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Simulation of Biological Processes

fames W. fones and fo"P C LuYten

University of Florida' Cainesvil le' Florida

I. INTRODUCTION

Biological systems are made up of interacting chemical and physical

processes. Livrng systems u'"'to^poted of many subsysten-r's and

i;;,;;;,;;.".fr having its own unique characterisrics and behavior

while contributing to thi overall form and function of an entire sys-

tem. These systems are higtrly complex; many components interact

,i^.rtiu.,"o.,sty, utta tlieir inteiactions are highly nonlincar-or draotic

in nature. These interactions and nonlinearities must bc taken into

account when attemPts are made to understand or predict system

behavior. our underStanding of these interactions is incomplete and

ri"" g"ia"d only Uy empirlcal evidence. of overall system behavior

i"ti""E .f 
"^piti.j 

data on Process:s that lead to overall system

behavior. Because of these complexities' the classical mathematical

methods used to study nonliving physical or chemical systeurs have

been inadequate for livittg systems'

Simulation based on"quantitative models of biological Processes

andt l re i r in teract ionscanprovidecorrs iderable i r rs ight in tothebe-
havior of living systems u"d i"to ways of managing these systems to

u.fJ"rr" spe.i-fii goals. During the lasl several decades' computer sim-
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ulation has proved to be a powerfrrl tool in basic and applied biolog-
ical sciences- The ir-rcredible grorvth and acceptance of personal com-
puters cluring this same time period has made it possible for
simulation to become an integral part of biological research in many
basic and applied fields. l'he purpose of this chaptcr is to present an
introduction to the concepts and techniques used in the simulatiolr
of a6gicultural and biological systems with a few examples tl-rat dem-
onstrate the approach.

Because of our own interest and experience in the sirnulation of

agricultural production systems (particularly crop systems), we focus
on the simulation of crop systems in this chapter and include ex-

amples related to plants, soil, and insects. Additional material on crop

simulation can be found in a number of references, including ltrorn-

ley and fohnson (1990), Leffelaar (1.993), Penning de Vries et al. (1989),

and Goudriaan and van [,aar (1994). The concepts and methodology
could have been presented equally well with examples on anirnal,
disease, or other biological systems (e.g., see Curry and Feldman,
1987; Keen and Spain, 199O; France and Thornley, 79M; Odum, 1973,
and Dent and Bla&ie,1979).

I I .  TERMINOTOCY

A. System

A system is a collection of components and their ilrterrelationships
that have been lgouped together for the purpose of studying sorne
part of the real world- The selection of the components to include in

a system depends on the objectives of the study and actually repre-

sents our simplified view of reality. Systems can be described as col-

lections of mutually interacting objects that are affected by outside
forces (Pritsker, 1D5; Rabbinge et al., 1994). For example, t;ryical crop
rnodels define the crop and soil root zone as components that interact
in complex ways and are also affected by weather conditions and
management practices. Other models may define a leaf or a cell as
the system for which models are to be developed-

One of the complicating features of biological systems is that
they are hierarchically organized and can be studied at a ntrmber of

levels. Figrrre 1 shows hierarchical levels for crop systems. At differ-
ent hierarchical levels, models and simulation analysis are being per-
formed by scientistE engineers, and economists. Note the parallel be-
tween research and models at each of these levels- The fundamental

goals and objectives of a rnodel should guide one to determine which
hierarchical level to use.
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Flcunr 1 l{ierarchy of models uscd in agriculture.

B. Environment and System Boundary

To coruider the scope of a system, one must prescritrc its boundaries
and its contents. The environment of a system indudes everything
except the components of the system. A system boundary is an aL>-
straction of the limits of the system components, separating then'r
from the environment. The boundary may be physical; however, it is
better to think of it in terms of cause and effect. The envimnment
may affect the system in a number of ways, but.the system does not
affect the environment. For example, there may be a flow of mass
and energy from the environment to the system that affects the sys-
tem's behavior- The model of the systern must take into account how
these flows affect the changes in system components- In contrast, tl're

environment is not affected by the system, and the environment does
not have to be modeled. For example, in a crop model, the crop is
affected by the temperature and radiation of the environment but
does not itseU influence these environmental conditions. Of course,
crop processes do affect the microdirnate an4 in a very small way,
other meteorological conditions, but these are usually assumed to be

negligible for a ntrmtrer of purposes.
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C- Model

