d^-1", parameter)� �

In this example, a variable named r, also referred to growth_rate, has the default

value of 0.5 d−1 which does not change during simulation. Since it is tagged as parameter,

the value could be replaced by other values via configuration at initialization.

track is for tracking a result of a computation as often done in an update loop in conven-
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tional model code. For each time step, a model equation coded in the variable declaration

body is evaluated and saved for use by other variables. Note that assignment of value can

happen only once per time step as determined by the framework and no manual assign-

ment at an arbitrary point of computation is allowed as with procedural programming. This

declarative aspect of the framework is to prevent any logical errors due to premature or incor-

rect order of variable assignments which can happen frequently in model development. For

example, two variables declared to track each other with a circular reference would be easily

caught by the framework during the model analysis phase before code generation while they

would still remain valid statements in general programming languages resulting in a subtle

bug hard to discover unless something happens with the output to indicate an obvious error.

� �
SLA(area, mass): specific_leaf_area => begin

area / mass

end ~ track(u"cm^2/g")� �
In this example, a variable named SLA, also referred to specific_leaf_area, is

calculated by two other variables area and mass. For every time step, the variable will be

updated with a new value from calculation. Since the calculation depends on values from

other variables, dependent variables area and mass are updated before updating SLA.

accumulate represents integration of differential, or more precisely, difference equations

over time. The numerical integration is equivalent to the Euler method with a fixed time step

since other advanced numerical methods relying on variable time steps are not compatible

with the discrete nature of some variables like produce. In Cropbox, any kind of variable can

become an integrating variable or corresponding time variable without explicit distinction

such as influence, intermediate variable, and parameters in system dynamics. Declaration

body for the accumulate variable dictates how an accumulation rate is calculated. As the

framework is equipped with native support for unit conversion and validation, the units

of a rate variable must conform to the units of an integrated variable. For example, for
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accumulation of biomass in the unit of g, the rate calculation must result into a unit with

a time component such as g d−1. Calculation of rate is done at the end of each time step,

but actual accumulation occurs in the beginning of the following time step to ensure a newly

updated value is not accidentally leaked to external access at the end of previous time step.

For convenience, a similar kind of variable named capture is also provided to allow tracking

of rate values calculated for each time step.

� �
LTA(r = LTAR_max, β = BF.∆T): leaf_appearance => begin

r * β

end ~ accumulate(when = leaf_appearing)� �
In this example, a variable named LTA, also referred to leaf_appearance, increases

by the rate calculated with other variables, LTAR_max and BF.∆T. For convenience, the

latter two variables are referred by shorter names, r and β, inside the declaration body.

Initial value of variable is implicitly assumed to be 0 when no init tag is used. The use of

when tag indicates that accumulation should only happen when leaf_appearing is true.

flag is basically the same as track but explicitly typed for boolean values, true and false.

In addition to tracking a conditional value for each time step, the flag variable can be easily

composed with other flag variables for making a new conditional expression like appeared

& !removed on the fly to indicate a condition when something is appeared but not removed

yet. Triggering different computation pathways depending on such a flag is quite common

in crop models especially backed with complex phenology in developmental stages.

� �
leaf_appeared(i = N_initiated, a = N_appeared) => begin

0 < i <= a

end ~ flag� �
In this example, a variable named leaf_appeared is updated with the result of compar-
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ison between numerical values including other variables, N_initiated and N_appeared.

For convenience, the two dependent variables are referred by aliases, i and a, inside the

declaration body. The result should be a boolean value which is either true or false.

drive pulls value from a time-series data source which can be a simple vector or a column

from a tabular data frame. Depending on the type of specified index variable which often

coincides with a default time or calendar date variable, new values are pulled from the

source every time step. In other words, the drive state declares a driving variable, hence

the name. When the data source is in a data frame, provide can be used to layer down a

convenient interface for loading from external files, handling index columns, and automatic

unit conversion from column names.

� �
Ta: air_temperature ~ drive(from = s, by = :Tair, u"◦C")� �

In this example, a variable named Ta, with a long alias referred to air_temperature,

is pulled from a data frame store named s by the index column named Tair. The unit of

column should be in °C as specified by the unit string literal u"°C".

Aside from the basic kinds of variable introduced so far that are more frequently used in

a general model development, some variables are reserved for abstracting specialized tasks

often complex enough to implement from scratch.

bisect constructs a loop for iteratively solving a numerical equation between variables.

With a lower and upper boundary of the variable to be solved given in the declaration, the

framework would automatically generate a proper control flow structure for implementing

an iterative solver. When multiple equations are dependent on each other and declared with

more than a single bisect variable, dependency analysis should be able figure out a correct

order of iterative solving implemented in a nested control structure. A typical example can

be found in the implementation of coupled gas-exchange model where solving intercellular

CO2 level (Ci) determined by an empirical relationship between biochemical photosynthesis
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and stomatal conductance models. Energy balance equation may be solved via additional

bisect variable internally relying on Ci that led to a nested loop generated in the host code.

� �
Ci(Ca, Ci, A_net, gvc): intercellular_co2 => begin

Ca - Ci == A_net / gvc

end ~ bisect(min = Cimin, upper = Cimax, u"µbar")� �
In this example, a variable named Ci, also referred to intercellular_co2, is deter-

mined by numerically solving a steady-state equation constructed with a few other variables.

As the bisection method requires a boundary of solution, min and max tags are set via

corresponding variables named Cimin and Cimax. The solution of equation saved to Ci is

in the unit of µbar.

solve is another kind of variable for solving a system of equations when the target equation

is symbolically solvable to produce an analytical solution. Since actual analysis for solving

equations occurs during the code generation phase and only the solution represented in a

new fixed form is included in the generated code, impact on runtime performance should be

kept minimal. An example can come from stomatal conductance model to solve leaf surface

humidity (Hs) which is a key variable for linking biochemical photosynthesis model.

� �
J(I2, Jmax, θ): electron_transport_rate => begin

a = θ

b = -(I2 + Jmax)

c = I2 * Jmax

a*Jˆ2 + b*J + c == 0

end ~ solve(lower = 0, upper = Jmax, u"µmol/m^2/s")� �
In this example, a variable named J, also referred to electron_transport_rate,

is determined by solving a quadratic equation declared inside the body enclosed in a block

between begin and end. A symbolic solution of the quadratic equation is derived during
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the code generation phase and an actual value of solution is computed runtime with the

current values of dependent variables, I2, Jmax, and θ. Since quadratic equations can have

two different solutions, a boundary of solution is additionally specified via lower and upper

tags to chose a more likely solution.

produce supports instantiation of a new system during runtime to allow dynamic ex-

pansion of overall model structure which is an important feature differentiating functional-

structural plant models (FSPM) from conventional crop models with a rather static struc-

ture. We used produce to build a 3D root structure growth model for switchgrass (Panicum

virgatum).

� �
R(R, N, wrap(RT0)): roots => begin

[produce(Root; RT0) for i in (length(R)+1):N]

end ~ produce::Root[]� �
In this example, a variable named R, also referred to roots, contains a list of system

instances dynamically produced runtime. produce() inside the declaration body is a func-

tion to create a new instance of system for produce variable. In this particular example, new

instances of Root is produced for each time step if the total number of instanced stored in

R is less than the total number set by N. A constructor for Root system accepts a keyword

argument named RT0 to receive a variable holding a transformation matrix. Note the use of

warp() function to pass a reference to the variable, not a value of variable, to ensure any

changes in the matrix can propagate down the hierarchy of root structure.

1.2.2 System

System is a unit of model component that contains a collection of variables declared with

metadata as described above. Variables declared within a system must have a linear order

of computation which is automatically determined by dependency analysis during the code

generation phase. If any inconsistency resulting in a cyclic dependency was found, an error
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would be thrown. A system can be viewed as a class in object-oriented programming in

which its definition is like a blueprint that can imprint an instance of a system where actual

states of the variables are maintained. Any model declared in Cropbox first needs to have

its underlying systems instantiated before running the simulation.

In a complex model, a system can be composed of other systems as mix-ins in a sense

that the system has the same declarations of variables copied from other systems. For

example, a gas-exchange model is defined by a system named LeafGasExchange that may

be composed of multiple components such as C3Photosynthesis, StomataBallBerry,

EnergyBalance and the likes. Composition is a primary way of supporting modular model

development in Cropbox. If needed, a mix-in component declared as a part of an existing

system can be substituted with another mix-in in a new system declaration to facilitate a

plugin architecture. A new system built by composition has all the variables declared in

constituting mix-in components, but the system itself is not recognized as any of them in

the type system. In other words, an instance of new system composed by mix-ins cannot be

directly plugged in a place where the variable was declared with a type of any mix-ins listed.

When polymorphism is needed in a specific modeling task, a system can optionally have a

base type which is inherited by the new system. In other words, a new system is essentially

a kind of parent system in a sense that the type of child system is inherited from the

type of parent system. For example, in root structure modeling, different types of root

segments may be inherited from the same BaseRoot system sharing common declaration of

variables like length and angle, and each system would be declared as a subtype of BaseRoot

, namely PrimaryRoot, FirstOrderLateralRoot, and SecondOrderLateralRoot, to

model a specific behavior of growth for each root type. Without an explicit declaration of base

type, systems are all inherited by an abstract System type by default in Cropbox. Inheritance

is therefore useful for making a set of common interfaces around a hierarchy of custom system

types. The root structure model would rely on produce variable for dynamically generating

instances of inherited systems and then would implement custom features such as rendering

of 3D structure represented by each root segment system.
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Context

Every system has an internal variable named context which is a non-state variable referenc-

ing to an instance of the Context system. Context serves two critical purposes in simulation:

time and configuration management.

� �
@system Context begin

context ~ ::Nothing

config ~ ::Config(override)

clock(config) ~ ::Clock

end� �
Clock system referred by the clock variable in Context keeps track of a few time-

related variables, namely init, step, time, and tick. time is a variable declared as

advance which is a variable state similar to accumulate but tailored for keeping time. time

accumulates from an initial value init by an interval value step for each update call that

governs an overall time frame of simulation. Without custom configuration, time starts

from 0 hour and increases by 1 hour interval that assumes hourly simulation of crop models.

tick is another time variable keeping the same time frame by just counting the number of

updates. Thus context.clock.time or context.clock.tick is often used as an index

of data frame storing simulation output and as the x-axis of a plot visualizing such output.

Most of the time, a single instance of context is shared between multiple systems under a

homogeneous time frame. Adopting a heterogeneous time frame for a certain group of systems

is then allowed by assigning an instance of context with an independent clock configuration

to them.

Config referred by the conig variable in Context is not a system, but a configuration

object structured as a nested dictionary or hash table to store user-defined parameter values

as a triplet of system – variable – value. A parameter value specified in configuration is

plugged into a preserve variable with parameter tag during initialization of the variable.
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� �
:S => (;

a = 1,

b = 2,

)� �
In this example, a configuration object contains parameter values for system named S

which includes two variables named a and b. The two variables will be set to 1 and 2,

respectively, when the system is initialized with this configuration object.

The framework supports a couple of handy operations around a configuration object to

facilitate a large scale simulation, i.e., in temporal and spatial domains. A new configuration

object may be created by merging two or more existing configurations. Since a parameter

value referring to the same variable of a certain system would be overridden by a value from

later configuration, Cropbox encourages organizing a set of small pieces of configuration

to assemble a large one. Helper functions are also provided to populate multiple configu-

ration objects from a range of values assigned for a specific parameter. For convenience,

@config macro provides operator-based syntax to support complex operations like merge

and expansion of configuration in a relatively simple statement.

Controller

An instance of context and configuration provided to a new instance of a system usually

comes from a parent system that owns a variable referring to the system and thus initiates

an instantiation of it. However, since there would be no parent system for the first system

getting instantiated, context and configuration need to be supplied elsewhere.

� �
@system System begin

context ~ ::Context(override)

config(context) => context.config ~ ::Config

end� �



17

Controller is a built-in mixin to avoid such initiation issues by creating its own instance

of Context to be shared by other systems derived from the controller. A system constructor

such as instance() and other functions relying on it such as simulate() and visualize(

) accept a Config object passed through a keyword argument (config) to allow overriding

parameters. Therefore at least one and usually only one system is designated to possess

Controller as the final element in the mixin list. The system augmented with Controller

is what model users expect to primarily interact with in their workflow.

� �
@system Controller begin

config ~ ::Config(override)

context(config) ~ ::Context(context)

end� �

1.2.3 Implementation

Cropbox modeling framework is written in Julia language and publicly available as a package

named Cropbox.jl with an open source license [Cropbox.jl]. Julia is a relatively new

language with a strong focus on scientific computing that often demands high performance

while also benefitting from features of dynamic programming languages [Bezanson et al.,

2017]. Especially, dynamic code expansion using macros allowed implementation of the

framework in a domain-specific language with semantics covering the concept of system and

variable in a surface syntax readily supported by Julia language.

A system is defined with @system macro followed by a block containing variable decla-

rations with syntax described above When this macro is expanded, the framework generates

code for defining a new struct for the system and several internal functions around it. Each

variable becomes a field in the struct wrapped with corresponding State type equipped

with variable-specific code generation logic. The new struct is defined to be a subtype of

System or an optional base type as specified in the declaration for inheritance purposes.
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During macro expansion, the framework keeps track of all variables declared in the system

and creates a dependency graph based on dependent variables listed in the declarations.

Topological sorting algorithm is then applied to the dependency graph to figure out a linear

order between variables. For example, if variable b depends on variable a, update code for

a must execute before updating b to prevent premature access to an old state of a from

previous time step. A determined variable ordering is used in code generation to properly

lay down variable handling logic in system initialization and update functions.

Some variable kinds may rely on a more fine-grained control of update timings. For

example, the accumulate variable has to calculate a new rate for the next time step by the

end of the current time step while this new rate should not be assigned to the accumulated

value for the current time step. These two operations, accumulate by a rate from last time

step, and calculating a new rate for the next time step, are internally split into main and

post steps which become two separate nodes in the dependency graph. Any reference to this

variable makes two dependence edges to both nodes while post node has a dependent edge on

main node. A deliberate separation between the two nodes ensures calculation of a new rate

take place after finishing updates of all other variables relying on this variable. The bisect

variable uses a similar mechanism with two steps, pre and main, to form a loop implementing

iterative updates of solution. For an uncommon circumstance where per-system level control

flow using steps is not enough, the framework provides per-context level hooks called stages

to allow inserting code before or after updating all systems under the same context. The

produce variable relies on three stages, pre, main, and post, to instantiate a new system

before any other variables can see it at the beginning of a time step while passing necessary

information for instantiation to the next time step. Note that these technical details are

not necessarily exposed to model developers and abstracted away by the use of declarative

syntax.
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1.2.4 Workflow

Cropbox provides several core functions to support a typical workflow for crop model simu-

lation. The simulate() function accepts a system generated with the @system macro to

run dynamic simulation over multiple time steps until a certain stop condition is met while

inspecting the current state of running systems for each time step to extract variables of

interest into a tabular data frame.

� �
simulate(Garlic.Model;

config = Garlic.Examples.AoB.KM_2014_P2_SR0,

stop = "calendar.count",

)� �
The stop condition (stop) can be simply a total number of updates or time period suffixed

with a proper time unit such as hour and day. If more sophisticated control is needed, a

dedicated flag variable can be declared in the model and passed as a stop condition. For

maximum flexibility, any function accepting an instance of system to implement a custom

logic for checking stop condition can be also used.

For models relying on external parameters, the configuration option (config) can accept

either a single configuration object or a list of multiple configurations. In the latter case,

multiple iterations of simulation for each configuration object will be conducted and the

output will contain a result aggregated from each simulation. Multithreading can be enabled

for maximizing performance on a multi-core processor.

With an output stored in a common format of data frame, users can proceed with further

analysis and visualization on their own by using any data science packages in Julia. Cropbox

also has the visualize() function to allow plotting a few types of graph from a list of

variables declared in the system. The name of variable in a symbol (e.g. :A_net) or a

full path of variable in a string with enclosing system names (e.g. "LeafGasExchange.

ModelC4MD.A_net") are used for indicating horizontal and vertical axes of the graph.
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� �
visualize(ModelC4MD, :Ci, [:A_net, :Ac, :Aj];

config = ge_base,

xstep = :Weather => :CO2 => 10:10:500,

kind = :line,

)� �
Multiple variables of similar units and scales can be specified via a grouping option

(group) to draw multiple lines of variables (e.g. A_net and A_gross at the same time)

with distinct colors and labels for visual comparison.

In the Jupyter notebook environment, interactive exploration of plots can be possible with

the manipulate() function similar to visualize() but extended with a list of value ranges

for parameters controlling the shape of graphs. An interactive user interface is rendered in

the notebook for each parameter with a slider widget that users can employ to freely change

a parameter value. A change in the slider would trigger a new simulation running under the

hood and a new plot redrawn on the fly.

� �
manipulate(ModelC3BB, :T, :A_net;

config = ge_base,

parameters = (

:Weather => :PFD => 0:100:2000,

),

xstep = :Weather => :T_air => 0:1:45,

group = :Weather => :CO2 => [1000, 400, 250],

xlim = (0, 45),

ylim = (0, 35),

kind = :line,

)� �
When an optimal set of parameters is needed, the calibrate() function supports pa-

rameter fitting using a global optimization method. The optimization method attempts to

find a best fit set of parameters under a given observation dataset and given boundaries
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of parameter values. The observation dataset should be organized in a similar structure

to the output data frame so that there exists a mapping between variables for observation

and model estimation. Variables can be categorized into index or target depending on their

role in the mapping. Index variables become index columns when two datasets are joined

for comparison and usually consist of time components int the case of dynamic simulation

models. Target variables are non-index variables that are subject to evaluation of fitness.

� �
calibrate(ModelC3BB, obs, obs_configs;

index = [

:PARi => :PFD,

:CO2S => :CO2,

:RH_S => :RH,

:Tair => :T_air,

:Press => :P_air,

],

target = [:Photo => :A_net, :gs],

parameters = (

:StomataBallBerry => (;

g0 = (0, 1),

g1 = (0, 10),

),

),

)� �

For convenience, the evaluate() function provides several evaluation metrics like RMSE

(root mean square error) and Nash-Sutcliffe model efficiency using the same interface as

calibrate().

� �
evaluate(obs, est;

index = :measuring_date => :date,

target = :bulb_dry_weight => :bulb_mass,

metric = :ef,

)� �
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All workflow functions are supported on the Jupyter notebook environment which is well

suited for running existing models for explanatory research. For developing a model as a

Julia package structured with more than a single file, developers may prefer a conventional

development environment based on a code editor and REPL (read-eval-print loop). Crop-

box was developed to support an entire modeling and simulation workflow running under

a terminal-oriented environment. For example, dive() function allows inspection of the

current state of a system instance by navigating enclosed variables using keyboard shortcut

in REPL. Plots can be still rendered in a legible format using a set of text letters without

heading to a notebook.

1.3 Applications

1.3.1 Coupled Gas-Exchange Model

A coupled gas-exchange model is an important building block of any crop model for a precise

assessment of carbon assimilation under diverse environmental conditions which are often

hard to capture with empirical approaches. Our implementation of a coupled gas-exchange

was based on an existing model written in C++ and later expanded to become a part of

maize (MAIZSIM) and garlic models [Kim and Lieth, 2003, Kim et al., 2006, Hsiao et al.,

2019]. The model was then reimplemented with the Cropbox framework in Julia and recently

used to compare behavior of stomatal conductance sub-models integrated with a coupled gas-

exchange model for a C4 leaf [Yun et al., 2020] (Figure 1.3).

The original model was coded in a monolithic class that contained all parameters and

variables in a single location. Variables were updated via explicit calls to several functions

representing sub-models such as stomatal conductance and energy balance. These functions

were written carefully to calculate new values of each variable in a correct execution order.

There were iterative solvers implemented in two locations, one for obtaining intercellular

CO2 (Ci) and the other for adjusting leaf temperature. Tracking iterations and updating

respective variables had to be coded explicitly inside the loop [Kim and Lieth, 2003]. Some



23

Ψv (MPa)

-2.0 -1.5 -1.0 -0.5 0.0

40

35

30

25

20

15

10

Ta (°C)

-10

0

10

20

30

40

50

60

A
n

 (
μ
m
o
l 
m
⁻² 
s
⁻¹)

Figure 1.3: Net photosynthesis rate of a C4 leaf simulated by LeafGasExchange.jl under

diverse combinations of air temperature (Ta) and leaf water potential (Ψv). Relative strength

of water stress was dependent on temperature which was a primary factor determining a

potential rate of photosynthesis.
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parameters were stored in a separate structure to allow customization before running the

model. Output variables were available via instance methods and a few of them were saved

in a file after simulation was done, but further analysis and visualization would require

external tools.

The reimplemented model using Cropbox, released as the LeafGasExchange.jl pack-

age, had a modular structure with more than 30 small systems representing a consolidated

aspect of the gas exchange process and its hierarchy. For example, three different stages

of limitation in C3 biophysical photosynthesis were divided into separate systems, namely

C3c, C3j, C3p, for representing enzyme-limited, electron transport-limited, triose phosphate-

limited pathways, respectively. Then C3 system was composed with these components to

provide net photosynthesis rate (A_net) and related outputs by comparing rates calculated

from different pathways. Variables were declared with explicit units such as µmolm−2 s−1

for net photosynthesis (A_net) and molm−2 s−1 bar−1 for stomatal conductance (g_s). Dif-

ference in scaling between units like µmol and mol were automatically handled via implicit

conversion triggered on variable updates.

A complex control structure introduced to implement a iterative solver in the original

model was replaced by the bisect variable. Bisection method is slow to converge but is

guaranteed to find a solution if one exists within a given boundary unlike faster methods

occasionally failing under a certain condition such as low atmospheric CO2 concentration.