A model is defined as a matl'rematical representation of a system, and

modeling is the process of developing that representation- Concep-

tually, tl're prcrcess of developing a model of a system is different from

and a prerequisite to computer simulation-

D- Computer Simulation

Computer si-u:rulation includes the processes necessary for opreration-

alizing or solving a model to mirnic real system behavior- Developing

computer logic and flow diagrams, writing the computer code, and

irnplementing the code on a computer to produce desired outputs are

necessary tasks in the sirnulation process- In practice, modeling and

computer simulation are usually interrelated- One should have in

mind techniqrres for irnplementing the mathematical rnodel as it is

t eit g conceptuali.ed and developed. Some authors define sirnulation

to indude the modeling Process (Pritsker, 1995)- In this chapter, "sirn-

ulation of biological systems" refers to the overall procedures out-

lined below, induding mathematical model development and com-

puter sirnulation to prodtrce numerical model results for analysis-

E. Inputs and OutPuts

Inputs to the system are factors in the environment that influence the

behavior of the system but are not influenced by the system- Inputs

are also referred to as exogenous variables, driving variables, or forr-

ing functions. Inputs may vary with time, and numerical values for

inputs are needed for all values of time for which the model is to be

simulated by prescribed values, tables, or equations. Rainfa[ tem-

perature, and Iight are examples of inputs to crop systems. These

environmental variables affect the soil water and crop growth d;mam-

ics in a field but are not themselves affected by the crop system. The

droice of components and inputs for various models may differ de-

p'ending on model objectives and the availability of data. For exam-

ple, il one chooses to continuously monitor soil water conditions, then

soil water could be an input to a crop model having no soil comPo-

nent. However, soil components are usually added because of the

difficulty in monitoring soil water at any site where one wishes to

apply the model. This is in contrast to the relative ease with which

.u.infuU can be monitored and used as input to a crop model with a

soil component-
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Outp,rrts from the system represent the characterishc behavior of

the system that is of interest to the mocleler- For example, outputs
from a crop system model would include biomass of the crop and

water content of the soi.l cornponent.

F. Parameters and Constants

Parameters and constants are characteristics of the components of the
model that are constant throughout simulated tirne. Usually, con-
stants are quantities with reliable and accurate values that remain tl're
same when experimental conditions are varied or when the model is
applied to different genotypes or organisms (France and Thornley,
1984)- Examples of constants are the molecular weight of glucose, the
gravitational constant, and the number of seconds in a day- Param-
eters, on the other hand, are quantities whose values are less certain
btrt are assumed to be the same tluoughout a simulation- For exam-
ple, parameters may define the functional response of photosynthesis
to light, the resistance to soil water flow, respiration loss for tisstre
slmthesis, and the number of degree-days from crop enrergence to
flowering.

G. State Variables

State variables are quantities that describe the conditions of systen'r
components. These state variables change with time in d;rnamic mod-
els as system components interact with each other and with the en-
vironment- For example, soil water content and crop biomass are two
state variables that change with time in most crop models. A model
may have one state variable or it may have many to describe the
various characteristics of a system that change with time. State vari-
ables are of critical importancc because these are the dynarnic char-
acteristics of the crop or other system that are of interest to re-
searchers.

ll. Process Models

The interrelationships between components in a system, and there-
fore between state variables in the system, exist because of various

Processes. We sometimes use the term "process-oriented" to describe
models that describe the flow and storage of mass, energy, or other
substances. For example, the crop biomass state variable changes as
a result of photosynthesis and respiration processes, and the soil wa-
ter state variable changes as a result of rainfall, runoff, percolation,

2 3
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and evapotranspiration prcrcesses. A crop rnoclel is the set of rnatlre-
matical relationsl-rips that clescribe the changes in state variables as a
result of the variotrs processes that occur.

Continuous nrodels are charactenzedby state variables that can
change smoothly over small tirne intervals and are not restricted to
irrteger values- Discrete models, on the other hand, are those in which
the variables describing the system states take on integer values_ Crop
models are usrrally classi,fied as continuous models, An example of a
discrete biological model is one that predicts the birth and death of
individual insects. The number of insects alive at any point in tirne
is a whole number- Discrete models usually require information on
the times required to complete activities, such as the time required
for an insect egg to hatch. In contrast, continuous models require
information on processes such as the flow rate of material or energy
between components and between comllonents and the environment,

Continuous models are usually represented by a set of differ-
cntial or difference equations derived from the structure of the systern
and the interrelationships among components- Some systems can be
modeled as either continuous or discrete, depending on the purpose
of the model. For example, the fate (bitth, death) of inclividual insects
may tre viewed as a series of discrete events. The poptrlation number
at any tirne would be a count of the total number of individuals, each
considered separately. Obviously, if the population is large, a lot of
computer time is required to keep up with each insect. One may also
view the insect population density (number of insects per unit area)
as a continuous state variable for large numbers and when population
processes (births, deaths) occur smooth-ly over time, and thus use
differential equations to model their dynamics.

l. Verification

Verification involves the evaluation of the accurary with which the
computer code represents the mathematical model and the program-
rner's intentions. Verification also involves the careflrl che&ing of
mathematical manipulations, rrnits and their conversions, and pro-
gramming logic and code to ensure that neither the mathematical
model nor its translation into one or more computer programs has
errors in it.

l . Calibration

Calibration consists of making adjustments to model parameters to

give the best fit between sirnulated results and results obtained fronr
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measurernents on the real system. In other worcls, caljbration involves
adjusling certairr model parameters by systematically comparing sirrr,
ulated results n'ith observations of state variables. Model stmctrrre
remains tl're same, and parameters are adjusted to more closely de-
scribe observed behavior- For exarnple, suppose that partitioning of
new crop growth to leaves varies with varicly, all else being equal
An experin'rent cou-ld be conducted in which the total crop and leaf
dry matter are nleasured and a leaf partitioning parameter estin-rated
for each variety by fitting simulated results to matclr observed data,
Calibration should be conducted only within the confines of a given
data set. In many cases, calibration is the only practical way to esti-
mate some parameter values that are used in biological models.