In the case of solving an energy balance equation, adoption of the bisection method allowed

removal of leaf temperature linearization relying on Taylor expansion [Paw U and Gao,

1988]. As a result, the code became more intuitive that looked exactly the same as the

original energy budget equation (Rn = H + λE).

� �
∆T(R_net, H, λE): temperature_adjustment => begin

R_net == H + λE

end ~ bisect(lower=-5, upper=5, u"K", evalunit=u"W/m^2")� �
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Manually solving a quadratic equation for relative humidity at leaf surface (Hs) based on

an empirical relationship between photosynthesis and stomatal conductance was replaced by

the solve variable to generate code for an identical symbolic solution during macro expansion.

� �
hs(g0, g1, gb, An, Cs, RH): humidity_surface => begin

gs = g0 + g1*(An*hs/Cs)

(hs - RH)*gb == (1 - hs)*gs

end ~ solve(lower = 0, upper = 1)� �
Cropbox supports selection of arbitrary output variables instead of a fixed set as in the

original model that allows model developers and users freely to look into any variables of

interest by running simulation with corresponding target variables. In the original model,

adding new output variables requires modification of source code followed by recompilation

which can easily interrupt exploratory workflow. With extended features and added usability,

LeafGasExchange.jl (version 0.1.0) was written in 407 lines of Julia code which was 40%

smaller compared to the original standalone model written in 680 lines of C++ code.

1.3.2 Garlic Growth Model

A crop model is an integrated collection of multiple building blocks such as phenology devel-

opment and structural growth based on carbon assimilation and allocation. A process-based

garlic model for hardneck garlic was based on the coupled gas-exchange model reviewed above

with canopy-level scaling and other necessary processes to describe whole-plant growth [Hsiao

et al., 2019]. The original model written in C++ was reimplemented in Julia using Cropbox

framework and released as Garlic.jl package (Figure 1.4).

The original model was composed of 16 classes representing plant structure and rele-

vant biophysical processes. In the reimplemented model, they were expanded into more

fine-grained 63 systems to cover the same functionalities. For example, a single class imple-

menting a coupled gas-exchange model was translated into 14 systems as illustrated in the
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Figure 1.4: Leaf development simulation for garlic (Allium sativum ‘Shantang Purple’) by

Garlic.jl and compared with observed field data. This figure is a reproduction of Fig. 3A

from Hsiao et al. [2019] using the same dataset and parameters.
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previous section. Systems were placed under directories named morphology, phenology,

physiology, atmosphere, and rhizosphere according to their roles in the model.

For phenology, a single class for tracking development in the original model was split

into a set of small systems by consolidating each phenology stage into a separate system.

Such reorganization of code into a smaller unit increases cohesion of each system by group-

ing interdependent variables while enforcing a boundary between unrelated variables. A

fine-grained organization of systems also entails a similar hierarchy of configuration which

effectively groups enclosed parameters into a more specific categories with better identifia-

bility.

morphology contains systems describing the physical structure of the plant where leaf

was given most details due to its importance in dictating overall growth of the plant. Each

individual leaf is described by a single instance of Leaf system with its own tracking of

elongation and lifecycle according to thermal time accumulation. An instance of an enclosing

nodal unit is dynamically created and added runtime via the produce variable. Aside from

leaves, systems for other structures and processes are static in a sense that no addition or

removal of instances occurs once systems are initialized at the beginning of the simulation

as for the static architecture of typical crop models.

Some variables need to aggregate values from multiple instances of a dynamic system.

For example, total leaf area in Area mixin system in physiology would be a sum of leaf area

from individual leaf instance inside a nodal unit. Such aggregate variables can be declared

with an aggregate syntax using index key on produce variable.

� �
leaf_area(x = NU["*"].leaf.area) => begin

sum(x)

end ~ track(u"cm^2")� �
leaf_area variable is declared in Area mixin for calculating total leaf area by summing

up individual leaf areas from all nodal units (NU["*"]). Each nodal unit has a leaf which
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is an instance of Leaf system and each leaf has a variable area for tracking leaf area growth

over time. sum() is a standard Julia function for calculating the sum of all elements in a

collection. NU["*"].leaf.area returns a collection of leaf area from individual leaves.

physiology contains several mixins for Plant system which encompasses all other sys-

tems in the package. Notable mixins include Area for tracking total leaf area, Mass for

tracking biomass of each plant structure, Count for leaf counting. Photosynthesis is a

mixin for scaling up leaf-level GasExchange to canopy-level by incorporating a sunlit and

shaded leaf approach with canopy radiation calculated via Radiation mixin. The Garlic

.Model system which is a primary system that users interact with is indeed Plant with

Controller added for making the system instantiable.

For running multiple simulations with the original model, dedicated Python scripts had to

be written for running the model with template-based configuration files and for aggregating

results from parsing output files. With Cropbox, simulate() and @config provides a

uniform interface regardless of model implementations that the new garlic model no longer

had to rely on custom script files. Albeit with more features, Garlic.jl (version 0.1.16) was

written in 1987 lines of Julia code which was smaller than 2750 lines of C++ code written

for the original garlic model (version 0.1.10).

1.3.3 3D Root Structure Model

Although Cropbox modeling framework was originally designed for developing conventional

crop models with a rather static structure as seen with examples above, the framework itself

does not preclude uses for more dynamic models often evidenced by functional-structural

plant models (FSPM). A major difference with such structure-oriented models compared is

the sheer amount of dynamically produced structures interconnected to describe an impor-

tant aspect of plant growth which is often difficult to capture by empirical models dealing

with a more approximated structure. As structures are dynamically generated during sim-

ulation, the framework must provide a means to handle addition of a new instance of the

system at a proper timing compatible with how other variables work as briefly explained
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with the internals of produce variable relying on three stages. Support for aggregation via a

special syntax also help with managing a large number of systems in a consistent way.

Implementation of a 3D root structure growth model was based on an algorithm proposed

by CRootBox [Schnepf et al., 2018]. With multiple types of roots depending on branching

order, a strain of each root type consists of multiple root segments. With our implementation

named CropRootBox.jl, a root type corresponds to a system and a root segment is then

represented by an instance of a certain system. Like individual leaf production in the garlic

model, each root segment is produced from another root segment when the accumulated

length of connected segments exceeds a certain threshold specified by a parameter. For

randomness in the growth, parameter values are given with standard deviations (i.e. :

S => :a => 1.0 ± 0.1) and the actual values are sampled from corresponding normal

distributions on initialization. As new root segments can be added in two variations, axial

growth and lateral branching, two separate produce variables were used. For interoperability

between different root types, ‘BaseRoot‘ which contains all necessary parameters and state

variables as well as branching transition table is inherited by concrete subtypes of each root

such as PrimaryRoot and FirstOrderLateralRoot systems.

The current position of a root segment is calculated with a chain of transformation

matrices. Local transformation matrix is determined by the length of elongated segment

(l) and branching angle from parent segment, namely axial angle α and radial angle β

. For a current position vector (cp) in a global coordinate system, global transformation

matrix (RT1) is obtained by multiplication of local transformation matrix (RT) and previous

global transformation matrix of parent segment (RT0). A reference to the variable holding

global transformation matrix (RT1) is passed down to subsequent systems by overriding

a track variable itself pointing to the parent transformation matrix (RT0) rather than by

mere copying of matrix values in order to ensure any changes made in parent system, such

as translation vector change due to root elongation, automatically propagates down to child

systems so that global transformation matrices (RT1) in child systems receive proper updates

for each time step.
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� �
RT0: parent_transformation ~ track::Transformation(override)

RT(nounit(l), α, β): local_transformation => begin

T = Translation(0, 0, -l)

R = RotZX(β, α) |> LinearMap

R ◦ T

end ~ track::Transformation

RT1(RT0, RT): global_transformation => begin

RT0 ◦ RT

end ~ track::Transformation

cp(RT1): current_position => begin

RT1(Point3f0(0, 0, 0))

end ~ track::Point3f0� �
Once the simulation is over, a network of more than thousands of root segments could

be produced as a result. For rendering root structure in 3D space, a custom Julia function

was written to collect a list of meshes generated from each root segment by recursively

visiting systems with Rendering mixin which worked as a trait without further variable

declarations. A collected list of 3D mesh can be used to make an interactive 3D visualization

directly launched from Julia session or export to a VTK file for further processing with

external programs (Figure 1.5).

CropRootBox.jl (version 0.1.2) was written in 356 lines of Julia code. For a compar-

ison, CRootBox (as of Nov 6, 2019) was written in 4610 lines of C++ code with additional

Python bindings but came with more complete built-in features like segment analysis. Note

that CropRootBox.jl was never intended to be a full reimplementation of CRootBox, but

built as a proof of concept for applying FSPM approach within the Cropbox framework. For

this purpose, CropRootBox.jl showed a potential to fill the gap between conventional

crop modeling and FSPM within the same framework. Future work will be focused on sup-

porting custom functions with fewer boilerplate codes by providing a more intuitive interface

for matching and aggregating multiple instances of systems stored in the provide variable.
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Figure 1.5: Rendering of 3D root structure simulated by CropRootBox.jl for switchgrass

(Panicum virgatum). Three root types were modeled by corresponding systems and a large

number of instances of these small root segments were dynamically generated during simu-

lation via produce variable.
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1.4 Conclusions

Cropbox modeling framework is capable of implementing various aspects of crop modeling

in concise forms compared to conventional approaches. Model development often involves

lots of technical details that seemingly look trivial at first, but then turn out to be hamper-

ing, especially when trying to implement simulation models from scratch without relying on

any framework. A declarative approach using domain-specific language (DSL) adopted by

the Cropbox framework minimizes the amount of implementation details exposed to model

developers. Model developers only need to focus on the meaning of variables and relation-

ships to other variables instead of how such variables are implemented. Surface language

available to the developers are deliberately limited to avoid unintended side effects from

incorrect mutation of variables and control flows. The framework instead takes charge of

the complexity by automatically generating necessary code based on dependency analysis

and specific requirements pulled from variable declarations. With such details hidden from

a model representation, an underlying logic behind model equations suddenly becomes more

transparent and helps users understand the model better. Model code generated by the

framework is still a valid Julia struct type that warrants extension via custom functions

accepting said types. For example, users can make a wrapper function to use custom opti-

mization methods with an instance of the Cropbox system. Similarly, a rendering function

for root structure was implemented as an extension to Cropbox systems utilizing an existing

mesh rendering library for Julia. Utilizing existing infrastructure from a Julia data science

stack on Jupyter notebook to Python and R library bindings can improve productivity of

crop modeling workflow. Such usability as a DSL is an advantage of Cropbox over other

tools with limited access to a general programming workflow.
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Chapter 2

APPLICATION I: PHENOLOGY MODEL

Abstract

Predicting phenology, the timing of developmental events, is critical for understanding how

plants respond to the changing climate. Many prediction models have been developed dur-

ing the last decades, but their use has been limited because of incomplete understanding of

internal processes and lack of observation datasets needed for calibration and validation. De-

pendency on species and locations further complicates the model selection procedure which

is an essential part of phenology predictions. To overcome the limitations raised by us-

ing a single model, we propose a multi-model ensemble that simplifies model selection and

provides competitive performance. We hypothesize that 1) no single individual model con-

sistently outperforms the others and 2) an ensemble model performs equally as or better

than any individual models. Nine individual models based on the concept of thermal-time

accumulation and their ensembles were cross-validated with 137 datasets of four temperate

woody species collected from multiple locations and years in the United States and South

Korea. Non-parametric tests concluded that the performance of a simple mean ensemble

model was as good as the best individual model and outperformed the others. Differences

between individual models were not statistically significant. The use of ensemble, however,

does not preclude any bias in the interpretation caused by characteristics of the underlying

models. When the ensemble was classified into groups: 1) with and 2) without chilling com-

ponents, to assess spring phenology of flowering cherry species in the long-term projections,

the predictions of two ensemble groups diverged considerably under RCP8.5 scenario. Our

results suggest that a simple ensemble model can be a good phenology prediction tool for

avoiding the pitfalls of model selection and reducing inherent uncertainties in climate change
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studies, but also highlight the importance of implementing the underlying mechanisms of

key physiological processes into individual models used in an ensemble.

2.1 Introduction

Temperature dictates phenology, the timing of developmental events, in plants. The re-

lationship between temperature and plant phenology has been widely characterized by a

thermal-time approach such as growing degree days. Thermal-time based phenology models

are incorporated in terrestrial ecosystem models for predicting carbon and water balances at

the regional and global scales in response to past and future climate scenarios [White et al.,

1997, Sitch et al., 2003, Krinner et al., 2005]. For example, the vegetation dynamics deter-

mined by leaf phenology from leaf flushing to senescence accounts for much of the variabilities

and uncertainties in large scale ecosystem models [Richardson et al., 2013]. Therefore, im-

proving phenology models is critical for better predictions of global carbon and water cycles

in climate change studies. In addition to the importance of leaf phenology in understanding

vegetation dynamics, flowering phenology signifies developmental events that are important

ecologically, evolutionarily, agriculturally, and culturally. For example, the bloom times need

to be synchronized with the phenology of insect pollinators for successful reproduction and

fruit production [Parmesan and Yohe, 2003, Gezon et al., 2016]. In ornamental species, the

bloom time is a key consideration for plant selection in urban ecosystems especially for pri-

vate and public gardens as well as cultural festivities and social events that require significant

planning efforts to maximize public appreciation, engagements, and economic success [Chung

et al., 2011, Miller-Rushing et al., 2007]. Similarly, accurate predictions of phenology are

crucial for comprehensive crop simulation models because of the temporal dependency of de-

velopmental events in coordination with the physiological processes determining crop growth

and their response to environmental stresses dictating crop yield and quality. Crop phenol-

ogy also provides keys for making crop management decisions and forecasting agricultural

market supply and demand.

Many models have been suggested for predicting plant phenology. A majority of the
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phenology models are built upon the thermal-time concept. Among these, most widely used

is the growing degree days approach (GDD) that predicts the phenological events with respect

to thermal accumulation above a base temperature [Richardson et al., 1975]. Conceptually

similar approaches include the chilling and forcing model (CF) and the Days Transferred to

Standard Temperature model (DTS). CF accounts for a two-step process to enter and release

endodormancy through satisfying chilling requirement before heating units accumulate to

trigger bud-burst and other phenological events in perennial species [Cesaraccio et al., 2004,

Chung et al., 2011]. DTS calculates the rate of development at a given cardinal temperature

which is nonlinearly described unlike GDD and CF [Ono and Konno, 1999, Hur et al., 2014].

Another approach using a simplified beta function is similar to DTS in that it calculates the

developmental rate of a phenological event per unit time, but also incorporates a potential

delay in warmer than optimal temperatures due to heat stress [Yan and Hunt, 1999]. The

beta function approach has been adopted in crop simulation models for field crops such as

maize, rice, and potato [Kim et al., 2012, Kumudini et al., 2014, Yin et al., 1995, Fleisher

et al., 2006] while its use has been limited in tree phenology models. A unified model was

also proposed to generalize chilling and forcing parameters for describing the response of bud

growth to temperature [Chuine, 2000].

Individual models have their strengths and weaknesses depending on the processes, en-

vironmental conditions, and types of species or cultivars being simulated. An alternative

approach to overcome the limitations of individual models is to use multi-model ensembles

for improving predictability and quantifying uncertainties. Ensemble modeling has been used

in many disciplines including biological, agricultural, and climate sciences [Mylne et al., 2002,

Tao et al., 2009, Tebaldi and Knutti, 2007]. Specifically, the need for multi-model ensemble

approaches for modeling crop-climate interactions has been emphasized [Rötter et al., 2011].

Recent regional and global crop modeling studies demonstrated that multi-model ensembles

show better performance overall than individual models in predicting yields of multiple sta-

ple crops such as maize, wheat, and rice [Asseng et al., 2013, 2015, Bassu et al., 2014, Martre

et al., 2015]. Some studies have tried to predict phenological events using an ensemble of
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climate change scenarios [Cook et al., 2010, Migliavacca et al., 2012, Jeong et al., 2013].

However, to our knowledge, few studies, if any, have examined an ensemble approach of

multiple phenology models.

The objective of this study was to assess the ability of multi-model ensemble approaches

to improve accuracy and minimize uncertainties in phenology predictions. We first evaluated

the performance of existing individual models to test if any single model would outperform

the rest. Then we constructed a multi-model ensemble to test whether the ensemble can

better predict the flowering phenology than the individual models. Finally, we applied the

ensemble to predict the flowering time in response to future climate scenarios and evaluated

if an ensemble of existing phenology models could be an adequate solution for climate change

studies. Nine phenological models with optimized parameter estimates were used to test the

individual performance: growing degree (GD), sigmoid function (SF), beta function (BF),

days transferred to standard temperature (DTS), fixed thermal period (TP), chilling and

forcing (CF), sequential (SM), parallel (PM), and alternate model (AM). Five full bloom

date observation datasets of cherry, apple, peach, and pear trees from multiple locations

were used for parameterization and validation.

2.2 Materials and Methods

2.2.1 Observation Dataset

We compiled a large set of phenological observation data that recorded full bloom dates

(FBD) of four deciduous fruit tree species from multiple locations in the United States and

South Korea. Each observer might have a slightly different definition of FBD for its own

use, but usually declared full bloom when more than half of the flowers were in blossom.

Although the growth of fruit trees can be subject to management practices, we assumed

flowering was less prone to human activities and thus driven mostly by climate variables

only.

The corresponding meteorological observations were obtained from the nearest available
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weather stations to each location. The phenology models required temperature records in an

hourly time step. When the records were missing or limited to a sub-daily resolution in some

legacy datasets, such as 3 or 6 hour intervals, the existing points were linearly interpolated

to generate an hourly time series.

Apple

USDA Appalachian Fruit Research Station (AFRS) collected FBD of 22 apple (Malus pumila)

cultivars from 1997 to 2007 in Kearnesyville, WV. The closest weather station was located

at Eastern West Virginia Regional Airport which is 10 km northwest of the research station.

Flowering Cherries

National Park Service (NPS) of the United States provided FBD of two flowering cherry

cultivars, Prunus × yedoensis ‘Yoshino’ and Prunus serrulata ‘Kwanzan’, collected from

Tidal Basin at Washington, D.C. from 1991 to 2010. The corresponding weather data was

collected from Reagan National Airport located at 4 km south of the park.

Korea Meteorology Administration (KMA) provided FBD of another cherry variety Prunus

serrulata var. Spontanea collected from 1975 to 1994 at 13 locations. The locations ranged

from 33.51 to 37.75 N in latitude, 126.38 to 129.03 E in longitude, and 20.45 to 85.8 m in

altitude. The weather record was available from on-site stations.

Peach and Pear

Rural Development Administration (RDA) of South Korea provided phenological and me-

teorological datasets for peach (Prunus persica) and pear (Pyrus pyrifolia) observed from

1981 to 2010 at 50 stations in South Korea. The locations ranged from 33.24 to 38.25 N in

latitude, 124.6 to 130.8 E in longitude, and 2.2 to 772.5 m in altitude.
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2.2.2 Phenology models for FBD predictions

We classified the phenology models into two groups. One group predicts the progression of

phenological events as a function of temperature forcing (i.e., heat accumulation) during the

current growing season. The second group of models considers the effects of temperature ac-

cumulation separately for chilling and forcing. The chilling portion is intended to account for

the dormancy requirements in temperate trees. Within each group, variations exist between

individual models with respect to how the forcing and chilling effects are implemented.

Forcing-only models

Growing Degrees (GD) The Growing Degree Days (GDD) is one of the most widely

used models to describe a linear growth rate dependent on temperature forcing above a

certain base temperature. When the weather records are limited to daily time scale, GDD

often interpolates diurnal temperature from daily maximum and minimum temperatures,

resulting into some variants of the method [Bonhomme, 2000, McMaster and Wilhelm, 1997].

We used growing degree hours (GDH) with hourly records to avoid such interpolation, but

still described its parameters in daily scale for comparison with existing model parameters.

Equation 2.1 represents our growing degree (GD) model with three parameters.

∆h =


1
24
(Th − Tb) if Th > Tb

0 otherwise

Ĥ−1∑
h=Hs

∆h < Rd ≤
Ĥ∑

h=Hs

∆h

(2.1)

The degree of thermal units ∆h above a base temperature Tb stacked up towards a forcing

requirement Rd in daily scale to reach full bloom date (FBD). The accumulation began at

the starting date of simulation Hs expressed in hourly scale.
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Sigmoid Function (SF) Instead of a linear response function in Equation 2.1, this model

uses a sigmoid function to better describe the non-linearity of growth response to temperature

accumulation [Fu et al., 2012]. Equation 2.2 shows a model with an additional parameter:

temperature sensitivity (St).

∆h =
1

24

( 1

1 + eSt(Th−Tb)

)
Ĥ−1∑
h=Hs

∆h < Rd ≤
Ĥ∑

h=Hs

∆h

(2.2)

Beta Function (BF) The development rate of plants often continues to increase up to a

certain temperature, but then declines at supra-optimal levels. A function of the beta distri-

bution is suitable to describe such a curved response [Yin et al., 1995, Yan and Hunt, 1999].

Uni-modality of the beta function ensures maximum growth at the optimal temperature.

This non-symmetrical shape allows the model to describe a gradual incline in phenological

response to temperature that is followed by a rapid decline. Equation 2.3 represents a beta

function with four parameters: maximum (Tx), and optimal (To) temperatures as well as

starting date (Hs) and forcing requirement (Rd). Other parameters included in the original

function were not used; maximum growth rate (Rx) was set to unity as it could be arbitrarily

scaled relative to the requirement; minimum temperature (Tn) was assumed to be zero.

rh = Rx(
Tx − Th

Tx − To

)(
Th − Tn

To − Tn

)
To−Tn
Tx−To

∆h =


1
24
rh if rh > 0

0 otherwise

Ĥ−1∑
h=Hs

∆h < Rd ≤
Ĥ∑

h=Hs

∆h

(2.3)

Days Transferred to Standard Temperature (DTS) Given that biological events

are essentially driven by chemical reactions, one could express forcing as a temperature
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dependent reaction rate based on the Arrehenius equation. Days transferred to standard

temperature (DTS) is a modified equation with a factor weighted by standard temperature

to better describe phenological observations [Ono and Konno, 1999]. Equation 2.4 represents

DTS model with four parameters: standard temperature (Ts), temperature sensitivity rate

(Ea), forcing requirement (Rd), and starting date (Hs). The unit of temperature values (Th

and Ts) was in Kelvin scales unlike the degree Celsius used in other models. The gas constant

(R) is 8.314 J K−1 mol−1.

∆h =
1

24
e

Ea(Th−Ts)

R·Th·Ts

Ĥ−1∑
h=Hs

∆h < Rd ≤
Ĥ∑

h=Hs

∆h

(2.4)

Thermal Period Fixed Model (TP) Thermal period fixed model (TP) is similar to GD

except that the forcing is accumulated over a fixed time period [Nizinski and Saugier, 1988,

Fu et al., 2012]. If the forcing period exceeds the threshold, the last date will be chosen to

predict a full bloom (FB). If the period is less than the threshold, the next period moving

one day forward would be investigated again until a satisfying period is found. Equation 2.5

represents the model with four parameters: base temperature (Tb), forcing threshold (Rd),

starting date (Hs), and period length (Dn).

∆h =


1
24
(Th − Tb) if Th > Tb

0 otherwise

Rd ≤
Ĥs+24Dn∑
h=Ĥs

∆h

(2.5)

Two-step models

Chilling and Forcing (CF) Cesaraccio et al. [2004] split up dormancy break into two

distinctive steps, rest and quiescence, that required the same amount of chilling and subse-
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quent anti-chilling accumulation in the opposite direction. Later this model was extended

to predict FBD coming after bud burst [Chung et al., 2009, 2011]. Equation 2.6 represents

our adaptation of this chilling and forcing (CF) model with three parameters: temperature

threshold (Tc), chilling (Rc) and forcing (Rf ) requirements. Unlike other forcing-only mod-

els, the starting date was implicitly set to October 1st of the previous year. Earlier dates

are unlikely to impact model behavior much because the air temperature in September and

before are mostly higher than the threshold (Tc), resulting in little or no chilling effect.

T ′
h =

Th if Th ≥ 0

0 otherwise

∆h =
1

24
(T ′

h − Tc)

∆C
h =

∆h if ∆h < 0

0 otherwise

∆F
h =

∆h if ∆h > 0

0 otherwise

Ĥ0−1∑
h=Hs

∆C
h > RC

d ≥
Ĥ0∑

h=Hs

∆C
h

Ĥ−1∑
h=Ĥ0

∆F
h < RF

d ≤
Ĥ∑

h=Ĥ0

∆F
h

(2.6)

Sequential Model (SM) The same way SF is comparable to GD, the sequential model

(SM) is comparable to CF. Both CF and SM models require chilling to be met first and

let forcing follow sequentially. Critical differences are that SM used a triangular response

function for the chilling and a sigmoid function for the forcing [Sarvas, 1972, Hänninen, 1990,

Kramer, 1994, Fu et al., 2012]. We replaced the triangular function with a beta function as

they shared the same parameters. Equation 2.7 represents our sequential model with seven
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parameters: chilling minimum (Tn), maximum (Tx), optimum (To) temperatures, chilling

requirement (Rc), forcing base temperature (Tb), temperature sensitivity (St), and forcing

requirement (Rf ).

rh = (
Tx − Th

Tx − To

)(
Th − Tn

To − Tn

)
To−Tn
Tx−To

∆C
h =


1
24
rh if rh < 0

0 otherwise

∆F
h =

1

24

( 1

1 + eSt(Th−Tb)

)
Ĥ0−1∑

h=24Ds

∆C
h > RC

d ≥
Ĥ0∑

h=24Ds

∆C
h

Ĥ−1∑
h=Ĥ0

∆F
h < RF

d ≤
Ĥ∑

h=Ĥ0

∆F
h

(2.7)

Parallel Model (PM) The parallel model (PM) was extended from SM and allowed con-

current, as opposed to sequential, accumulation of chilling and forcing [Landsberg, 1974,

Hänninen, 1990, Kramer, 1994, Fu et al., 2012]. The degree of forcing is weighted by the

current degree of chilling satisfied. Only a small fraction of forcing would accumulate during

earlier dates even if temperature was high enough to drive forcing. In later dates, forcing re-

quirement could be met even under unusual warm periods retarding the chilling requirement.

Equation 2.8 represents the model with a forcing weight coefficient Km.
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rh = (
Tx − Th

Tx − To

)(
Th − Tn

To − Tn

)
To−Tn
Tx−To

∆C
h =


1
24
rh if rh < 0

0 otherwise

kh = Km + (1−Km)

∑h
i=Hs

∆C
i

RC
d

∆F
h =

1

24

( kh
1 + eSt(Th−Tb)

)
Ĥ0−1∑
h=Hs

∆C
h > RC

d ≥
Ĥ0∑

h=Hs

∆C
h

Ĥ−1∑
h=Ĥ0

∆F
h < RF

d ≤
Ĥ∑

h=Ĥ0

∆F
h

(2.8)

Alternating Model (AM) The alternating model (AM) is another variant of the CF

model. With fixed starting dates of chilling and forcing, both units accumulate similarly to

the linear response of CF. It also resembles PM that the forcing requirement is dynamically

adjusted by the length of chilling period [Cannell and Smith, 1983, Murray et al., 1989,

Fu et al., 2012]. Equation 2.9 represents the model with five parameters including chilling

temperature (Tc) and forcing base temperature (Tb) as well as three coefficients (Fa, Fb, Fc)

for forcing adjustment.
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∆C
h =

1 if Th ≤ Tc

0 otherwise

∆F
h =


1
24
(Th − Tb) if Th > Tb

0 otherwise

RC
h =

h∑
i=HC

s

∆C
i

RF
h = a+ b · er·RC

h

Ĥ−1∑
h=HF

s

∆F
h < RF

Ĥ−1
≤ RF

Ĥ
≤

Ĥ∑
h=HF

s

∆F
h

(2.9)

Mean (M)

The last model was introduced to provide a baseline for others as control. Its prediction

always corresponded to the mean of observations from the calibration dataset.

Ĥ = ȳ (2.10)

The Multi-Model Ensemble (EN)

The multi-model ensemble combines outputs from all individual models. Equation 2.11

describes an ensemble model as a weighted mean of other models.

ŷensemble =
∑
m∈M

wmŷm (2.11)

We constructed multiple ensemble models by choosing different combinations of weight

coefficients wm. The simplest ensemble model (EN) had an equal weight (wm = 1
|M |) pro-

portional to the number of participating models M . We also created and tested additional

ensembles that had the weight coefficients set to maximize given metrics from the calibration
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data. These ensembles were produced based on commonly used model performance metrics:

Willmott’s original index of agreement d (EN.d), modified variant d1 (EN.d1), and refined

variant dr (EN.dr), Nash-Sutcliff efficiency E (EN.E) and modified variant E1 (EN.E1), Wat-

terson’s M (EN.M), and Mieke-Berry’s ℜ (EN.R), respectively [Willmott et al., 2012]. We

also made an ensemble model with random forest regression to search for optimal weight

coefficients from a set of predictions from individual models [Breiman, 2001]. A simple Ran-

dom Forests model (EN.rf) was trained to predict an observation date with a given set of

predictions from individual models. Another random forest model (EN.rf2) was additionally

trained with a set of ground truth where all predictions and its observation happened to be

the same. Amongst our evaluations between different ensemble methods, the simple ensem-

ble (EN) performed equally as or better than any other ensemble methods we tested (data

not shown). Thus, we use EN as the multi-model ensemble for all other tests we carried out

in this study.

2.2.3 Model Calibration

Most of our models depend on piecewise functions to describe thermal units under different

conditions. As the cost function was not differentiable, many local optimization methods were

not applicable. We instead used a global optimization method called differential evolution

(DE) to find an optimal set of parameters. DE runs with a pool of candidate solutions

that are iteratively improved by random movement in the search space [Storn and Price,

1997]. Bounds of parameter values in the search space were manually specified to represent

a reasonable range of biological and physical response.

2.2.4 Model Evaluation

The performance of the model was evaluated by Willmott’s refined index of agreement dr as

expressed in Equation 2.12 [Willmott et al., 2012].
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a =
∑
t

|ŷt − yt|

b = 2
∑
t

|yt − ȳ|

dr =

1− a
b

if a ≤ b

b
a
− 1 otherwise

(2.12)

yt is an ordinal date of observed FB at year t. ŷt is a prediction by the model. ȳ is the

mean of observed dates in a given dataset for calibration.

For hypotheses testing associated with model performance evaluations, we conducted

non-parametric tests over entire 137 datasets; these datasets include 2 flowering cherry data

from Washington, D.C., 13 from Korean cherry, 22 from Kearneysville apple, 50 from Korean

peach, and another 50 from Korean pear observations. Each dataset was randomly divided

into five segments to conduct 5-fold cross-validation where four segments were used for

calibration and the remaining one was saved for validation. In other words, models were

subject to re-calibration with random samples for each comparison step. The evaluation

metric (dr) for each sub-dataset was ranked by its magnitude and the average rank of five

sub-datasets then contributed to one measurement for Friedman test. We use non-parametric

ranks instead of directly taking evaluation metric because the scores from multiple datasets

are often not commensurable and also susceptible to outliers [Demsar, 2006]. Friedman test

is a non-parametric counterpart of the parametric repeated measures ANOVA [Friedman,

1937, Demsar, 2006]. The average ranks of each model on 137 datasets are compared under

the null hypothesis where all models are equal and thus their ranks are the same. Once

Friedman test found a significant difference in the average performance ranks between the

models, Nemenyi post-hoc analysis was further conducted to classify a combination of the

models that had the significant difference (Figure 2.1). Nemenyi test is equivalent to the

Tukey’s range test for ANOVA [Nemenyi, 1963, Demsar, 2006].

Initially, only individual models were compared with each other to test if there exists a
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Figure 2.1: Overview of phenology model evaluation process. Individual models and their

ensemble models were cross-validated with multiple datasets. Each comparison during cross-

validation resulted in a score measured by Willmott’s refined index of agreement (dr) whose

relative ranks among the models were then non-parametrically compared through Friedman

test and Nemenyi post-hoc analysis.
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single model outperforming other models. Then a simple ensemble model with equal weights

(EN) was added to the group to test if EN performs better than the individual models. Lastly,

ensemble models were tested without adding individual models. All statistical testing was

conducted at p = 0.01 level unless noted otherwise.

2.2.5 Model Application

Once multi-model ensemble models were cross-validated with a large dataset under multiple

comparison scenarios, the simple ensemble model (EN) was applied to the past and future

conditions of a specific location to assess model agreements on phenology predictions.

The first application was to predict cherry blossom in Washington, D.C. with the existing

dataset. As a previous study showed CF model was successful at predictions of Yoshino and

Kwanzan cherry blossom in the same location [Chung et al., 2011], EN and CF models were

deliberately chosen and compared in terms of root-mean-square error (RMSE). Both models

were calibrated with 20 years of data from 1991 to 2010 and validated with 16 years of data

from 1975 to 1990.

The second application was to predict cherry blossom time of the same cultivars in the

same location with multiple ensemble models under future climate change scenarios. Partic-

ularly we set out to test if the models built with different physiological assumptions would

reach an agreement when applied for making projections under different future climate sce-

narios. Three ensemble models were composed in regards with chilling dependency groups

explained earlier: a sub-ensemble of forcing-only models (ENf), a sub-ensemble of chilling-

based models (ENc), and the full ensemble model (EN). Two climate change scenarios,

RCP4.5 and RCP8.5, were selected for representing moderate warming and extreme warm-

ing cases respectively [Pachauri et al., 2014]. Corresponding temperature projections from

2020 to 2100 were provided by MACAv2-METDATA dataset [Abatzoglou, 2013].
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2.3 Results

2.3.1 Model Evaluation

Overall all models explained the variability in the observed FBD adequately. RMSE ranged

from 3.5 days to 6.2 days for all models and test cases and r2 from 0.55 and 0.85. Linear

relations between phenological observations and model predictions for the entire dataset

are illustrated for selected models (Figure 2.2). Samples were collected from the cross-

validation conducted for non-parametric ranking test. The order of model fits indicated by

r2 and RMSE closely followed the order of performance measured by other metrics including

Willmott’s refined index of agreement (dr). DTS had the highest r2 value of 0.72 and the

lowest RMSE of 4.8 days among individual models. CF was ranked slightly behind DTS

despite the additional parameters included for modeling chilling process and ranked best

among two-step models with r2 value of 0.68 and RMSE of 5.3 days. EN showed better

model fit than all individual models with r2 value of 0.85 and RMSE of 3.5 days. M as the

baseline control showed the lowest r2 of 0.55 and the highest RMSE of 6.1 days.

Individual Model Comparisons

When individual models were compared, the Friedman test reported a significant difference.

The subsequent Nemenyi post-hoc analysis revealed three groups of models where each group

is connected by a line (Figure 2.3). The models in the same group were not significantly

different from each other in terms of dr metric (p = 0.01). The difference between average

ranks of the models within each group was smaller than the critical difference (CD) of 1.33.

Overall there was no single model significantly better than the others. DTS was the

highest average rank (4.44), followed by GD (4.82), BF (5.06), SF (5.08), CF (5.30), PM

(5.71), TP (5.73), and SM (5.75). The rank difference between these eight models was not

significant because it was smaller than the critical difference (1.33). AM (6.17) was not part

of this group, but still not significantly different from six models except DTS and GD. M

had the lowest average rank (6.94), but it was not significantly lower than AM, SM, TP, and
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Figure 2.2: Observed vs. predicted flowering dates of the entire dataset for DTS, CF, EN,

and M models. DTS was the best individual model and CF was the best among two-step

models. EN was the best ensemble model and outperformed all other individual models. M

as the baseline control showed the worst performance.
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Figure 2.3: Comparison of individual models (p = 0.01). The models are aligned by their

average ranks from cross-validation. If the rank difference between models were less than the

critical difference (CD = 1.33), the models would be connected by a thick line to indicate

non-significance. DTS had the highest average rank (4.44), but its rank was not significantly

better than the following seven models.
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Figure 2.4: Comparison of individual and ensemble models (p = 0.01). The models are

aligned by their average ranks from cross-validation. If the rank difference between models

were less than the critical difference (CD = 1.48), the models would be connected by a thick

line to indicate non-significance. EN had the highest average rank (4.19) followed by only

DTS (5.00) and GD (5.45) within the CD.

PM.

Individual and Ensemble Model Comparisons

When individual models were compared with an ensemble model (EN), the Friedman test

found a significant combination of comparisons later interpreted by Nemenyi analysis (Fig-

ure 2.4). Four groups of models were identified to perform similarly and share common lines

which indicate non-significant difference in their average ranks (p = 0.01). When the models

share the same line, the difference between average ranks of the models within each group is

smaller than the critical difference (CD) of 1.48. Note that the average ranks of individual

models were slightly changed but their relative positions remained the same when ensemble

model was added to comparison.
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There was no single model that outperformed all other models in this case either. How-

ever, EN was the highest rank (4.19) followed by only DTS (5.00) and GD (5.45) within the

critical difference of 1.48. EN was significantly better than all other models except DTS and

GD. The relative order of the individual models remained the same as individual models

comparison.

Ensemble Model Comparisons

When ensemble models were compared, the Friedman test and subsequent Nemenyi analy-

sis found two groups of models, but the significance was more marginal than the previous

two comparisons (Figure 2.5). EN had the highest average rank (4.58), but was not signifi-

cantly better than the following eight models except EN.rf which had the lowest rank (6.55).

Similarly, the lower eight models except EN and EN.dr had no significant difference among

them.

2.3.2 Model Application

In the first application of the ensemble model to the past prediction, FBD of Yoshino and

Kwanzan cherry predicted by CF and EN was compared with actual observations in Wash-

ington, D.C. (Figure 2.6). RMSE of EN and CF with Yoshino FBD during the validation

period from 1975 to 1990 was 4.8 and 7.7 days, respectively. RMSE with Kwanzan FBD was

much higher, with values of 9.0 and 12.0 days, respectively. EN had a lower RMSE than CF

which was the model used for predicting cherry blossom trend in the same location [Chung

et al., 2011].

In the second application of the ensemble model to the future projection, FBD of Yoshino

and Kwanzan cherry forecast by three ensemble models was analyzed under two future cli-

mate projections from 2020 to 2100 (Figure 2.7, 2.8).

In the RCP4.5 scenario with moderate warming of 1.8 °C on average, there was no clear

distinction between sub-ensembles of chilling-based models (ENc) and forcing-only models

(ENf) that both predicted similar results to the full ensemble (EN). However, in the RCP8.5
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Figure 2.5: Comparison of ensemble models (p = 0.01). The models are aligned by their

average ranks from cross-validation. If the rank difference between models were less than the

critical difference (CD = 1.33), the models would be connected by a thick line to indicate

non-significance. EN had the highest average rank (4.58), but its rank was not significantly

better than the following eight models.
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Figure 2.6: Predicted full bloom dates of Yoshino and Kwanzan cherry compared with actual

observations in Washington, D.C. Both CF (chilling and forcing) and EN (ensemble) models

were calibrated with 20-years of data from 1991 to 2010. RMSE was calculated from the

remaining 16-years of data from 1975 to 1990. EN had lower RMSE than CF for both

cultivars: 4.8 vs. 7.7 days for Yoshino; 9.9 vs 12.0 days for Kwanzan.
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Figure 2.7: Full bloom dates of Yoshino cherry projected under future climate scenarios in

Washington, D.C. Three ensemble models were used for predictions: ensemble of forcing-

only models (ENf), ensemble of two-step models with chilling dependency (ENc), and full

ensemble (EN). The shaded areas indicate the range of 95% confidence intervals.
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Figure 2.8: Full bloom dates of Kwanzan cherry projected under future climate scenarios

in Washington, D.C. Three ensemble models were used for predictions: ensemble of forcing-

only models (ENf), ensemble of two-step models with chilling dependency (ENc), and full

ensemble (EN). The shaded areas indicate the range of 95% confidence intervals. A sudden

falloff after 2090s under RCP8.5 occurred by too high chilling requirements to be met under

warming climate.
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scenario with more extreme warming of 3.7 °C increase on average, a clear pattern of diver-

gence between the sub-ensemble models was found.

In early-flowering Yoshino, three ensemble models showed a similar trend until 2060s,

then started diverging (Figure 2.7). ENf predicted much earlier bloom whereas ENc had

less sensitivity to warming temperature. After 2060s, as warming progressed, FBD forecast

by ENc was apparently delayed in comparison to the prediction by ENf. In late-flowering

Kwanzan, on the other hand, three models kept a more stable trend until 2090s when some

chilling models started failing due to unwieldy high chilling requirements, but no diverging

pattern between ENc and ENf was apparent (Figure 2.8).

2.4 Discussion

We first compared nine different phenology models for predicting flowering time of five species

in 137 datasets and then again compared them with a multi-model ensemble. The ensemble

model was at least as good as any individual model and showed the best average performance

in our evaluation metric.

2.4.1 Individual Model Performance

There was no single best individual model that outperformed the others in all datasets.

DTS had the best overall performance, but it was only significantly better than two models

including a naive mean model (M) (Figure 2.3). Relatively higher rankings of the forcing-

only models (DTS, GD, BF, and SF) than the chilling-dependent two-steps models was

notable given that winter chilling has been recognized to play a crucial role in controlling

dormancy of woody plants grown in the temperate zone [Körner and Basler, 2010, Dennis,

2003]. One reason might be due to a varying degree of chilling sensitivity particularly from

late-flowering species which are less likely exposed to cold environment on flowering. They

could be more affected by non-temperature variables such as photoperiod, precipitation and

shading [Miller-Rushing and Primack, 2008]. Another possibility may be related to the

difficulties in calibrating two-steps models with more parameters. Sub-optimal parameters



62

for chilling process could negatively affect the overall performance of the model.

It was notable that DTS had the best performance when compared to the other forcing-

only models that were based on a similar process of thermal accumulation. We speculate

that its competence over other models relies on how a thermal unit is calculated from their

base parameters. A mean hourly temperature is subtracted by a certain base value to define

a thermal unit. DTS uses standard temperature (Ts) whereas, for example, GD uses base

temperature (Tb). They are conceptually similar but there exists a critical difference that

Ts defines a range of temperature in which the plants experience during the growth period,

whereas Tb defines a lower limitation of temperature with which the plants can no longer

continue the growth. Therefore Ts is often calibrated to a much higher value than Tb and close

to the range of actual temperature observed in the dataset. This smaller gap could provide a

much finer control of thermal accumulation pattern that potentially benefits DTS especially

with a temperature regime mostly dominated by the forcing. Another forcing-only model,

BF, uses multiple parameters, maximum (Tx) and optimal (To) temperatures, to define the

shape of temperature response more correctly at high temperature. A careful modeling of

extreme temperature regime could potentially improve predictions of summer phenology in

other applications, but did not help much in our experiment because temperatures in the data

mostly remained much below the estimated optimal and maximum temperatures throughout

the growing season and when flowering occurs.

Chilling-based models, including CF and SM, have a potential risk of suspended forcing

if chilling accumulation fails to reach the requirement before the onset of spring when no

more chilling would be fulfilled. PM was not free from such unstable behaviors even though

forcing was not strictly tied to chilling accomplishment. Previous studies have attempted to

circumvent this issue by removing chilling enforcement after some period of time and moving

onto forcing accumulation [Chung et al., 2011]. Such a procedure could eliminate some pre-

diction failures, but also negatively affect calibration by maintaining sub-optimal parameters

which otherwise would have not been selected. In our experiment, we allowed such prediction

failures from chilling models and that was the reason behind a sudden change of predictions
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at the end of RCP8.5 projection of Kwanzan cherry blossom (Figure 2.8). Implementing

alternative processes like photoperiod detection could improve prediction stability under a

changing environment[Heide, 1993, Körner and Basler, 2010, Blümel and Chmielewski, 2012,

Marchin et al., 2015].

2.4.2 Ensemble Model Performance

While the simple ensemble model (EN) was not always better than other models, its average

performance was at least as good as the individual best model, DTS, within the current CD

and significantly better than all other models. The prediction of ensemble model is primarily

improved by error cancellation effect between the participating models [Hagedorn et al., 2005,

Tebaldi and Knutti, 2007]. When the models produce a wide range of predictions covering a

true value, their average can come close to the true value. Even when the true value is off the

range of predictions, the multi-model ensemble is not inferior to other individual models, but

just as worse as them. The superiority of the multi-model ensemble could be challenged by

an existence of the best individual model, but identification of such a model in wide range of

condition is not often feasible as we discovered in individual model comparison (Figure 2.3).

Our result also supports that ensemble models were comparable to the best single model

when predicting certain variables in crop model comparison studies [Martre et al., 2015].

Simple mean and median ensembles used in Martre et al. [2015] produced similar results

confirming our findings that ensemble construction methods using different metrics did not

lead to a significant difference in performance. To our knowledge, applying ensemble methods

for improving model predictions has not been previously reported in the phenology modeling

studies.

Among multiple variations of ensemble models constructed with different weighting pa-

rameters, the simple ensemble model (EN) with equal weights was found to be the best

method (Figure 2.5). It is consistent with findings in multi-model ensembles for climate

projections that suggest the equal weighting scheme is safer and more transparent especially

under the context of climate change [Weigel et al., 2010]. A reason behind inferior perfor-
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mance of more elaborate weighting parameters might be lack of more sophisticated boosting

algorithms for the weight tuning process or, more likely, the scarcity of training samples

both in terms of quality and quantity, which has been one of the widely known challenges

for phenological research [Morisette et al., 2009]. The boosting algorithms are susceptible

to noisy datasets, which is unavoidable with phenological observations, that can potentially

degrade the ensemble performance in comparison to a naive approach [Long and Servedio,

2010].

2.4.3 Ensemble Model Application

As we demonstrated, the phenology ensemble models may produce better predictions than

individual models, but we argue that this approach should be used only after a careful selec-

tion process for the models to be used in an ensemble. Although ensemble models generally

lead to a stable prediction with lower bias as a result of averaging effects, the variances be-

tween ensemble models could remain substantially high to deserve careful interpretation of

the results. We deliberately compared two ensemble model groups distinguished by inclusion

of chilling-dependent processes to show the ensemble model outcomes can vary substantially

with respect to the conditions with which the models are applied. A clear diverging pat-

tern from two ensemble model groups emerged only when predicting Yoshino cherry blossom

under RCP8.5 scenario of more extreme warming, whereas no difference was found with

moderate RCP4.5 scenario (Figure 2.7). In high altitudes, a similar trend of spring phenol-

ogy advance followed by retreat has been already reported by delayed fulfillment of chilling

requirements in spite of continued warming [Yu et al., 2010]. Considering that forcing-only

models performed relatively better than two-steps models on average in our individual model

comparisons, a casual formulation of an ensemble with forcing-only models likely leads to

contradictory outcomes in long-term predictions. The full ensemble model did not retreat

as much as the chilling ensemble, but still managed to capture reduced sensitivity to the

pronounced warming at the end. The discrepancy of model predictions emphasizes the im-

portance of recognizing different characteristics of the models, understanding the underlying
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mechanisms, and the environments in which the models would operate.

Given contrasting climate projections and lack of mechanistic understanding of the un-

derlying physiological process, we currently have little confidence to tell which flowering

phenology projections are more probable in the future. It is known by observations that

flowering in temperate trees is mostly driven by winter chilling and spring forcing with

temperature modulation, but a large uncertainty remains with internal processes determin-

ing how they are triggered [Gordo and Sanz, 2010, Wu and Liu, 2013, Zhang et al., 2015].

Because dormancy break is not externally observable, chilling components tend to be empir-

ically described with a method of many variations. Early attempts like the Utah model were

designed specifically for certain species in fixed locations [Richardson et al., 1974, Anderson

et al., 1986]. Later models began incorporating slightly different mechanics such as chilling

unit calculation, onset determination, and chilling-forcing dependency. However, there is

no consensus on the best practice of chilling model selection yet [Luedeling, 2012]. Some

research reported chilling-dependent models did not perform any better than forcing-only

models in the same vein as our individual model comparisons [Leinonen and Kramer, 2002,

Fu et al., 2012]. Likewise, incorporating climatic variables other than temperature, such as

photoperiod, precipitation and insolation, is often suggested but also open for debate due to

their varying degrees of sensitivity in regards with species and locations [Körner and Basler,

2010, Chuine et al., 2010, Fu et al., 2015, Marchin et al., 2015]. Multi-model ensemble ap-

proaches do not attempt to solve these complicated issues by a single answer, but rather

provide an analysis framework for possible answers with added benefits of better perfor-

mance and stability [Tebaldi and Knutti, 2007]. Multi-model assessment has been frequently

accomplished in many phenology studies only to select a single best model tailored to spe-

cific conditions [Kramer, 1994, Fu et al., 2012, Luedeling, 2012]. Constructing an ensemble

of all available models is likely to provide better prediction performance comparable to the

best individual model as we confirmed with cross-validation on multiple datasets by apply-

ing non-parametric ranking tests. Phenology predictions of higher accuracy and lower bias

that avoid the pitfalls of model selection will help reducing inherent uncertainties in climate
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change studies.

2.5 Conclusions

In this study, we investigated if a multi-model ensemble approach can improve phenology

predictions especially under the context of climate change. First, we compared nine individ-

ual models to identify a single best model which would diminish the need for multi-modeling

approach and found none of the individual models outperformed the others. Then we showed

their ensemble model was statistically equivalent or often better than the individual models.

The multi-model ensemble approach can be a safe and effective tool in phenology prediction

under climate change where great uncertainty is expected for existing models subjected to

novel conditions. Yet, as the skills of such ensemble models evidently depend on the range

of predictions covered by participating models, implementation of missing mechanisms to

expand the coverage would be highly anticipated for future studies.
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Chapter 3

APPLICATION II: COUPLED GAS-EXCHANGE MODEL

Abstract

Plant simulation models are abstractions of plant physiological processes that are useful for

investigating the responses of plants to changes in their environment and physical structure.

Photosynthesis is a basic plant process that drives growth and biomass accumulation and a

basic requirement for any plant simulation model. Here, we present a coupled gas-exchange

model for C4 leaves incorporating two widely used stomatal conductance submodels: Ball–

Berry and Medlyn models. The output variables of the model includes steady-state values of

CO2 assimilation rate, transpiration rate, stomatal conductance, leaf temperature, internal

CO2 concentrations, and other leaf gas-exchange attributes in response to light, temperature,

CO2, humidity, leaf nitrogen, and soil water availability. We test the model behavior and

sensitivity, and discuss its applications and limitations. The model was implemented in Julia

programming language using a novel modeling framework. Our testing and analyses indicate

that the model behavior is reasonably sensitive and reliable in a wide range of environmental

conditions. The behavior of the two model variants differing in stomatal conductance sub-

models deviated substantially from each other especially in low humidity conditions. The

model was capable of replicating the behavior of transgenic C4 leaves under moderate tem-

peratures as found in the literature. The coupled model, however, underestimated stomatal

conductance in very high temperatures. This is likely an inherent limitation of the coupling

approaches using Ball–Berry type models in which photosynthesis and stomatal conductance

are recursively linked as an input of the other.
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3.1 Introduction

Leaf gas-exchange includes the processes of CO2 assimilation and water vapor exchange by

plant leaves. It is one of the most important processes for life on Earth as it provides car-

bohydrate for food and oxygen for respiration practically for all organisms. Because plant

growth depends on photosynthesis it is an essential building block of plant simulation mod-

els. Photosynthesis models range in complexity from correlative models based on radiation

use efficiency where carbon assimilation is proportional to total irradiance absorbed by leaf

surfaces to models based on enzyme kinetics [Kim et al., 2019]. Integration of more mecha-

nistic photosynthesis model has been a critical aspect in crop modeling to better understand

and predict crop productivity under dynamic environments [Yin and Struik, 2009, Wu et al.,

2016].

A coupled approach to modeling photosynthesis, stomatal conductance, and transpira-

tion simultaneously for C3 plants has been presented by a number of studies [Collatz et al.,

1991, Leuning, 1995, Nikolov et al., 1995, Kim and Lieth, 2003, Tuzet et al., 2003]. This

approach usually combines the FvCB (Farquhar–von Caemmerer–Berry) C3 photosynthesis

model [Farquhar et al., 1980] with a model of stomatal conductance [Ball et al., 1987, Leun-

ing, 1995, Medlyn et al., 2011] and an energy balance equation. The coupled model approach

can describe the photosynthetic behavior of leaves by taking into account the biochemical

limitation for CO2 assimilation (demand) as well as the stomatal and other biophysical lim-

itations in CO2 supply, linked to transpiration and leaf temperature. These models describe

photosynthesis mechanistically based on its key biochemical and anatomical characteristics.

Similarly to the C3 model, a simplified biochemical model is also available for C4 pho-

tosynthesis that takes into account CO2 concentrating mechanism with the anatomical and

functional separation between the mesophyll and bundle sheath cells [von Caemmerer, 2000].

However, while a number of studies have adapted and applied the coupled modeling approach

for C3 leaves, its application in C4 leaves has been limited with few exceptions [Collatz et al.,

1992, Sellers et al., 1996]. An open source implementation of coupled gas-exchange modeling
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in R language is available with an emphasis on C3 leaves [Duursma, 2015]. A photosynthesis

model with an emphasis on plant hydraulic balance of crassulacean acid metabolism (CAM)

plants is available in Python language [Hartzell et al., 2018]. Dynamic programming lan-

guages such as Python and R are often easier to use in an interactive session, but suffer from

slow performance. Julia is a new dynamic programming language primarily designed for the

use in scientific computing with performance in mind [Bezanson et al., 2017].

Leaf gas-exchange processes can be limited by internal and external stress factors such

as leaf nitrogen and soil water availability [Sinclair and Rufty, 2012]. A process-based model

should incorporate these stress responses for realistic representation of the leaf gas-exchange

processes. Correlations between key enzymatic parameters and leaf nitrogen content were of-

ten derived to describe down-regulation of photosynthesis under non-optimal nitrogen avail-

ability [Medlyn et al., 1999, Vos et al., 2005, Kattge et al., 2009]. Stomatal conductance

submodel was extended to acknowledge soil water status via leaf water potential and control

the amount of transpiration and associated photosynthetic activity [Dewar, 2002, Vos et al.,

2005, Yang et al., 2009].

Meanwhile, many existing coupled photosynthesis models have relied on an empirical

relationship between photosynthesis and stomatal behavior as established by Ball, Woodrow,

and Berry often referred to as Ball–Berry model [Ball et al., 1987]. Medlyn model extended

Ball–Berry model in a similar structure to provide a better theoretical interpretation [Medlyn

et al., 2011]. Comparisons between the two models generally reported similar performance

when compared under usual conditions [Franks et al., 2017, 2018].

In this study, we developed a coupled gas-exchange model for C4 leaves to compare

performance of two stomatal conductance models: Ball–Berry (BB) and Medlyn (MED).

Simulation using the two variants of coupled model were carried out under multiple environ-

mental conditions with a varying degree of humidity, CO2 concentration, air temperature,

and irradiance. Responses to the simultaneous application of nitrogen and water stress were

also investigated. Only a small number of model parameters were calibrated to an observa-

tion dataset while the most of parameter values were from existing literature and models.
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An application of the model to replicate a known experiment with transgenic plants under

a range of temperature is also discussed.

3.2 Materials and Methods

3.2.1 Model Structure

The gas-exchange model consists of a number of smaller submodels describing different aspect

of biochemical and physical processes coupled to each other following the structure of Kim

and Lieth [2003]. The C4 photosynthesis is coupled with a stomatal conductance model via

net photosynthesis rate (An) and also interacts with energy balance model to establish leaf

temperature (Tl) [Kim et al., 2007]. We tested two stomatal conductance models, Ball–Berry

model (BB) and Medlyn model (MED), combined with the rest of submodels that remained

the same, yielding two variations of the gas-exchange model.

C4 Photosynthesis

The biochemical demand for CO2 assimilation in C4 leaves was adapted from an existing C4

photosynthesis model [von Caemmerer, 2000]. The rate of net CO2 assimilation (An) was

represented by the minimum of enzyme limited (Ac) and electron transport limited (Aj) CO2

assimilation rates with curvature factor β.

An = minh{Ac, Aj, β} (3.1)

The transition between Ac and Aj was calculated using a hyperbolic minimum where

minh{a, b, c} is equivalent to taking the lower root of quadratic equation cx2−(a+b)x+ab =

0 with curvature factor c interpreted as a parameter of co-limitation [Kirschbaum, 1994,

Buckley et al., 2003]. Ac can be approximated by the minimum of phosphoenolpyruvate

carboxylase (PEPC) activity (Ac1) and Rubisco activity (Ac2) taking into account the bundle-

sheath leakage and mitochondrial respiration. Ac is driven by Ac1 under low [CO2] and by

Ac2 under high [CO2].
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Ac = min{Ac1 , Ac2} (3.2)

Ac1 = Vp + gbsCm −Rm (3.3)

Ac2 = Vcmax −Rd (3.4)

Vp is the rate of C4 carboxylation and assumed to be limited either by PEPC activity or

PEP regeneration. gbs is the bundle sheath conductance to CO2 and Cm is the mesophyll CO2

partial pressure. Vcmax is the maximum rate of Rubisco carboxylation (µmolm−2 s−1). Rd is

mitochondrial respiration in the light (µmolCO2
m−2 s−1) and half of its value was assumed a

mesophyll component, Rm.

Vp = min

{
CmVpmax

Cm +Kp

, Vpr

}
(3.5)

Vpmax is the maximum PEP carboxylation rate, Kp is the Michaelis-Menton constant for

CO2 of PEPC, and Vpr is PEP regeneration rate. Provided that the resistance for CO2 from

intercellular spaces to mesophyll cells is negligible, Cm can be estimated from CO2 partial

pressure of the air (Ca) after taking account of total leaf resistance to CO2 (rvc) under a

given An.

Cm ≈ Ci = Ca − Anrvc (3.6)

rvc = rsc + rbc (3.7)

rsc =
1

gs
·
(
Dw

Dc

)1

(3.8)

rbc =
1

gb
·
(
Dw

Dc

)2
3

(3.9)

The ratio between diffusion coefficient for water vapor (Dw) and CO2 (Dc) is used for

converting from stomatal conductance (gs) and boundary layer conductance (gb) in terms of

CO2 into resistance in terms of water vapor (rsc , rbc). We assume gs is subject to still air
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and thus raised to the power of 1 whereas gb is subject to convective air with laminar flow

and thus raised to the power of 2
3

[Campbell and Norman, 1998, Jones, 2013].

Cm was solved numerically by using bisection method because its dependence on An

which is required in the calculation of gs forms a cyclic dependency difficult to be solved

analytically.

The assimilation rate limited by electron transport (Aj) can be approximated similarly

to Ac by the minimum of electron transport limited rates in C4 and C3 cycles.

Aj = min{Aj1 , Aj2} (3.10)

Aj1 =
xJ

2
−Rm + gbsCm (3.11)

Aj2 =
(1− x)J

3
−Rd (3.12)

Total rate of electron transport (J) was modeled using a non-rectangular hyperbola which

can be described with hyperbolic minimum (minh). x is a partitioning factor of J .

J = minh{I2, Jmax, θ} (3.13)

θ is curvature of response of electron transport to photosynthetically active radiation

(PAR) and Jmax is the maximum rate of electron transport. I2 is effective radiation absorbed

by Photosystem II (PSII) [de Pury and Farquhar, 1997, Kim and Lieth, 2003].

I2 =
(1− f)

2
Ia (3.14)

Ia = αI (3.15)

I is the incident light in photosynthetic photon flux density (PPFD) and Ia is PPFD

absorbed by the leaf. α is leaf absorptance in PAR and assumed 1 − δ where δ is the

proportion of the incident light scattered by the leaf surface. f is the spectral correction

factor. PAR assumes the wave band of solar radiation from 400 nm to 700 nm.
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The temperature dependence of Vpmax, Vcmax, and Rd was approximated by the Arrhenius

equation (kTA
) normalized at a base temperature.

kTA
[Tk, Ea] = exp

[
Ea(Tk − Tbk)

R · Tk · Tbk

]
(3.16)

Ea is the activation energy varies by process, Tl is the leaf temperature and Tb is the base

temperature assumed 25 °C. Tlk and Tbk are corresponding absolute temperatures in Kelvin

(K). R is the universal gas constant. Each temperature dependent parameter has a value at

25 °C.

The temperature dependence of Kp and Vpr was assumed to be Q10 of 2.0.

kTQ
[T ] = Q

T−Tb
10

10 (3.17)

The temperature dependence of Jmax was modeled using a peaked function [Medlyn et al.,

2002].

kTP
[Tk, Ea, H, S] = kTA

[Tk, Ea] ·
(
1 + exp

[
S · Tbk −H

R · Tbk

])(
1 + exp

[
S · Tk −H

R · Tk

])−1

(3.18)

Ea and R are as defined above. H is the curvature parameter determining the rate of

decrease above the peak temperature and S is the entropy factor.

Nitrogen dependence of Vpmax, Vcmax, and Jmax was modeled by a logistic function for the

current leaf nitrogen content (N) [Vos et al., 2005]. N0 is a baseline value assumed for the

leaf nitrogen content and s is the steepness of nitrogen response curve.

kN =
2

1 + exp[−s ·max{N0, N} −N0]
− 1 (3.19)

Temperature dependence (kT ) and nitrogen dependence (kN) are multiplicative limiting

factors. For example, electron transport rate (Vpmax) is scaled from Vpmax25 by calculating

Vpmax = Vpmax25 · kTA
[Tl, Eap] · kN with the current leaf temperature (Tl) and an activation

energy for PEPC (Eap).
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Boundary Layer Conductance

Boundary layer conductance to water vapor (gb) was derived from convective heat conduc-

tance of the leaf surface (gH). Corresponding Nusselt number (Nu) and Reynolds Number

(Re) were derived by assuming forced convection of streamline flow on flat plates [Monteith

and Unsworth, 2014]. u is wind speed (ms−1) and d is characteristic dimension of the leaf

determined by leaf width W (cm) [Campbell and Norman, 1998]. Dm is kinematic viscosity

of the air and Dh is thermal diffusivity of the air. Dm and Dh were assumed temperature

independent at 20 °C.

gH =
Dh · Nu

d
(3.20)

Nu = 0.60
√
Re (3.21)

Re =
u · d
Dm

(3.22)

d = 0.72w (3.23)

gH (ms−1) is then scaled and converted to gh (mmolm−2 s−1) using the Gas Laws [Mon-

teith and Unsworth, 2014]. Tak is the absolute temperature of air (K).

gh = gH · Pa

R · Tak

(3.24)

gb was then derived from gh using a diffusion ratio between water vapor and heat transfer

under forced convection [Campbell and Norman, 1998, Jones, 2013]. Additionally, gb was

normalized to the current atmospheric pressure (Pa) to make its units explicitly expressed

in vapor pressure gradient rather than in unitless mole fraction.

gb =
gh
Pa

·
(
Dw

Dh

)2
3

(3.25)



83

Stomatal Conductance

We used two approaches for modeling stomatal conductance (gs). gsBB is stomatal conduc-

tance following Ball–Berry (BB) model [Ball et al., 1987] and gsMED follows Medlyn (MED)

model [Medlyn et al., 2011].

gsBB = g0BB + g1BB

hsAn

Cs

fΨv (3.26)

g0BB (molH2O m−2 s−1 bar−1) is residual stomatal conductance to water vapor at the light

compensation point and g1BB is the empirical coefficient for the sensitivity of gs to other

variables. hs is relative humidity at the leaf surface (as a fraction), An is net photosynthesis,

and Pa is the partial pressure of the air.

fΨv is a weight factor that adjusts stomatal conductance to the bulk leaf water potential

(Ψv) where Ψf is a reference potential and sf is a sensitivity parameter [Tuzet et al., 2003].

fΨv =
1 + exp[sfΨf ]

1 + exp[sf (Ψf −Ψv)]
(3.27)

gsMED has a slightly different form compared to gsBB that uses vapor pressure deficit at the

leaf surface (Ds) instead of hs. g0MED (molH2O m−2 s−1 bar−1) has the same meaning as g0BB

setting a lower bound of the conductance value. g1MED is similarly a sensitivity parameter,

but in different units (
√
kPa) and scale.

gsMED = g0MED +

(
1 +

g1MED√
Ds

)
An

Cs

fΨv (3.28)

In both models, Cs is CO2 partial pressure at the leaf surface after taking account of

boundary layer resistance to CO2 (rbc) under a given An.

Cs = Ca − Anrbc (3.29)

hs in Ball–Berry model was obtained by solving an equation connecting diffusion pathways

of boundary layer and stomatal interface. ha is relative humidity in the air. Humidity inside
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the intercellular space was assumed fully saturated. The resultant Equation 3.30 is quadratic

since gsBB has hs in its component as defined in Equation 3.26.

(hs − ha)gb = (1− hs)gsBB (3.30)

Ds in Medlyn model was obtained in a similar way. Water vapor pressure at the leaf

surface (ws), in the air (wa), and in the intercellular space (wi) were used instead of relative

humidity values. The resultant Equation 3.31 is quadratic since gsMED has Ds in its compo-

nent as defined in Equation 3.28. In an actual implementation, the equation was solved in

terms of
√
Ds and squared later to cope with a symbolic equation solver internally used by

our framework.

(ws − wa)gb = (wi − ws)gsMED (3.31)

Energy Balance

Leaf temperature (Tl) can be different from air temperature (Ta) due to energy balancing on

the leaf surface.

Tl = Ta +∆T (3.32)

The temperature difference (∆T ) is obtained by numerically solving the energy budget

equation.

Rn −H − λE = 0 (3.33)

The equation indicates that the net radiation absorbed by the leaf (Rn) should equal to

the loss by sensible heat flux (H) and latent heat flux (λE), assuming no heat is stored in

the leaf.
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Rn = Rsw +Rlw (3.34)

Rsw = αskI (3.35)

Rlw = 2ϵσ(T 4
ak

− T 4
lk
) (3.36)

The absorbed net radiation (Rn) is composed of shortwave component driven by solar

radiation (Rsw) and longwave component via thermal radiation (Rlw). Note that we assumed

gas-exchange measured inside a small chamber and the temperature of chamber wall was

equivalent to the surrounding air. αs is absorption coefficient of the leaf for solar radiation

and ϵ is thermal emissivity of the leaf. σ is Stefan–Boltzmann constant.

H = Cpgh∆T (3.37)

For the sensible heat flux (H), Cp is specific heat of air and gh is the convective heat

conductance of the leaf surface.

E = gv∆w (3.38)

gv =
1

1

gs
+

1

gb

(3.39)

D = es[Tl]− ea (3.40)

For the latent heat flux (λE), λ is the latent heat of vaporization for water. E is the

transpiration rate calculated with leaf conductance (gv) and vapor pressure gradient between

leaf surface and the air (∆w). ea is ambient vapor pressure of air. es is saturated vapor

pressure at a given temperature (T ).

es[T ] = 0.611 · exp
[
17.502 · T
240.97 + T

]
(3.41)
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Coupling Submodels

The net photosynthetic rate (An) depends on mesophyll [CO2] (Cm ≈ Ci) through Equations

3.2 and 3.10. Ci depends on stomatal conductance (gs) through Equation 3.6. gs then again

depends on An through Equations 3.26 and 3.28, forming a cyclic dependency solved by

an iterative numerical method. In the meantime, many parameters for An depends on

temperature that the temperature of biochemical reaction site (Tl) should play an important

role. Vapor pressure of intercellular space (pi) used for Medlyn stomatal conductance model

can also change with Tl. The latent heat component of Equation 3.33 solved for Tl is then

driven by leaf conductance (gv) which depends on gs through Equation 3.39.

Therefore, three submodels for photosynthesis, stomatal conductance, and energy balance

are interdependent. We used a nested iterative procedure using the bisection method to solve

this relation numerically. For initial condition, each variable was given a sensible range of

minimum and maximum values. Ci was assumed to be at least 0 µbar and lower than two

times of Ca. ∆T , the difference between leaf temperature (Tl) and air temperature (Ta), was

assumed in the range of −10K and 10K.

Implementation

An early version of the model was implemented in Delphi which was later converted to C++

and released as a sample of peer-reviewed publication of computer code [Timlin et al., 2016].

Then the model was translated, calibrated, and visualized with Cropbox framework [Crop-

box.jl] written in Julia programming language [Bezanson et al., 2017]. In this framework,

a small component of the model is encapsulated into a structure called system and each

system is a collection of variables described in a declarative form which closely resembles

mathematical equations defined above and specifications of variables and parameters (Ta-

ble 3.1, 3.2). The gas-exchange model was composed of 23 systems including a submodel for

stomatal conductance (Figure 3.1).

The framework provides a number of unique types of variable declaration that can help
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GasExchangeMedlyn

Weather

VaporPressure

Nitrogen

BoundaryLayer

Diffusion

StomataMedlyn

StomataBase StomataTuzet IntercellularSpace

Irradiance

EnergyBalance

C4

C4Rate

C4c

C4Base

CBase

TemperatureDependence NitrogenDependence

C4j C4r

Controller

Figure 3.1: System diagram of the gas-exchange model (GasExchangeMedlyn) incorpo-

rating several submodels including Medlyn stomatal conductance model implemented on

Cropbox framework. Solid arrow indicates ‘has’ relationship that the entity pointed out by

the arrow owns the other entity and takes responsibility of state updates. Dashed arrow

indicates ‘is’ relationship that the pointing entity becomes a trait of the other entity at the

end.

hiding complexity of implementation details. For example, hs in Equation 3.30 is declared as

a solve variable which is automatically expanded and solved in terms of symbolic algebra.

∆T in Equation 3.32 in conjunction with Equation 3.33 is declared as a bisect variable

which would automatically generate necessary code to implement a nested iterative solver

as described in Appendix 3.2.1. An optimal value of ∆T that satisfies Rn = H + λE
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as Equation 3.33 would be found out by applying bisection method (Figure 3.2). Given

Equation 3.6 was also implemented as a bisect variable, the framework would analyze

dependency between variables and generate proper code for nested structure.

@system EnergyBalance(Weather) begin 
  �� 
  ϵ: leaf_thermal_emissivity �� 0.97 ~ preserve(parameter) 
  σ: stefan_boltzmann_constant �� u"σ" ~ preserve(u"W/m^2/K^4") 
  λ: latent_heat_of_vaporization_at_25 �� 44 ~ preserve(u"kJ/mol", parameter) 
  Cp: specif�c_heat_of_air �� 29.3 ~ preserve(u"J/mol/K", parameter) 
 
  Δw(T, T_air, RH, ea=vp.ambient, es=vp.saturation): leaf_vapor_pressure_gradient �� begin 
      es(T) - ea(T_air, RH) 
  end ~ track(u"kPa") 
  E(gv, Δw): transpiration �� gv*Δw ~ track(u"mmol/m^2/s") 
 
  H(Cp, gh, ΔT): sensible_heat_flux �� Cp*gh*ΔT ~ track(u"W/m^2") 
  λE(λ, E): latent_heat_flux �� λ*E ~ track(u"W/m^2") 
 
  ΔT(R_net, H, λE): temperature_adjustment �� begin 
      R_net ⩵ H + λE 
  end ~ bisect(lower=-10, upper=10, u"K", evalunit=u"W/m^2") 
 
  T(T_air, ΔT): leaf_temperature �� (T_air + ΔT) ~ track(u"°C") 
  Tk(T): absolute_leaf_temperature ~ track(u"K")
end

Figure 3.2: Snippet of model code implementing energy balance process.

Note that all equations described in this section assume implicit units conversion and

scaling which is a feature provided by Cropbox framework. For example, in Equation 3.23,

leaf width W was declared in ‘cm’ then automatically scaled to match the units of final

product in ‘m’ that an actual code generated for calculating characteristic dimension was

d = 0.72
(
w · 0.01 m

cm

)
.

Table 3.1: Variables declared in the coupled gas-exchange model.

Symbol Units Description

C4 Photosynthesis

Ac µmolCO2
m−2 s−1 Rubisco-limited CO2 assimilation rate

Aj µmolCO2
m−2 s−1 Electron transport-limited CO2 assimilation rate

An µmolCO2
m−2 s−1 Net photosynthesis rate

Continued
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Symbol Units Description

Ca µbar Atmospheric CO2 partial pressure*

Ci µbar Intercellular CO2 partial pressure

Cm µbar Mesophyll CO2 partial pressure

J µmolelectrons m
−2 s−1 Electron transport rate

Jmax µmolelectrons m
−2 s−1 Maximum rate of electron transport

kN - Nitrogen dependence

kTA
- Temperature dependence by Arrhenius equation

kTQ
- Temperature dependence by Q10 function

kTP
- Temperature dependence by a peaked function

Kc µbar Michaelis-Menton constant of Rubisco for CO2

Kp µbar Michaelis-Menton constant of PEPC for CO2

N gm−2 Leaf nitrogen content

Np % Relative leaf nitrogen content assuming SLA = 200 cm2 g−1

Pa kPa Atmospheric pressure*

Rd µmolCO2
m−2 s−1 Mitochondrial respiration rate

rvc m2 smol−1
CO2

bar Total leaf resistance to CO2

Ta °C Air temperature in Celsius*

Tak
K Air temperature in Kelvin

Tl °C Leaf temperature in Celsius

Tlk K Leaf temperature in Kelvin

Vp µmolCO2
m−2 s−1 C4 carboxylation rate

Vpr µmolCO2
m−2 s−1 PEP regeneration rate

Vcmax µmolCO2
m−2 s−1 Maximum rate of Rubisco carboxylation

Vpmax µmolCO2
m−2 s−1 Maximum rate of C4 carboxylation

Irradiance

I µmolquanta m
−2 s−1 Incident PAR*

Ia µmolquanta m
−2 s−1 Absorbed PAR

I2 µmolquanta m
−2 s−1 Effective PAR

Boundary Layer

d m Leaf characteristic dimension

Continued
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Symbol Units Description

gb molH2O m−2 s−1 bar−1 Boundary layer conductance to water vapor

gh mmolm−2 s−1 Leaf convective heat conductance in molar flux

gH ms−1 Leaf convective heat conductance

rbc m2 smol−1
CO2

bar Boundary layer resistance to CO2

u ms−1 Wind speed*

Stomatal Conductance

Ds kPa Vapor pressure deficit at the leaf surface

fΨv - Water stress factor

gs molH2O m−2 s−1 bar−1 Stomatal conductance to water vapor

gsBB molH2O m−2 s−1 bar−1 Stomatal conductance to water vapor from Ball–Berry model

gsMED molH2O m−2 s−1 bar−1 Stomatal conductance to water vapor from Medlyn model

RH % Relative humidity of the air (0–100)

ha - Relative humidity of the air (0–1)

hs - Relative humidity at the leaf surface (0–1)

wa kPa Water vapor pressure in the air

wi kPa Water vapor pressure in the intercellular space

ws kPa Water vapor pressure at the leaf surface

Ψv MPa Bulk leaf water potential

rsc m2 smol−1
CO2

bar Stomatal resistance to CO2

Energy Balance

∆w kPa Vapor pressure gradient between leaf surface and the air

ea kPa Vapor pressure in the ambient air

es kPa Saturated vapor pressure

E mmolH2O m−2 s−1 Transpiration rate

gv molH2O m−2 s−1 bar−1 Total leaf conductance to water vapor

H Wm−2 Sensible heat flux

λE Wm−2 Latent heat flux

Rn Wm−2 Net radiation absorbed

∆T K Temperature difference between Tl and Ta

* Input variables to the model (Table 3.3).
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Table 3.2: Parameters and constants used in the coupled gas-exchange model.

Symbol Value Units Description

C4 Photosynthesis

β 0.99 - Sharpness of transition between Ac and Aj

Eac 55.9[1] kJmol−1 Activation energy for Vcmax

Eaj 32.8† kJmol−1 Activation energy for Jmax

Eap 75.1† kJmol−1 Activation energy for Vpmax

Ear 39.8† kJmol−1 Activation energy for Rd

gbs 0.003[2] molCO2 m
−2 s−1 bar−1 Bundle-sheath conductance to CO2

Hj 220[3] kJmol−1 Curvature parameter for Jmax

Jmax25
300† µmolelectrons m

−2 s−1 Maximum rate of electron transport at 25 °C

Kc25 650[2] µbar Michaelis-Menton constant of Rubisco for CO2 at 25 °C

Kp25 80[2] µbar Michaelis-Menton constant of PEPC for CO2 at 25 °C

N0 0.343* gm−2 Baseline leaf nitrogen content

R 8.314 JK−1 mol−1 Universal gas constant

Rd25
2[3] µmolCO2

m−2 s−1 Mitochondrial respiration rate at 25 °C

s 4.191* m2 g−1 Steepness of nitrogen response curve

Sj 702.6† Jmol−1 K Entropy factor for Jmax

θ 0.5† - Sharpness of transition between light limitation and saturation

Tb 25 °C Base temperature in Celsius

Tbk 298.15 K Base temperature in Kelvin

Vcmax25 50† µmolCO2
m−2 s−1 Maximum rate of Rubisco carboxylation at 25 °C

Vpmax25
70† µmolCO2

m−2 s−1 Maximum rate of PEP carboxylation at 25 °C

Vpr25 80[2] µmolCO2
m−2 s−1 PEP regeneration rate at 25 °C

x 0.4[2] - Partitioning factor of electron transport rate

Irradiance

α 0.85[4] - Leaf absorptance in PAR

δ 0.15[5] - Leaf scattering factor

f 0.15[5] - Leaf spectral correction factor

Continued
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Symbol Value Units Description

Boundary Layer

Dw 24.2 mm2 s−1 Diffusion coefficient for water vapor in air at 20 °C

Dc 14.7 mm2 s−1 Diffusion coefficient for CO2 in air at 20 °C

Dh 21.5 mm2 s−1 Diffusion coefficient for heat (thermal diffusivity) in air at 20 °C

Dm 15.1 mm2 s−1 Diffusion coefficient for momentum (kinematic viscosity) in air at 20 °C

W 10 cm Leaf width

Stomatal Conductance

g0BB 0.036* molH2O m−2 s−1 bar−1 Lower bound of gsBB

g1BB 2.792* - Sensitivity of gsBB

g0MED 0.031* molH2O m−2 s−1 bar−1 Lower bound of gsMED

g1MED 1.281*
√
kPa Sensitivity of gsMED

Ψf -2.0 MPa Reference water potential

sf 2.3[6] MPa−1 Sensitivity of water response

Energy Balance

αs 0.79[7] - Radiation absorption coefficient of the leaf

Cp 29.3 Jmol−1 K−1 Specific heat of air

ϵ 0.97[8] - Leaf thermal emissivity

k 0.22 J µmol−1 Radiation conversion factor

λ 44 kJmol−1 Latent heat of vaporization at 25 °C

σ 5.670× 10−8 Wm−2 K−4 Stefan–Boltzmann constant

* Parameter values calibrated in this paper.
† Parameter values calibrated with a dataset from [Kim et al., 2012].
1 [Sage, 2002]
2 [von Caemmerer, 2000]
3 [Kim et al., 2007]
4 [Jones, 2013]
5 [de Pury and Farquhar, 1997]
6 [Yang et al., 2009]
7 [Earl and Tollenaar, 1997]
8 [Campbell and Norman, 1998]
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Workflow

A system implemented on Cropbox framework can be run by simulate() function supplied

with an optional configuration. For instance, the coupled gas-exchange model with Medlyn

stomatal conductance submodel (GasExchangeMedlyn) was run with a set of default

parameters described in Table 3.3 and 3.2 (Figure 3.3). simulate() function returns a

result of simulation in a tabular data frame which can be further analyzed by various tools

including visualization methods provided by the framework. By default, the result contains

values of all numerical variables declared in the controller system.

c0 = ( 
    �StomataMedlyn �� (g0 = 0.031, g1 = 1.281), 
    �NitrogenDependence �� (s = 4.191, N0 = 0.343), 
    �� # default conf�guration
)
r = simulate(GasExchangeMedlyn; conf�g=c0)

Figure 3.3: Script for running a coupled gas-exchange model with Medlyn stomatal con-

ductance submodel. Parameter values as listed in Table 3.2 are included in the baseline

configuration c0 used by simulate() function.

After testing models with initial parameters, calibration of four parameters, N0, s, g0MED

and g1MED , as explained in Section 3.2.2 can be done by calibrate() function with a

training dataset (Figure 3.4). In this example, we had two target variables in the dataset,

Photo and gs, and wanted to compare them with A_net (An) and gs (gs) estimated by

the model. A percentage root mean square error (PRMSE) calculated from the difference

between each set of variables was minimized by updating four parameters. The range of each

parameter value is specified in parameters option.

Plotting model response in multiple ranges of criteria would require aggregation of results

from models running multiple times with slightly different configuration. visualize()

function takes care of a few common plotting scenarios in a simple interface. All figures

in this paper were directly generated from the framework. For example, Figure 3.9b was
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obs_df = �� # data frame contains gas exchange measurements
obs_C = �� # list of conf�gurations for each measurement
c1 = calibrate(GasExchangeMedlyn, obs_df, obs_C; 
    index = [�PARi �� �PFD, �CO2S �� �CO2, �RH_S �� �RH, �Tair �� �T_air, �Press �� �P_air, �SPAD], 
    target = [�Photo �� �A_net, :gs], 
    parameters = ( 
        �NitrogenDependence �� (s=(0, 10), N0=(0, 1)), 
        �StomataMedlyn �� (g0=(0, 1), g1=(0, 10)), 
    ), 
    metric = :prmse, 
    �� # other options
)

Figure 3.4: Script for calibrating parameters for the gas-exchange model. index op-

tion provides a mapping of variable names between a dataset and the model specification.

target option indicates two variables, An and gs, for which fitting errors are minimized.

parameters option specifies a range of parameter values to be calibrated. A set of cali-

brated parameters are stored in a variable named c1.

generated by running GasExchangeMedlyn model with four levels of RH (RH) from 20%

to 80% and plotting gs (gs) against Ci (Ci) in lines (Figure 3.5). Each line of response

was composed by changing CO2 (Ca) in a range from 10 µbar to 1500µbar at an interval of

10 µbar.

A Jupyter notebook containing source code of the model with calibration datasets and

scripts for producing figures presented in this paper is available at https://github.com/

cropbox/plants2020.

3.2.2 Model Calibration

The most of parameter values came from existing literature (Table 3.2). Some photosyn-

thetic parameters were obtained from Pioneer hybrid 3733 maize (Zea mays) grown under

Soil–Plant–Atmosphere Research (SPAR) chambers located at Beltsville, MD, USA in 2002

[Kim et al., 2012]. Only four parameters were specifically calibrated for modeling experi-

ments presented in this paper. Two are nitrogen-related parameters: baseline leaf nitrogen

content (N0) and steepness of nitrogen response curve (s). The other two are related to

stomatal conductance: lower bound of stomatal conductance (g0) and sensitivity of stomatal

https://github.com/cropbox/plants2020
https://github.com/cropbox/plants2020
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visualize(GasExchangeMedlyn; conf�g=(c0, c1), 
    x = �Ci, y = :gs, 
    xstep = �Weather �� �CO2 �� 10:10:1500, 
    group = �Weather �� �RH �� [80, 60, 40, 20], 
    xlim = (0, 600), ylim = (0, 1), legendpos = (0.8, 0), 
    kind = :line
)

Figure 3.5: Script for generating Figure 3.9b. visualize() function internally runs

simulate() and renders a plot using the output. Note that a configuration used here is

the baseline c0 partially overridden by the calibrated c1. x and y options specify variables

used for two axes of the plot. xstep option provides a range of values to compose a single

curve, indicating atmospheric CO2 concentration (Ca) is ranged from 10 µbar to 1500µbar.

group option provides a group of treatments to render multiple curves, indicating four levels

of relative humidity (RH) are used. xlim option sets the visible range of Ci limited from

0 µbar to 600µbar and ylim option sets the range of gs from 0 to 1molH2O m−2 s−1 bar−1.

kind option for plot type can be either :line or :scatter.

conductance (g1). For comparison of overall gas-exchange response between two stomatal

conductance models, calibration was separately done for the two models: Ball–Berry (BB)

and Medlyn (MED) models.

N0 and s calibrated for BB and MED were then pooled together to provide average

parameter values used by the both models. To make sure a slight divergence in the parameter

value did not make an impact on overall model response, we also conducted a sensitivity

analysis on N0 and s for a range of possible values. As g0 and g1 should involve inherent

differences between two stomatal conductance models, a separate set of parameter values

were used accordingly. BB model relied on g0BB and g1BB . MED model relied on g0MED and

g1MED . The optimization method used for calibration was differential evolution algorithm

[Storn and Price, 1997].

The experimental dataset for calibration was collected from a growth chamber experiment

conducted with Pioneer hybrid 34N43 maize in 2005 at Beltsville, MD, USA as used in

Kim et al. [2006, 2007]. Spot measurements of gas-exchange were recorded with LI-COR
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LI-6400XT when plants were at the onset of reproductive stage. Three nitrogen levels at

0 kg ha−1, 50 kg ha−1 and 200 kg ha−1 in total were applied two times. For leaf nitrogen

content (N), SPAD measurements were instead collected with Konica Minolta SPAD-502

and converted to N .

Our experimental dataset used in calibration had SPAD measurements as a proxy to

leaf nitrogen content. A small number of samples were separately collected from direct

measurement of leaf nitrogen content and then used to derive a relationship between SPAD

measurement and leaf nitrogen content. A quadratic equation in the form of N = ax2+bx+c

was fitted for leaf nitrogen content (N) and SPAD measurement (x = SPAD) where a =

0.0004, b = 0.012, and c = 0 with R2 = 0.92 (Figure 3.6).

The fitness of model calibration was evaluated by Willmott’s refined index of agreement

dr as defined in Equation 2.12 [Willmott et al., 2012] and Nash–Sutcliffe modeling efficiency

coefficient (NSE) as defined in Equation 3.42 [Nash and Sutcliffe, 1970]. yi is an observed

value for the variable of interest under a specific environmental condition ordered by i. ŷi is

an estimation by the model for the same input condition as yi. ȳ is the mean of observed

values. Net photosynthetic rate (An) and stomatal conductance (gs) were two variables

selected for the evaluation.

NSE = 1−
∑

i(ŷi − yi)
2∑

i(yi − ȳ)2
(3.42)

3.2.3 Model Comparison

We compared two variants of the gas-exchange model depending on which submodel was

used for calculating stomatal conductance: Ball–Berry (BB) and Medlyn (MED). Net pho-

tosynthetic rate (An) was calculated over a range of values for specific environmental input

variables, atmospheric CO2 and air temperature (Ta). Ca ranged from 0 µbar to 1500µbar

and Ta ranged from −10 °C to 50 °C. Other environmental variables remained constant as

default values (Table 3.3). Since stomatal conductance can be more directly related to the
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Figure 3.6: Fitting SPAD measurement to leaf nitrogen content (N). N was fitted by a

quadratic equation N = 0.0004x2+0.012x for 18 samples of SPAD measurement (x = SPAD)

with R2 = 0.92.

relative humidity of surrounding air (RH) than other variables, a response curve of An was

separately obtained for ten levels of RH from 0% to 100%.

3.2.4 Model Response

We simulated nitrogen and water stress factors by adjusting relevant parameter values. For

nitrogen stress, leaf nitrogen content (N) was changed from 0 gm−2 to 2 gm−2 to impose

stress when N was lower. For water stress, bulk leaf water potential (Ψv) was changed
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Table 3.3: Default environmental condition for the coupled gas-exchange model.

Symbol Value Units Description

Ca 400 µbar Atmospheric CO2 partial pressure

Pa 99.4 kPa Atmospheric pressure

Ta 32 °C Air temperature in Celsius

I 2000 µmolquanta m
−2 s−1 Incident PAR

u 2 ms−1 Wind speed

RH 66 % Relative humidity of the air

SPAD 60 - SPAD value

from 0MPa down to −3MPa to impose stress when Ψv was lower. The range of values

were deliberately chosen by first selecting biophysically feasible extremes, 0 gm−2 for N

and 0MPa for Ψv, then selecting a value for the other end where output variable exhibits

a clear convergence. When simulating a response for each stress factor, the other stress

factor assumed to be not limiting. The response curve of net photosynthetic rate (An)

was obtained for multiple environmental input variables including relative humidity (RH),

atmospheric CO2 (Ca), air temperature (Ta), and irradiance (I).

In order to observe interaction effects between the two stress factors, contour plot of An

was obtained by applying the same range of two stress factors simultaneously. For each

environmental input variable, four different levels of the value were chosen to show a varying

contrast as the input changes. RH changed to 30, 50, 70 and 90%. Ca changed to 200, 400,

600 and 800µbar. I changed to 500, 1000, 1500 and 2000µmolm−2 s−1.

3.3 Results

3.3.1 Gas-exchange Model Calibration

The performance of calibrated parameters was evaluated by Willmott’s refined index of

agreement (dr) and Nash–Sutcliffe model efficiency coefficient (NSE) for the two variants of
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gas-exchange model (Figure 3.7). dr of the model with Ball–Berry stomatal conductance sub-

model (BB) was 0.879 for net photosynthesis rate (An) and 0.804 for stomatal conductance

(gs). dr of the other model with Medlyn submodel (MED) was 0.881 for net photosynthesis

rate (An) and 0.820 for stomatal conductance (gs). NSE of the BB model was 0.941 for An

and 0.798 for gs. NSE of the MED model was 0.937 for An and 0.796 for gs.
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Figure 3.7: Evaluation of the gas-exchange model with two stomatal conductance submod-

els, Ball–Berry (BB) and Medlyn (MED), after calibrating parameters related to nitrogen

(N0, s) and stomata (g0MED , g1MED). Each dot represents an observed photosynthesis rate

(An) or stomatal conductance (gs) under a given experimental condition and a corresponding

estimation by the model. A gray solid line shows 1:1 reference for comparison. dr indicates

Willmott’s refined index of agreement (dr) and ef indicates Nash–Sutcliffe modeling effi-

ciency coefficient (NSE).

dr values were close to 1 meaning our models were calibrated adequately for further

analysis carried in the following sections, especially when it was achieved by calibrating

only four parameters while most other parameters came from existing models or literature

(Table 3.2). The two variants of the gas-exchange model with different selection of the
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stomatal conductance submodel did not show a clear difference in their performance within

the range of input given by our experimental dataset.

Although the difference between two gas-exchange models only came from how stomatal

conductance was calculated in submodel, the pooled nature of our calibration process pro-

duced a slightly different set of parameters used for the other parts of model, such as nitrogen

submodel shared by the two variants. For example, with baseline leaf nitrogen content (N0)

and steepness of nitrogen response curve (s) parameters, BB got 0.371 and 4.470 while MED

got 0.315 and 3.912, respectively. To ensure their difference did not hamper comparison

between two stomatal conductance models, we did a further sensitivity analysis on the two

other parameters and confirmed the difference was negligible in regards with An response

(Figure 3.8).

The sensitivity of parameters related to nitrogen dependence was obtained by calculating

net photosynthesis rate (An) with a range of values for the parameter in question while

keeping other parameters unchanged (Figure 3.8). For reference, N0 was 0.371 and 0.315,

and s was 4.470 and 3.912, for BB and MED respectively. Baseline leaf nitrogen content

(N0) barely had an impact on An with its range from 0.2 gm−2 to 0.5 gm−2. Sensitivity

of nitrogen response curve (s) did not make a large difference either within the range of

calibrated parameter values. For example, two sets of N0 and s mentioned above resulted

into less than 1% difference in An at 400µmolm−2 s−1 of ambient CO2 level. Therefore we

assumed the difference between nitrogen parameter values we obtained from calibration for

BB and MED were negligible and safe to pool them together for one unified set of parameters.

The averaged out values for N0 and s used in the rest of simulation was 0.343 and 4.191

(Table 3.2).

3.3.2 Stomatal Conductance Model Comparison

gs predicted by MED was generally higher than gs from BB (Figure 3.9). gs from both

models were in a similar range when relative humidity (RH) was around 65% to 90% while

maximum gs was much higher in MED when RH was saturated. When RH went lower than
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Figure 3.8: Sensitivity of parameters related to nitrogen dependence. The coupled gas-

exchange model with Medlyn stomatal conductance model was used for testing. Air temper-

ature (Ta) was 32 °C, irradiance (I) was 2000µmolquanta m
−2 s−1, and relative humidity (RH)

was 66%.

50%, gs from BB dropped rapidly and mostly converged to the lower bound (g0BB), almost

shutting down transpiration. In MED, decrease of gs along RH gradient was more gradual

and its value usually remained higher than the lower bound (g0MED) to ensure a certain

amount of transpiration keeps occurring.

As a result, An from the gas-exchange model using BB decreased more rapidly while the

counterpart using MED showed a much gentle response as RH went down at the same level

of concentration of atmospheric CO2 (Ca). The rate of decrease in An was 75% with BB

and 20% with MED when RH was dropped from 80% to 20%. However, there was little

difference in the curvature of An response between the two models in terms of intercellular

CO2 concentration (Ci), suggesting the difference was mostly due to a change in supply

function of the curve (Figure 3.10).

A similar response can be observed when An was plotted against a range of air temper-

ature (Ta) from 0 °C to 50 °C (Figure 3.11). At lower RH, MED was able to maintain gs to
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(a) Ball–Berry model (BB)
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(b) Medlyn model (MED)

Figure 3.9: Stomatal conductance (gs) estimated by two stomatal conductance models over a

range of atmospheric CO2 concentration (Ca) from 10 µbar to 1500µbar at multiple levels of

relative humidity (RH). The graph was plotted against resultant intercellular CO2 concen-

tration (Ci). Air temperature (Ta) was 32 °C and irradiance (I) was 2000µmolquanta m
−2 s−1.

a certain level and therefore keep An from collapsing. The shifting of optimal temperature

towards higher regime with lower RH came from increased cooling effect by higher water loss

in drier condition.

In turn, leaf temperature (Tl) which is adjusted by energy balance equation involving

latent heat flux mainly driven by leaf transpiration showed a clear difference between the

two models. With BB, lower RH had stomata almost closed down and thus not able to cool

down leaf temperature with latent cooling. On the contrary, MED implied higher latent

cooling under lower RH due to stronger gradient of water vapor pressure formed between air

and inside the leaf.
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(a) Ball–Berry model (BB)
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(b) Medlyn model (MED)

Figure 3.10: Net photosynthesis rate (An) estimated by two stomatal conductance models

over a range of atmospheric CO2 concentration (Ca) from 10 µbar to 1500µbar at two levels

of relative humidity (RH). The graph was plotted against resultant intercellular CO2 concen-

tration (Ci). Air temperature (Ta) was 32 °C and irradiance (I) was 2000µmolquanta m
−2 s−1.

3.3.3 Stress Responses

Leaf Nitrogen Deficiency

An generally decreased as leaf nitrogen content (N) reduced and the rate of decrease ac-

celerated when nitrogen was more limited as represented by logarithmic curves. Yet, the

strength of response was not constant and varied depending on environmental conditions.

An was more decreased with lower RH, but the difference diminished when N went below

0.5 gm−2 or relative leaf nitrogen content (Np) was less than 1% assuming specific leaf area

(SLA) was 200 cm2 g−1. The rate of An decrease did not change much with high atmospheric

CO2 (Ca) and only had more negative effect when Ca was below 400µmolmol−1. Response

to Ta under nitrogen stress was nonlinear that the decrease was more significant when Ta

was moving away from optimal temperature. The optimal temperature, where a peak An

could be achieved, slightly increased with more N available and thus the maximum An itself
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(a) Ball–Berry model (BB)
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(b) Medlyn model (MED)

Figure 3.11: Net photosynthesis rate (An) estimated by two stomatal conductance models

over a range of air temperature (Ta) from 0 °C to 50 °C at multiple levels of relative hu-

midity (RH). Atmospheric CO2 concentration (Ca) was 400µbar and irradiance (I) was

2000µmolquanta m
−2 s−1.

also increased due to more favorable biochemical reactions with higher temperature and N

(Figure 3.12c, 3.12g). The slope of An decrease by N stress was steeper under higher irradi-

ance (I) and the difference between the levels of I gradually diminished as N approaching

a minimum (Figure 3.12a, 3.12e). Overall, there was no clear difference in terms of nitrogen

response between BB and MED models.

Leaf Water Status

An decreased as bulk leaf water potential (Ψv) reduced, but the rate of decrease did not

monotonically change as in the case of nitrogen stress. Generally under a greater water

stress with lower water potential, stress response represented by An reduction tapered off and

formed a logistic response curve. An was more decreased with lower RH, but the difference

diminished when Ψv kept decreasing . Also note that with higher RH, leaf was able to sustain

maximum An even under mild water deficit which would have led to a noticeable reduction
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in An under lower RH. For example, at −0.4MPa, An under 80% of RH did not decrease

much whereas An under 40% of RH saw almost 60% reduction with BB (Figure 3.12b) and

20% reduction with MED (Figure 3.12f). The decrease of An was more consistent with all

range of Ca compared to nitrogen stress response. For −1.5MPa and below, the rate of

An decrease became almost identical regardless of Ca. With higher Ca, maximum An was

sustained for larger range of Ψv similar to the RH response. Water response to Ta was also

nonlinear, but the difference wore off with lower Ψv and no single optimal temperature was

clear to be found (Figure 3.12d, 3.12h). Overall response to Ta under water stress was similar

between BB and MED except BB exhibited much higher optimal temperature than MED in

a mild-to-severe stress level indicated by −1.0MPa. Overall, BB was more sensitive to RH

changes under water stressed conditions than MED (Figure 3.12b, 3.12f).

3.3.4 Interactions between Leaf Nitrogen and Water Potential

Response to Relative Humidity

At high RH, An remained relatively stable within its optimal range when both N and Ψv

kept high for less stress (Figure 3.13a, 3.13g). An area of this region located in the upper

right side of contour plot shrunk and so did the range of non-limiting N and Ψv as RH

went down. In other words, with lower RH, An became more sensitive to both nitrogen

and water stress factors. The reduction of An for lower RH was extremely strong with BB

(Figure 3.13d) compared to MED (Figure 3.13j). No other variables showed such drastic

difference between BB and MED in the comparison.

Note that with low N and high Ψv, the sensitivity of An was mostly governed by the

change of N , thus limited by nitrogen. On the other hand, with high N and low Ψv, the

most of sensitivity came from the change of Ψv, thus limited by water. Then with both low

N and Ψv, An was also largely driven by Ψv unless N dropped down to a very low range.
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(d) Air temperature (Ta)

Figure 3.12: Net photosynthesis rate (An) over a range of environmental input variables at

multiple levels of nitrogen or water stress for the two variants of coupled gas-exchange model

using Ball–Berry (BB) and Medlyn (MED) stomatal conductance submodels. (a), (c), (e)

and (g) show responses to a varying degree of relative leaf nitrogen content (Np) assuming

specific leaf area (SLA) was 200 cm2 g−1. (b), (d), (f) and (h) show responses to bulk leaf

water potential (Ψv). Continued

Response to Atmospheric CO2

The upper-right region of non-limiting An existed with a range of Ca above 400µbar. This

region vertically expands further down to cover lower Ψv under higher Ca as shown by
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(h) Air temperature (Ta)

Figure 3.12: Net photosynthesis rate (An) over a range of environmental input variables at

multiple levels of nitrogen or water stress for the two variants of coupled gas-exchange model

using Ball–Berry (BB) and Medlyn (MED) stomatal conductance submodels. (a), (c), (e)

and (g) show responses to a varying degree of relative leaf nitrogen content (Np) assuming

specific leaf area (SLA) was 200 cm2 g−1. (b), (d), (f) and (h) show responses to bulk leaf

water potential (Ψv).

comparing ambient CO2 (Figure 3.13e, 3.13k) with elevated CO2 (Figure 3.13b, 3.13h),

indicating possible alleviation of water stress by elevated CO2 concentration. An remained
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relatively stable until Ψv reached down −1.0MPa under 800µbar of Ca whereas An started

decreasing faster only after −0.5MPa under 400µbar of Ca. Below these boundaries, An was

mostly limited by water only.

Response to Irradiance

The region of non-limiting An remained relatively stable with a range of I (Figure 3.13c,

3.13i) and even expanded further down when I was lower, although the magnitude of An

was much smaller (Figure 3.13f, 3.13l). In other words, under shaded condition with less

light, nitrogen and water became less relevant because An had to be much smaller. Below

this region, An was again mostly limited by water only unless N deficiency was extremely

strong.

3.4 Discussion

3.4.1 Performance of Stomatal Conductance Models

We did not find much difference in performance between two stomatal conductance submod-

els BB and MED when used for fitting calibration dataset (Figure 3.7). It is known that two

models have equal predictive strength for non-extreme environmental conditions where the

data are usually collected for calibration and validation [Franks et al., 2018]. Results started

deviating from each other under more extreme conditions such as low Ca and low RH which

are also close to the range where gas-exchange instruments often find difficulties in accurate

measurements (Figure 3.9, 3.10, 3.11, 3.12b, 3.12f). Under low RH, especially below 50%,

gsBB had much higher rate of decrease and almost converged to g0BB in the end whereas

gsMED maintained higher than g0MED with smooth and gentle transitions most of the time

(Figure 3.9). Seemingly degenerate behavior of gsBB might be an overlooked effect of g0BB

as a parameter estimated from regression rather than a directly measured value [Duursma

et al., 2019]. A clearly different response from each model warrants caution especially when

applying models to extreme conditions, such as concurrent exposure to high temperature and

high vapor pressure deficit (VPD), likely encountered in future climate projections [Hsiao
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Figure 3.13: Responses of net photosynthesis rate (An) under nitrogen and water stress

implied by relative leaf nitrogen content (Np) and bulk leaf water potential (Ψv) for the two

variants of coupled gas-exchange model using Ball–Berry (BB) and Medlyn (MED). (a)/(d)

and (g)/(j) show contrasting effects of high and low relative humidity (RH). (b)/(e) and

(h)/(k) compare elevated and current concentrations of atmospheric CO2 (Ca). (c)/(f) and

(i)/(l) compare high and low levels of irradiance (I). Contour lines are spaced at an interval

of 1 µmolm−2 s−1 of the simulated An values. Continued
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Figure 3.13: Responses of net photosynthesis rate (An) under nitrogen and water stress

implied by relative leaf nitrogen content (Np) and bulk leaf water potential (Ψv) for the two

variants of coupled gas-exchange model using Ball–Berry (BB) and Medlyn (MED). (a)/(d)

and (g)/(j) show contrasting effects of high and low relative humidity (RH). (b)/(e) and

(h)/(k) compare elevated and current concentrations of atmospheric CO2 (Ca). (c)/(f) and

(i)/(l) compare high and low levels of irradiance (I). Contour lines are spaced at an interval

of 1 µmolm−2 s−1 of the simulated An values.
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et al., 2019].

3.4.2 Stress Response to Elevated CO2

Nitrogen stress consistently posed a negative impact on An although the degree of reduction

may vary depending on the severity of stress and corresponding environmental conditions

(Figure 3.12a, 3.12c, 3.12e, 3.12g). While water stress also reduced An most of the time

(Figure 3.12b, 3.12d, 3.12f, 3.12h), we observed in some conditions that the impact of water

stress greatly diminished, for instance, when RH was higher than 60% (Figure 3.13a, 3.13g)

or Ca was higher than 400µmolmol−1 (Figure 3.13b, 3.13h). There is increasing evidence

that elevated CO2 concentration alleviates water stress [Hsiao and Jackson, 1999, Ghannoum,

2008, Markelz et al., 2011, Xu et al., 2013, Manderscheid et al., 2014, Zong and Shangguan,

2014, van der Kooi et al., 2016]. Our simulation result confirms this positive effect of elevated

CO2 by showing high An sustained in a wider range of Ψv under high Ca due to reduced

gs preserving water loss via transpiration. The effect was mostly pronounced under a mild

water stressed condition since maximum An did not change much in the absence of water

stress [Leakey et al., 2006]. Alleviation strength was dependent on leaf nitrogen supply such

that even very mild water stress could not be overcome by high Ca under low N [Zong and

Shangguan, 2014].

3.4.3 Interactions between Nitrogen Deficiency and Water Stress

When both nitrogen and water stress were imposed simultaneously, the net effect of stress

may vary depending on the relative degree of each stress factor and environmental variables.

In the contour plots of interactive stress effects, we can identity three types of contours

(Figure 3.13). Mostly vertical lines with very steep slopes indicate An could be only improved

by moving across a horizontal gradient, conferring a dominant N sensitivity. Likewise, mostly

horizontal lines with close to zero slope indicate An could be only improved by moving across

a vertical gradient, conferring a dominant Ψv sensitivity. Other curves from round contour

lines indicate An are affected by both stress factors. With that in mind, looking back stress
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interaction result figures gives an insight that a vast area of N and Ψv grid are covered by

horizontal lines and thus they are mostly under water limiting conditions. Nitrogen limiting

conditions are, on the other hand, exhibited within an area where N is low or Ψv is high.

Such distinctions could be also found in literature that negative impact of nitrogen stress

could be inflated by an existence of drought stress [Morgan, 1984, Shangguan et al., 2000,

Markelz et al., 2011, Roth et al., 2013].

3.4.4 Response of Transgenic C4 Leaves to Temperature

As an extended exercise for testing model response against real conditions, we applied our

model to simulate a wide range of temperature response of transgenic C4 plants, Flaveria

bidentis, with varying amount of Rubisco reported by Kubien et al. [2003].

A few parameters were derived to replicate a wide range of temperature response of

transgenic plants with reduced amounts of Rubisco. We mostly used the same values for

variables and parameters identified in the paper, except Jmax25 which was not mentioned but

needed adjustments to replicate original curves (Table 3.4). Measured values of An, gs, and

Ci under three treatments were digitized from their Figure 1. WT indicates wild type while

AR1 and AR2 refers to mutants treated with anti-Rubisco antibody to have Rubisco content

reduced to 49% and 32%, respectively.

Table 3.4: Variables and parameters for replicating experiment by Kubien et al. [2003].

Symbol Value Units Description

Input variables

Ca 370 µbar Atmospheric CO2 partial pressure

D 12 mbar Vapor pressure deficit of the air (converted to RH)

I 1500 µmolquanta m
−2 s−1 Incident PAR

Shared parameters

g0BB 0.138* molH2O m−2 s−1 bar−1 Lower bound of gsBB

Continued
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Symbol Value Units Description

g0MED 0.138* molH2O m−2 s−1 bar−1 Lower bound of gsMED

Parameters for WT

Eac 56.1 kJmol−1 Activation energy for Vcmax

Eap 71.6 kJmol−1 Activation energy for Vpmax

Jmax25 300† µmolelectrons m
−2 s−1 Maximum rate of electron transport at 25 °C

Vcmax25
51.48 µmolCO2

m−2 s−1 Maximum rate of Rubisco carboxylation at 25 °C

Vpmax25
159.9 µmolCO2

m−2 s−1 Maximum rate of PEP carboxylation at 25 °C

Parameters for AR1

Eac 57.0 kJmol−1 Activation energy for Vcmax

Eap 69.4 kJmol−1 Activation energy for Vpmax

Jmax25
240† µmolelectrons m

−2 s−1 Maximum rate of electron transport at 25 °C

Vcmax25 24.7 µmolCO2
m−2 s−1 Maximum rate of Rubisco carboxylation at 25 °C

Vpmax25 186.3 µmolCO2
m−2 s−1 Maximum rate of PEP carboxylation at 25 °C

Parameters for AR2

Eac 59.3 kJmol−1 Activation energy for Vcmax

Eap 74.0 kJmol−1 Activation energy for Vpmax

Jmax25 120† µmolelectrons m
−2 s−1 Maximum rate of electron transport at 25 °C

Vcmax25
15.54 µmolCO2

m−2 s−1 Maximum rate of Rubisco carboxylation at 25 °C

Vpmax25
146.9 µmolCO2

m−2 s−1 Maximum rate of PEP carboxylation at 25 °C

* Minimum gs observed in the dataset.
† Scaled to the ratio of maximum An for each treatment to make up missing information.

By using the set of slightly modified parameters, we were able to replicate overall patterns

of An (Figure 3.14d) and Ci (Figure 3.14f) over a wide range of Tl using MED. BB also

performed closely to MED except that Ci under low Ta with more reduced Rubisco (AR2)

showed an abrupt change due to gs went too low reaching the lower bound g0BB (Figure 3.14a,

3.14c).

Simulated gs closely followed the actual measurements until around 35 °C where model

and observation started showing disagreement (Figure 3.14b, 3.14e). In the experiment, gs
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kept increasing further with higher Tl whereas our model estimated gs should decrease when

An was not able to keep up under excessive heat stress. Such decreasing patterns occurred

regardless of stomatal conductance submodels. This behavior is indeed contrary to observa-

tions where transpiration rate continually increases with higher leaf temperature, implying

An inhibition is not caused by stomatal closure and thus An should decouple from gs for some

species [Crafts-Brandner and Salvucci, 2002, Urban et al., 2017]. However, this mechanism

is not easily applicable to many if not all commonly used gas-exchange models relying on

empirical relationship between An and gs as explained in Appendix 3.2.1. Alternative stom-

atal conductance models with mechanistic understandings on stomata responses to humidity

and temperature could be useful for simulating field conditions where temperature fluctu-

ates more than humidity [Peak and Mott, 2011, Buckley and Mott, 2013]. In the meantime,

more attention should be paid to the current results of gas-exchange models under high

temperature which is especially critical when simulating climate change scenarios.

3.5 Conclusions

We compared how two stomatal conductance models, Ball-Berry (BB) and Medlyn (MED),

perform when coupled with the C4 photosynthesis model of von Caemmerer [2000]. Tra-

ditionally BB has been widely used in leaf gas-exchange modeling research. More recently

proposed MED approach is founded upon BB approach to provide physiological underpin-

nings of empirical parameters and considered as an alternative to BB. Our results confirmed

that the performance of two models were comparable in a wide range of environmental con-

ditions, yet could deviate substantially in low humidity conditions.

We further tested applicability of the model by replicating the behavior of transgenic

C4 leaves under moderate temperatures found in the literature. The coupled model, how-

ever, underestimated stomatal conductance in very high temperatures, presumably due to

an inherent limitation of the coupling approaches using Ball–Berry type models in which

photosynthesis and stomatal conductance are recursively linked as an input of the other.

We were able to reach this findings thanks to a novel modeling framework written in Julia
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Figure 3.14: Gas-exchange simulation results over a range of leaf temperature for wild type

(WT) and mutants (AR1, AR2) Flaveria bidentis leaves with Rubisco content reduced to

49% and 32% respectively to replicate Figure 1 of Kubien et al. [2003]. Variables and

parameters modified for this simulation are listed in Table 3.4. Other parameters remained

the same as listed in Table 3.2. Solid curves represent model estimation for each treatment.

Dots indicate data points digitized from the result of original experiment.

programming language used for model development and analysis [Cropbox.jl]. Our modeling

approach is extensible and can be a useful means for studying the ecophysiology of C4 plants

including staple and energy crops such as maize, sorghum, and switchgrass.
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Chapter 4

APPLICATION III: GARLIC MODEL

Abstract

A new crop model for garlic (Allium sativum) was built for yield estimation under diverse

environmental conditions. An existing process-based model was capable of simulating leaf

growth and development, but not validated for biomass allocation which is a critical com-

ponent for yield estimation. We used Cropbox framework to implement the new model for

taking advantage of declarative modeling language and unified interface for simulation. The

model was validated against three datasets with an emphasis on biomass measurements. For

model application, optimal planting date was assessed under future climate conditions to

review climate adaptation between two contrasting locations in South Korea, where one is

the current growing region (Gosan) and the other is an unfavorable region (Chuncheon) due

to cold winter. The model was able to simulate growth and development of a southern-type

cultivar (Namdo) with minimum adjustment in the parameters from previous model. Under

RCP (Representative Concentration Pathway) scenarios, an overall delay in optimal planting

date from a week to a month was expected in Gosan with a slight increase in potential yield

although yield difference between planting dates was smaller. Expansion of growing region

to northern area including Chuncheon was expected due to mild winter temperature in the

future which would allow growing Namdo cultivar in more regions. Optimal planting date in

the new region was predicted similar to the current growing region that favors early planting

in fall. Our process-based garlic model provides more mechanistic responses to environmen-

tal cues and thus allows simulation under unobserved climate conditions useful for climate

adaptation assessment.
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4.1 Introduction

Garlic (Allium sativum) is a historically important horticultural crop in many countries with

global production reaching 30.7 million tons in 2019 after 40% increase of production in the

last decade [FAO, 2020]. Physiology of garlic has been extensively studied with an emphasis

on characteristics as a bulbous crop where a clove of bulb is planted for growth and a newly

grown bulb is harvested for storage and the next round of planting [Takagi, 1989, Kamenet-

sky, 2007]. Some knowledge has been transferred to building crop models specifically targeted

for simulating garlic growth and estimating yield at harvest. An early attempt for building

a whole-plant garlic model was based on radiation-use efficiency (RUE) to obtain the total

amount of carbon assimilates [Rizzalli et al., 2002]. Similarly, an RUE-based general crop

model CropSyst was parameterized for garlic and used for simulating crop rotation between

garlic and wheat [Giménez et al., 2016]. Other studies focused on a certain aspect of garlic

growth and development. The crop coefficient (Kc) needed for calculating evapotranspira-

tion with Penman-Monteith equation was specifically determined for garlic [Villalobos et al.,

2004]. Photosynthesis and transpiration responses to various environmental conditions were

obtained for building a leaf-level gas-exchange model for garlic [Kim et al., 2013]. Photosyn-

thetic responses under elevated CO2 and nitrogen fertilization were further investigated for

building a robust model for future climate conditions [Nackley et al., 2016]. With a coupled

gas-exchange model parameterized for garlic, a process-based model for simulating leaf de-

velopment and growth of hardneck garlic was developed [Hsiao et al., 2019]. Phenology of

leaf initiation and appearance was individually tracked by taking account of multiple cues

including thermal time accumulation, bulb storage effect, and photoperiod. Individual leaf

elongation was translated and aggregated into leaf area expansion at canopy level which was

then divided into two layers of sunlit and shaded leaves for accounting assimilated carbon

based on the coupled gas-exchange model. However, carbon partitioning into plant organs

such as bulb was not validated and thus not used for yield estimation. Carbon partition-

ing is a crucial step in yield estimation modeling for horticultural crops in a sense that the
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final yield is a result of biomass partitioned into a certain organ, such as bulb, to be har-

vested [Marcelis et al., 1998]. The early garlic model used a set of multiple partitioning

coefficients dynamically varying with development stages of the plant [Rizzalli et al., 2002].

Yield estimation for garlic cultivars grown in each region has been crucial to manage

growing practices and maintain a stable supply in the market [Põldma et al., 2005, Lee

et al., 2011, Abdalla et al., 2011, Portela et al., 2012]. Regression models based on weather

data or satellite images were often used for yield estimation at a large scale with a minimum

set of historical input data [Choi and Baek, 2016, Gómez et al., 2021]. Although worldwide

garlic production has been steadily increased in the recent years, it is unclear if yield will be

stable in the current growing regions under future climate conditions. For estimating yield

under previously unobserved conditions, it is critical to develop a physiological understanding

of how garlic would respond to these environmental cues [Nackley et al., 2016]. Regional

climate changes may lead to changes in current farming practices and shifts in growing

regions to maintain or maximize the yield. Crop model is an important tool for supporting

such decisions by enabling simulations of plant growth under diverse climate adaptation

strategies [Rosenzweig et al., 2014, Holzkämper et al., 2015, Corbeels et al., 2018].

In this study, our primary objective was to build a garlic model suitable for yield esti-

mation under diverse environments including future climate conditions. A new model was

developed based on an existing process-based garlic model with an original emphasis on phe-

nology and extended with a focus on biomass accumulation and partitioning [Hsiao et al.,

2019]. The model was also improved to better reflect physiological responses to temperature

by taking account storage conditions of seed garlic bulbs and cold stress response in terms

of leaf-level growth and canopy-level mortality. We used Cropbox modeling framework for

reimplementation to take advantage of its declarative modeling language and unified inter-

face for coordinating a large batch of simulations with minimum configurations [Yun et al.,

2020]. For model testing, a new parameter set was specifically calibrated for Namdo cultivar

(Allium sativum ‘Namdo’) and validated with multiple datasets with biomass measurements.

For demonstrating yield estimation capability of the model, a climate adaptation strategy
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was assessed by model simulations for the same cultivar grown in two locations of South Ko-

rea. Namdo is a cultivar originally adapted to warm climate in southern region of Korea [Kim

et al., 2009]. However, the boundary of growth region between northern and southern types

of garlic has moved northward in the past decades due to warming climate [Heo et al., 2006].

Optimal planting dates for achieving maximum yield were discovered through model simula-

tion under current and future climate conditions in the two locations where one is an already

established region for growing southern-type garlic and the other has a potential to become

a new establishment in the future.

4.2 Materials and Methods

4.2.1 Garlic Model

The garlic growth model was extended from a process-based model for leaf development and

growth in hardneck garlic [Hsiao et al., 2019]. The original model was capable of simulat-

ing leaf area expansion at an individual leaf level and estimating carbon assimilated in a

canopy calculated by coupled gas-exchange, but assessing biomass allocated into a partic-

ular organ, i.e. bulb, was not a primary subject of the model at the time. For realistic

yield prediction under future scenarios, the model should be able to be reliable under diverse

environmental conditions [IPCC, 2014]. Model changes made for the experiments reported

in this paper include improved biomass allocation, a dynamically adjusted phyllochron, and

cold stress response. For the sake of technical convenience, model code originally written

in C++ was reimplemented with Cropbox modeling framework using Julia programming

language [Cropbox.jl]. The Cropbox framework allowed a streamlined model development

from model description in a concise declarative form, iterative parameter adjustments within

a notebook environment, and batch simulation of large sets of parameters and production of

figures included in this paper.
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Biomass Allocation

The total amount of carbon assimilation was calculated by a C3 photosynthesis model coupled

with a stomatal conductance model and energy balance model as described in the previous

paper [Hsiao et al., 2019]. Note that overall model structure including the gas-exchange

module was reorganized for taking advantage of domain-specific language provided by Crop-

box modeling framework [Yun et al., 2020]. The assimilated carbon accumulates and forms

a carbon pool (g) ready to be distributed to plant organs. A potential allocation rate of

available carbon (g d−1) is driven by carbon supply rate from the pool (g d−1) excluding

maintenance respiration (g d−1). After taking account of carbohydrate synthesis efficiency

(Yg), an actual allocation rate (g d−1) is determined and split into a set of allocation rates

for structural organs according to a partitioning table (Figure 4.1). The partitioning table

is a 2-dimensional array where each row represents a developmental stage and column rep-

resents a destination. Developmental stages span from seed, vegetative, bulb growth before

scape appearance, bulb growth after scape appearance, bulb growth after scape removal, and

death. Partitioning destinations include root, leaf, sheath, scape, and bulb. For each time

step of simulation, an actual allocation rate weighted by a partitioning coefficient found in

the table was used for biomass accumulation of each destination organ.

Dynamic Phyllochron

An interval between leaf appearance, phyllochron, is not necessarily static throughout plant

growth, but can dynamically change depending on the growth condition. However, maxi-

mum leaf tip appearance rate (LTARmax; d−1) in the original garlic model was determined

by thermal time based on storage duration between harvest and planting as well as stor-

age temperature for which seed garlic has been kept during this period. Once initialized,

LTARmax would remain the same until the end of simulation. This assumption was often held

when storage duration was close to an average duration where curve fitting was originally

done for. However, sometimes the leaf tip appearance rate stayed too high at the end of
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Figure 4.1: Partitioning coefficients for plant organs dynamically adjusted according to de-

velopment stage. V: vegetative stage; R1: reproductive stage between scape initiation and

appearance; R2: reproductive stage between scape appearance and removal; R3: reproduc-

tive stage after scape removal. R3 is not used if scape is not removed during simulation.

growing season when storage duration was longer than usual. The opposite would happen

when storage duration was too short. In other words, scape appearance in the reproductive

stage, which is driven by the same phyllochron assuming a scape would appear after passing

three phyllochrons, could become too sensitive to the initial value of LTARmax. To alleviate

this issue, LTARmax was adjusted to converge towards a half of the asymptote of maximum

leaf tip appearance rate parameter (LTARmax,a; d−1). After each leaf appearance, LTARmax

would linearly increase or decrease depending on the initial rate and the slope towards the

asymptote. Convergence is done when leaf rank k reaches generic leaf number Ng which was

set to 10 by default.
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r0 = LTARmax,s =
LTARmax,a

1 + e−k(SD−SDm)
(4.1)

r1 =
LTARmax,a

2
(4.2)

LTARmax = r0 + (r1 − r0)
k

Ng

(4.3)

Cold Stress

Two types of cold stress response commonly found with garlic plants grown in the field

during winter season were added to the model: cold injury and cold damage. Cold injury

represents impeded leaf growth under below normal air temperatures. Actual leaf elongation

rate (LER) is scaled down from potential leaf elongation rate (LERp) by cold injury effect

(E) which is a function of the number of cold days (D) the plant has experienced. We

assumed critical temperature where cold injury begins to appear at 0 C and had related

factors (a, b) fitted with a dataset obtained from a growth chamber experiment. Namdo

(ND) cultivar were planted and grown in pots under room temperature until the third leaf

emerged. Plants were then placed in a growth chamber subject to constant temperature of

0 °C, −5 °C, −10 °C and −15 °C, respectively. Each treatment had three replicates and leaf

area of the third leaf blade from survived plants was measured for eight days.

d =

1, T < Tc,i

−1, T ≥ Tc,i

(4.4)

D =
∑

d (4.5)

E = 1− log(a(T − Tc,i) + b)

e
1
D

(4.6)

LER = E · LERp (4.7)

Cold damage represents death of the plant under more extreme temperature, resulting

into a reduced plant density. Unlike cold injury where leaf growth slows down only under
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low temperature and recovers once temperature goes back up, cold damage leads to perma-

nent wilting from which the plant cannot recover. Mortality due to cold damage (M) is a

logistic curve fitted to the number of plants survived at the end of the experiment under cold

treatments.

M =
e−s(T−Tc,d)

1 + e−s(T−Tc,d)
(4.8)

S = 1−M (4.9)

PD = S · PD0 (4.10)

4.2.2 Parameter Calibration

A parameter set for Namdo (ND) cultivar was mostly based on existing parameter sets

calibrated for Korean Mountain (KM) and Shantung Purple (SP). Only a few parameters

were modified to reflect how ND grows in general compared to the other cultivars. Minimum

length of longest leaf (LLmin) was increased to 100 cm which was the largest value found in

our datasets. Maximum elongation rate (LERmax) was accordingly adjusted to 5.56 cm d−1

assuming full leaf expansion takes 18 days under optimal condition. Initial leaves at harvest

(ILN) was set to 6 as found in a dissected seed garlic bulb. Stay green (SG) was set to

1.5 d which was a value calibrated for SP cultivar. Storage temperature (SD) was assumed

constant 8 °C during entire storage period. Seed bulb was assumed harvested on June 30th

and storage duration (SD) was calculated accordingly. Note that it was our intention to

select parameters that allow overestimation of biomass and leaf area for tracking potential

growth while calibrating parameters to keep timing of phenology as close as possible to the

observation.

We validated our new parameter set for ND cultivar using three datasets. The first

dataset (D1) was collected from an experiment plot located at Agricultural Research Center

for Climate Change, Jeju, South Korea. ND cultivar was planted on October 8th, 2014 and

harvested on June 19th, 2015. Growth and development measurements, such as leaf count,
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leaf area, biomass for each part, were recorded from mid-vegetative stage until harvest. This

dataset was used for evaluating overall response of the ND parameter set we obtained above.

The second dataset (D2) was collected from a temperature gradient house located at the

same location in Jeju. Temperature gradient house is a glass house equipped with heaters on

the one side of wall that keeps a small, but constant gradient in continuous planting zones.

Five planting zones were set up with 2 °C to 3 °C of temperature difference kept from end

to end. ND cultivar was planted on October 7th, 2014 and harvested on May 17th, 2015.

Similar measurements to the first dataset were recorded from early vegetative stage until

harvest. This dataset was used for evaluating response of the model to modest temperature

changes in a similar way that the model would be subject under future climate conditions.

Scape was not removed in both datasets. The last third dataset (D3) was obtained from a

farm field located in Jeju, South Korea. ND cultivar was planted on September 9th, 2009

and harvested on June 18th, 2010. Types of recorded variables were the same as other

datasets. Scape was assumed to be removed shortly after its appearance out of the whorl.

Only the visible portion of scape was cut and measured for biomass. Hourly time-series of

weather data for each dataset were obtained from nearby Jeju station (184) operated by

Korean Meteorological Administration.

4.2.3 Future Climate Projections

For assessing garlic yield changes in future climate conditions, we specifically chose two

locations in South Korea (Figure 4.2). The first site was Gosan, Jeju located in a Southern

island with a humid subtropical climate off the Korean peninsula, which is in Zone 9b

in terms of USDA Hardiness Zones. Gosan is where Namdo (ND) cultivar is currently

grown in a large scale for commercial purpose where stakeholders are interested to see how

the cultivar would be performing and if any adjustments in growing practice such as if

planting date shifts would be required in the long term. The second site was Chuncheon,

Gangwon which is located in the middle of the Korean peninsula with a humid continental

climate with cold winter. Chuncheon is in Zone 6b according to USDA Hardiness Zones
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and the current climate is not favorable for growing a Southern cultivar such as Namdo

which has been historically more adapted to warm climate. However, it is not clear whether

future climate conditions could allow growing of new crops in a region previously not suited

for production. We assumed two RCP (Representative Concentration Pathway) scenarios,

RCP4.5 and RCP8.5, for future climate projections [IPCC, 2014]. Daily weather dataset for

the two locations under RCP4.5 and RCP8.5 scenarios were obtained from AgClimate data

portal [RDA] operated by Rural Development Administration in South Korea. Elevated CO2

concentrations for RCP scenarios were used accordingly for driving the integrated coupled

gas-exchange model. For comparison with current climate conditions of each location, we

also obtained 30-years normal weather data from 1980 to 2010 provided by the same data

portal. The daily weather dataset was then scaled down to hourly time-series by applying

an interpolation method specifically designed for different types of weather variables [Moon

et al., 2019]. Elevated CO2 levels for each year under future scenarios were obtained by linear

interpolation between CO2 abundance projection reported in the Climate System Scenario

Tables [IPCC, 2013].

For each location, multiple runs of simulation were executed with combinations of treat-

ments. In the case of future climate projections, 8 time windows from 2020s to 2090s with

10 years interval multiplied by 10 repetitions from different random seed and two RCP sce-

narios, RCP4.5 and RCP8.5, produced 160 weather datasets in total. Historical weather

was organized in a single time window referred to 1980s with 10 random repetitions, lead-

ing to 80 weather datasets. Planting date was adjusted from 240th to 350th DOY (day of

the year) with 10 days interval, requiring 12 runs for each weather condition. Immediate

scape removal after appearance was assumed. Harvest date was set fixed to be May 15th

considering practical harvest dates of ND cultivar grown in Jeju. Yield was based on fresh

biomass of bulb at the harvest date. In model simulation, fresh biomass was calculated with

85% moisture content in bulb. Optimal plating date was then determined by finding out a

planting date which gives maximum yield for a given year. For the sake of yield comparison

between planting dates, years were grouped into three time periods, namely 1980—2010s,
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Figure 4.2: Geographic locations of Gosan and Jeju in South Korea. Gosan is located in a

Southern island with a humid subtropical climate off the Korean peninsula. Chuncheon is

located in the middle of the peninsula with a humid continental climate with cold winter. A

color overlay represents average minimum temperature (°C) in January during past 30 years

from 1981 to 2010 provided by National Institute of Agricultural Sciences, South Korea.

According to USDA Hardiness Zones, Gosan is Zone 9b and Chuncheon is Zone 6b.

2020—2050s, and 2060—2090s.

4.3 Results

4.3.1 Model Validation

Dataset 1 (RICCA field)

Our parameter for ND cultivar was first evaluated with measurements from field grown garlic

in dataset D1. Green leaf area from the model exhibited consistent overestimation with an
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average RMSE (root mean square error) of 443 cm2 while keeping a similar trajectory of leaf

expansion and senescence pattern to the observation (Figure 4.3). The maximum green leaf

area was estimated to be 1429 cm2 on April 27th while the maximum value in the dataset

was 1150 cm2 observed on April 30th. The peak was reached in simulation shortly after scape

appeared on April 23rd during early vegetative growth.
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Figure 4.3: Comparison of model simulated green leaf area and observation from dataset D1

which was from field measurements and primarily used for evaluating new parameters.

Simulated biomass allocation to each part of plant structure, namely leaf, bulb, stalk,

and scape, was close to the observation with an average RMSE of 5.7 g, 2.6 g, 3.2 g and
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6.0 g, respectively (Figure 4.4). The maximum living leaf biomass from simulation was 9.9 g

reached on April 27th and the maximum observed value was the same 9.9 g on April 30th.

The maximum biomass of bulb from simulation was 23.7 g reached on June 14th while the

observed maximum was 26.0 g measured on June 4th which was the final date recorded in

the dataset. The maximum biomass of stalk, which consists of leaf sheath and scape, from

simulation was 16.0 g close to observed maximum of 15.9 g. However, the timing of peak was

shifted by about two weeks later on May 23rd compared to the observed May 7th. Since

leaf sheath withered away at the end of growth stage, the only remaining part of living stalk

would be scape which was the reason why a convergence between two values occurred in mid-

June. Simulated biomass of scape was consistently overestimated and reached its maximum

value of 14.2 g on June 20th while observed maximum was 9.5 g on June 4th. Note that the

slopes of biomass increase for simulation and observation were almost parallel to each other.

Leaf development phenology simulated by the model was in agreement with fresh leaf

count recorded in the dataset with an average RMSE of 1.9 leaves (Figure 4.5). According to

the model, leaf initiation was completed on March 22nd with the total number of 16 leaves

and the 16th leaf appeared on April 2nd. The final leaf was completely senesced and dropped

after about 2.5 months of growth on June 15th.

Dataset 2 (RICCA TCG)

Plants grown in higher temperature zone 1 had larger green leaf area of 1796 cm2 and reached

its peak earlier on April 18th when compared to plants grown in lower temperature zone 5

whose maximum green leaf area was estimated to be 1539 cm2 reached on May 4th (Fig-

ure 4.6). Simulation result was in agreement with observation recorded in dataset D2 in

which zone 1 had larger leaf area of 1176 ± 239 cm2 on April 17th, in contrast to zone 5

having smaller leaf area of 1124± 90 cm2 on the same date. After three weeks on May 9th,

the difference was flipped over where zone 1 had senesced faster to result in a smaller green

leaf area of 512±56 cm2 while zone 5 was still greener with 701±70 cm2. Mean temperature

recorded in dataset D2 for zone 1 was 15.5 °C and zone 5 was 12.6 °C.
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Figure 4.4: Biomass allocation to leaf, bulb, stalk, and visible portion of scape simulated

over time compared with measurements from dataset D1 which was from field measurements

and primarily used for evaluating new parameters.

Dataset 3 (JS)

Simulated biomass allocation compared with another independent dataset D3 came with an

average RMSE of 5.0 g, 8.1 g and 4.2 g for leaf, bulb, and stalk, respectively (Figure 4.7).

According to the dataset, scape was removed during reproductive stage, but an exact date

of removal was not recorded. We assumed scape removal took place as soon as a tip of the

scape became visible out of the whorl which occurred on May 1st by model estimation. The

scape biomass at the time of removal was 6.0 g. The maximum living leaf biomass from

simulation was 11.8 g reached on May 1st and the maximum observed value was 9.1 g on



136

Time

Nov Dec Jan 2015 Feb Mar Apr May Jun

Initiated
Appeared
Dropped
Total

0

2

4

6

8

10

12

14

16

Le
af

 c
ou
nt

Figure 4.5: Simulated leaf development phenology compared with fresh leaf count recorded

in dataset D1 which was from field measurements and primarily used for evaluating new

parameters.

April 28th. The maximum bulb biomass from simulation was 39.0 g reached on June 22nd

while the observed maximum was 28.7 g measured on May 26th. The maximum biomass

of stalk from simulation was 15.3 g on May 1st when scape just appeared and subsequently

removed. The maximum stalk biomass recorded in the dataset was 12.3 g observed on April

28th. Once scape was removed and no longer a part of stalk composition, stalk biomass

gradually decreased as the mature sheath stopped growing and started senescence.
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Figure 4.6: Comparison of model simulated green leaf area and observation for two tempera-

ture zones (Zone 1: high, Zone 5: low) recorded in dataset D2 from a temperature-controlled

glass house.

4.3.2 Yield Projection

Gosan

In the current climate condition, fresh yield on ND cultivar in Gosan, Jeju was estimated to

be maximum at an average of 6.8 kgm−2 with standard deviation of 0.8 kgm−2 when planted

in late August (240 DOY) which was closely followed by early September planting (260 DOY)

with an average of 6.7±0.7 kgm−2 (Figure 4.8). A similar level of high yield was maintained
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Figure 4.7: Biomass allocation to leaf, bulb, stalk, and visible portion of scape simulated

over time compared with measurements from dataset D3 which was from field measurements

with scape removal.

until late September then yield gradually decreased with later planting dates. The difference

between maximum yield from early planting date and minimum yield from later planting date

was 3.7 kgm−2. In the near future from 2020s to 2050s, a similar pattern was observed that

high yield was achieved with early planting in September. An overall yield was increased to

7.5±0.8 kgm−2 under RCP4.5 and 7.6±0.8 kgm−2 under RCP8.5 scenario when compared to

the current climate. There was no clear difference between RCP4.5 and RCP8.5 scenarios in

terms of estimated yield for a given planting date. In the distant future from 2060s to 2090s,

RCP4.5 scenario still maintained a similar pattern where high yield was achieved in early

planting dates, but then the range of potential high yield was expanded to later planting
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dates. For example, planting dates from late August (240 DOY) to mid-October (290 DOY)

all resulted in an average yield closely ranged from 7.6 kgm−2 to 7.7 kgm−2. The difference

between maximum and minimum yield estimated in the range of planting dates was reduced

to 3.0 kgm−2. Under RCP8.5 scenario, the yield curve was more flattened that the difference

was only 1.8 kgm−2 between all planting dates. The maximum yield was 8.3± 0.6 kgm−2 in

early-October (280 DOY).
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Figure 4.8: Yield estimation within a range of planting dates under current and future climate

projection in Gosan, Jeju which is a region grows ND cultivar at commercial scale. Current

scenario indicates simulation results with 30-years normal weather data from 1980—2010.

Shades represent a range of ±1 standard deviation from mean fresh yield.

When optimal plating dates were assessed from current to future climate conditions by

10 year intervals, a clear trend of shifting towards later planting date was found in the future

projection although its strength varied depending on scenarios (Figure 4.9). Both scenarios

began with optimal planting date in early to mid-September then showed a strong divergence

at the end of the century that the optimal planting date surfaced from late September to early

October under RCP4.5 scenario, while mid-November became a possibility under RCP8.5
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scenario.
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Figure 4.9: Optimal planting dates estimated for each year under current and future climate

projections in Gosan and Chuncheon. Year 2010 indicates simulation results with 30-years

normal weather data from 1980—2010 representing current climate. For RCP scenarios,

each year indicates 10-year average, e.g., 2090 refers to 2090—2100. Error bar and shades

represent a range of ±1 standard deviation from mean optimal planting date.

Chuncheon

In the current climate condition, yield of ND cultivar in Chuncheon, Gangwon was estimated

close to nil with a maximum yield 0.06 ± 0.05 kgm−2 due to impeded leaf growth and in-

creased mortality from cold winter temperature during early vegetative growth (Figure 4.10).

However, under future projections, yield became more viable thanks to warmer climate. In

the near future from 2020s to 2050s, maximum estimated yield was 1.5 ± 0.7 kgm−2 under

RCP4.5 and 1.3 ± 0.9 kgm−2 under RCP8.5 scenario when both planted in early Septem-

ber (250 DOY). In the distant future from 2060s to 2090s, more yield was achievable with

2.5 ± 0.8 kgm−2 under RCP4.5 and 4.3 ± 1.1 kgm−2 under RCP8.5 scenario with early to
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mid-September plating dates, 250 DOY and 240 DOY, respectively. The difference between

maximum and minimum yield estimated in the range of planting dates was 0.6 kgm−2 in

early period and 1.0 kgm−2 in late period under RCP4.5 scenario. RCP8.5 scenario initially

had a similar range of estimated yield over multiple planting dates with 0.5 kgm−2 in early

period, but then showed much higher variance of 1.7 kgm−2 in late period.
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Figure 4.10: Yield estimation within a range of planting dates under current and future

climate projection in Chuncheon, Gangwon where current climate is not favorable for growing

ND cultivar. Current scenario indicates simulation results with 30-years normal weather data

from 1980—2010. Shades represent a range of ±1 standard deviation from mean fresh yield.

In terms of optimal planting dates for each period, planting in around early September

consistently turned out to work best regardless of climate scenarios and estimated yield

gradually declined with later planting dates in all scenarios (Figure 4.9).
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4.4 Discussion

4.4.1 Model Validation

Parameter Calibration

Our parameter set for ND cultivar was mostly derived from existing parameters for Korean

Mountain (KM) and Shantung Purple (SP) with small changes. The final parameter set used

in our simulation turned out to be similar to one calibrated for SP cultivar. It would not be

unexpected given that ND was originated from a Chinese cultivar and hence there is a chance

SP might be also related with this original cultivar due to geographical proximity [Kim et al.,

2009].

Overestimation

Simulation with the calibrated parameter set often resulted in overestimation in a sense that

model output tends to touch upper boundaries of observed data points (Figure 4.3,4.4,4.6,4.7).

We consider it reasonable since our model estimates yield potential for a given environmental

condition with assuming no limiting factors such as water and nutrient. Some types of over-

estimation also presumably came from difference between physical measuring methods and

modeled algorithms. For example, green leaf area recorded in the dataset was measured by

taking only non-withered leaves at the time of observation which is prone to lose leaves with

some green parts intact. On the other hand, green leaf area from the model was calculated

for individual leaves at a fractional scale by tracking current green portion of the leaf for each

time step. These difference could have been one of the reasons leading to overestimation in

leaf area simulation (Figure 4.3,4.6).

Temperature Regimes

Evaluation of model response under slightly separate temperature regimes as conducted in

temperature gradient house provided an insight how elevated air temperature under RCP
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scenarios would affect plant growth (Figure 4.6). In short, plant will grow larger and faster

and die earlier in warmer conditions. An average of 3 °C difference in temperature led to more

than two weeks of shift in growth peak and 15% change in total green leaf area. Subsequent

changes in senescence timing would imply a need for finding out optimal harvest dates which

we assumed as a rather constant management decision in our simulation.

Storage Condition

Storage duration (SD) affects maximum leaf tip appearance rate (LTARmax) via the dynamic

phyllochron model (Equation 4.1,4.2,4.3). Storage temperature (ST) along with storage

duration then decides number of leaves initiated inside a seed bulb at the time of planting.

Despite their importance on phenology, there often exits no record on when seed bulbs

were harvested and in which condition they were stored until the date of planting. With

controlled experiments on storage condition, we could have better understanding on how

leaves are initiated during storage period and whether more sophisticated approaches like a

dynamic plastochron would be necessary.

Other Environmental Cues

While our assessment for yield projection under future condition was primarily driven by

model response to temperature regimes, there is still room for considering other environ-

mental cues. For instance, we did not have a separate vernalization process in the model,

but assumed winter chilling was always at an adequate level for triggering continuous de-

velopment in the following warm spring. While it worked reasonable well in most cases,

some processes like mortality from cold stress could capitalize on this additional cue to make

dormant plants less vulnerable to cold damage, for instance. Soil water availability would

be another important cue in terms of assessing irrigation requirement under future climate

conditions given that garlic plots are often irrigated to prevent water deficiency during re-

productive stage.



144

4.4.2 Yield Projection

Gosan

Jeju, including Gosan, is a region where southern-type garlic cultivars like Namdo (ND)

has been grown at commercial scale thanks to warm climate. Northern regions in Korean

peninsula often have colder winter which prevents growing southern-type cultivars. Growers

instead choose northern-type cultivars for cold hardiness. As southern cultivars have advan-

tage of higher yield and shorter growing season, whether they could be adapted to northern

regions has been an important question to many growers and stakeholders. According to

our simulation results using a process-based model, ND cultivar would continue growing

well with a slightly higher yield (Figure 4.8). The optimal planting date in early September

estimated for the current climate condition was indeed close to the current practice held in

Jeju. This practice is, however, expected to be delayed in the near future if growers keep

trying to maximize yield under both climate scenarios (Figure 4.9). The amount of planting

date delay depends on the scenarios and the model estimated that RCP4.5 scenario could

see a shift less than a month while RCP8.5 scenario could potentially result in two months of

late planting. Note that although optimal planting dates were seemingly changed drastically,

yield estimation curve versus planting date was actually getting more flattened and the dif-

ference between maximum and minimum yield became smaller in warmer climate conditions.

Such changes imply that growers would have more options to choose planting date better

suits their own needs. For example, October planting in the future would still promise a

yield level close to potential maximum while taking a relatively shorter growing season to

help reducing overall cost of labor and resources. High yield does not necessarily lead to

high profitability when longer growing season increases overall water demand entailed by

higher irrigation cost for compensation [Lobell, 2014]. Looking further in distant future, it

was more clear to expect a shift in optimal planting to later dates although yield difference

to earlier planting dates was not significant.
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Chuncheon

Chuncheon is located in the middle of Korean peninsula and its continental climate frequently

experiences below freezing temperature during winter season. Hence only northern-type

cultivar adapted to cold climate have been grown in this region. Our simulation results

confirmed expected yield for the current climate was almost non-existent as most plants

subject to mortality (M) could not survive after episodes of extreme cold. By contrast,

future climate conditions were projected to become more favorable in both scenarios so that

expecting some tangible yields would be at least feasible (Figure 4.10). Generally early

planting dates were favored in terms of optimal yield as similar in the current growing region

like Jeju (Figure 4.9). Although the level of estimated yield was still lower when compared

to the yield currently obtainable in other established regions, growers may be able to take

advantage of this new opportunity for expanding crop portfolio during winter season.

4.4.3 Climate Adaptation

It is important to tease apart an effect of adaptation introduced by planting date shift in

the future from an impact of planting date shift in the current condition [Lobell, 2014,

Challinor et al., 2018]. According to the result from Gosan, planting date shift in established

growing region has little effect on adaptation as evidenced by a similar or smaller range

between maximum and minimum yield when comparing current and future climate scenarios

(Figure 4.8). Higher estimated yield was a result of increased productivity under more

favorable condition primarily due to higher temperature and elevated CO2, but not from

potential phenological changes occurred by planting date shift. In non-established regions

like Chuncheon, however, an effect of adaptation increased virtually from zero to a substantial

amount when transitioning to new climate condition as evidenced by a rising slope of yield

estimation curve (Figure 4.10). In other words, the importance of planting date as a climate

adaptation strategy depends on how crops are adapted to the local condition.

Underlying uncertainties of crop models often hinder model driven assessment of climate
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change adaptation [Rosenzweig et al., 2014, Holzkämper et al., 2015, Corbeels et al., 2018].

We adopted a process-based model with coupled gas-exchange to minimize uncertainties in

physiological responses to temperature and CO2, but there still remain many processes that

can use improvements. For instance, water stress response was solely dependent on leaf

water potential disconnected with soil water status albeit a less practical implication when

garlic plants are generally irrigated to meet high water demand during reproductive stage.

Nitrogen response is another important factor that the model currently does not take into

account and instead assume non-limiting due to extensive use of fertilizers in practice, but

will be critical for assessing an exact cost of production in finding optimal yield.



147

BIBLIOGRAPHY

Mohamed M A Abdalla, M H Aboul-Nasr, and A K Metwaly. Growth and yield of
fifteen garlic ecotypes. Assiut Journal of Agricultural Sciences, 36(5):52–65, 2011.

Andrew J. Challinor, Christoph Müller, Senthold Asseng, Chetan Deva, Kathryn Jane
Nicklin, Daniel Wallach, Eline Vanuytrecht, Stephen Whitfield, Julian Ramirez-Villegas,
and Ann-Kristin Koehler. Improving the use of crop models for risk assessment and
climate change adaptation. Agricultural Systems, 159:296–306, 2018.

Sungchun Choi and Jangsun Baek. Garlic yields estimation using climate data. Journal
of the Korean Data and Information Science Society, 27(4):969–977, 2016.

Marc Corbeels, David Berre, Leonard Rusinamhodzi, and Santiago Lopez-Ridaura. Can
we use crop modelling for identifying climate change adaptation options? Agricultural
and Forest Meteorology, 256:46–52, 2018.

Cropbox.jl. https://github.com/cropbox/Cropbox.jl.

FAO. FAOSTAT, 2020. URL http://www.fao.org/faostat/.

C. Giménez, C.O. Stöckle, E.M. Suárez-Rey, and M. Gallardo. Crop yields and n losses
tradeoffs in a garlic–wheat rotation in southern spain. European Journal of Agronomy,
73:160–169, 2016.

Diego Gómez, Pablo Salvador, Julia Sanz, and José Luis Casanova. Regional estima-
tion of garlic yield using crop, satellite and climate data in mexico. Computers and
Electronics in Agriculture, 181:105943, 2021.

Inhye Heo, Won-Tae Kwon, Youngmoon Chun, and Seungho Lee. The impact of tem-
perature rising on the distribution of plant-in case of bamboos and garlics. Journal of
Environmental Impact Assessment, 15(1):67–78, 2006.

A. Holzkämper, P. Calanca, M. Honti, and J. Fuhrer. Projecting climate change impacts
on grain maize based on three different crop model approaches. Agricultural and Forest
Meteorology, 214:219–230, 2015.

https://github.com/cropbox/Cropbox.jl
http://www.fao.org/faostat/


148

Jennifer Hsiao, Kyungdahm Yun, Kyung Hwan Moon, and Soo-Hyung Kim. A process-
based model for leaf development and growth in hardneck garlic (Allium sativum).
Annals of Botany, 124(7):1143–1160, 2019.

IPCC. Climate change 2013: The physical science basis. contribution of working group
i to the fifth assessment report of the intergovernmental panel on climate change. Tech-
nical report, 2013.

IPCC. Climate change 2014: Synthesis report. contribution of working groups i, ii
and iii to the fifth assessment report of the intergovernmental panel on climate change.
Technical report, 2014.

Rina Kamenetsky. Garlic: Botany and Horticulture, chapter 2, pages 123–172. John
Wiley & Sons, Ltd, 2007.

Chun-Hwan Kim, Ki-Cheol Seong, Jin-Soo Lee, Kyung-Hee Kang, Yeong-Cheol Um,
and Hyo-Duk Suh. Production of seed garlic by sawing bulbils of southern type garlic
in jeju island. Protected Horticulture and Plant Factory, 18(1):74–80, 2009.

Soo-Hyung Kim, Jig Han Jeong, and Lloyd L Nackley. Photosynthetic and transpira-
tion responses to light, CO2, temperature, and leaf senescence in garlic: Analysis and
modeling. Journal of the American Society for Horticultural Science, 138(2):149–156,
2013.

Ji-Wan Lee, Geun-Ae Park, Hyung-Kyung Joh, Kyo-Ho Lee, Sang-Il Na, Jong-Hwa
Park, and Seong-Joon Kim. Analysis of relationship between vegetation indices and
crop yield using kompsat (koreamulti-purpose satellite)-2 imagery and field investigation
data. Journal of The Korean Society of Agricultural Engineers, 53(3):75–82, 2011.

David B. Lobell. Climate change adaptation in crop production: Beware of illusions.
Global Food Security, 3(2):72–76, 2014.

L.F.M Marcelis, E Heuvelink, and J Goudriaan. Modelling biomass production and
yield of horticultural crops: a review. Scientia Horticulturae, 74(1):83–111, 1998.

KH Moon, HH Seo, M Shin, EY Song, and S Oh. Generation of hourly weather data
using daily data. In Proceedings of The Korean Society of Agricultural and Forest Me-
teorology Conference, pages 195–196, 2019.

Lloyd L Nackley, Jig Han Jeong, Lorence R Oki, and Soo-Hyung Kim. Photosynthetic
acclimation, biomass allocation, and water use efficiency of garlic in response to car-
bon dioxide enrichment and nitrogen fertilization. Journal of the American Society for
Horticultural Science, 141(4):373–380, 2016.



149

P Põldma, A Merivee, A Pae, and K Justus. Influence of planting time on the devel-
opment, yield and quality of garlic (Allium sativum l.) in estonia. Acta Horticulturae,
(688):333–338, 2005.

José Antonio Portela, B Sidoti, G Reybet, C Bellaccomo, and R Astorquizaga. Yield
stability of ten garlic (Allium sativum) clonal cultivars in northern patagonia, argentina.
In VI International Symposium on Edible Alliaceae 969, pages 107–112, 2012.

RDA. AgClimate data portal. URL https://agclimate.epinet.kr.

R.H. Rizzalli, F.J. Villalobos, and F. Orgaz. Radiation interception, radiation-use effi-
ciency and dry matter partitioning in garlic (Allium sativum l.). European Journal of
Agronomy, 18(1-2):33–43, 2002.

Cynthia Rosenzweig, Joshua Elliott, Delphine Deryng, Alex C. Ruane, Christoph
Müller, Almut Arneth, Kenneth J. Boote, Christian Folberth, Michael Glotter, Nikolay
Khabarov, Kathleen Neumann, Franziska Piontek, Thomas A. M. Pugh, Erwin Schmid,
Elke Stehfest, Hong Yang, and James W. Jones. Assessing agricultural risks of climate
change in the 21st century in a global gridded crop model intercomparison. Proceedings
of the National Academy of Sciences, 111(9):3268–3273, 2014.

Hideaki Takagi. Onions and allied crops, volume 3, chapter Garlic Allium sativum L.,
pages 109–157. CRC Press, 1989.

F.J Villalobos, L Testi, R Rizzalli, and F Orgaz. Evapotranspiration and crop coeffi-
cients of irrigated garlic (Allium sativum l.) in a semi-arid climate. Agricultural Water
Management, 64(3):233–249, 2004.

Kyungdahm Yun, Dennis Timlin, and Soo-Hyung Kim. Coupled gas-exchange model
for c4 leaves comparing stomatal conductance models. Plants, 9(10):1358, 2020.

https://agclimate.epinet.kr

	List of Figures
	List of Tables
	Declarative Modeling Framework
	Introduction
	Design
	Applications
	Conclusions

	Bibliography
	Application I: Phenology Model
	Introduction
	Materials and Methods
	Results
	Discussion
	Conclusions

	Bibliography
	Application II: Coupled Gas-Exchange Model
	Introduction
	Materials and Methods
	Results
	Discussion
	Conclusions

	Bibliography
	Application III: Garlic Model
	Introduction
	Materials and Methods
	Results
	Discussion

	Bibliography