K. Validation

Validation is the process of comparing simulated restrlts to real sys-
tem data not previously used in any calibration or parameter esti-
rnation process. The purpese of validation is to detennine if the
model is sufficiently accurate for its application as defined by objec-
tives of the simulation study. Sirnulated state variables are compared
with measured values of state variables. UsuaUy, in crop simulation
studies only a few state variables out of many possibilities are mea-
sured, and tlrus a complete con'rparison is usually not possible- VaI,
idation involves subjective judgment. First, the areas for comparison
must be selected, Then a measure of "accurary" or "doseness of fit"
urust be established, slrch as the final crop yield. the choice of criteria
and important state variables for comparison should be based on
model objectives. Validation efforts are essential in the application of
crop models.

III. SIMULATION APPROACH

Simulation involves the development of a model and its use in gain-
ing insight about the system itself or its management. The sin'rulation
approach usually entails the rrse of a number of steps, which are
summarized below Following this summary techniques for biologi-
cal model development and implementation are presented along with
an example of a simpli,fied crop model.

A. Statement of Obiectives

A clear statement of the reasons for undertaking the sin'rulation study
is essential. AII remaining steps in the sinrulation study depend on

25
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t l i is init ial step. The problem to be ac-ldressed and tlre information to
be derived from the model should be explicit ly identif iecl. Although
this is one of the most critical steps in a simulation project, it is often
overlooked or is not clearly communicated- As a part of the stalement
of objectives, there should be a clear definition of the intended encl
product and the intended users of the models that will be developed
within a project. Without such dcrumentation, project goals may re-
main poorly clefined and reduce the effectiveness of contributors to
the projcct- This step is not as easy as it may seem. The objective of
the simulation effort should be used to determine the level of detail
needcd in the modef the lrpe of experiment that is needed, the t;rpe
of data that should be collc'cted, and every other step that follows.

Broadly spreaking, there are two fundamcntal objectives for bi-
ological sirnulation models. First, scientists may wish to obtain a bet-
ter rrnderstanding of the behavior of a systenr, the interactions that
occut and cause-and-effect relationships in a system. Thus, simula-
tion of biological systenrs can help evaluate one's understanding by
testing hypotheses about its behavio4. using models and well-defined
experiments @oote et al., 1996; SincIaL 1990; Monteith, 199O; Goud-
riaan and Monteitlu 1990; Goudriaan" 1988)- For example, a scientist
may be interested in developing a quantitative model of crop canopy
photosynthesis under varying temperature and carbon dioxide con-
ditions to gain insight into possible oop responses to changing di-
matic conditions. A model would serve as the scientist's hypothesis
concerning crop process and overall response, and experirnents
would be designed specificaUy for determining the adequary or in-
adequacy of the hypothesis- The end result of such a study could be
a model with improved capabilities for prediction, or it could lead to
a new resea-rch when a model and current hypotheses are shown to
be inadequate, This fundamental objective for modeling could be re*
ferred to as a scientific goal since the major expected result is an
increase in knowledge.

The second fundamental objective is more problem-oriented or
applied and could be referred to as an engineering goal. In this case,
the major goa-l relates to better prediction of system behavior for use
in impmving contnrl or management of a system. For example, a
research team may wish to develop a model for use in a computerized
irrigation system controller or to be used by water resource policy
board members to help them decide how to allocate water during
periods of drought. The end result of this type of prored is a software
product or combination hardware and software product designed for
a specific application.
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It can be arg.red that scientific models can also be applied and
lhat there is really no distinction betrveen these t-rvo goals. Howevc;
for problem-oriented or engineering objectives, it is higliiy important
that the model predict the system behavior with an acceptable level
of accurary. The type of model is not irnportant as long as it is reliable
and prrforms as needed. ln contrast, scientific rnodels nray not pre-
djct the system's behavior well at all, but the study itself could be
very valuable. It could demonstrate where knowledge is inadequate
and where additional research is needed. In this case, tlre form of the
model is in-rportant; it should be stnrctured to represent cturent sci-
entific understanding of the processes and used to help design ex-
perin'rents and data collection methods for testing the trnderstanding.
Both scientific and engineering objectives are relevant. General ar-
g.rments about which is the most appropriate approadr serye no use-
ful purpose- AppUed models of biological systems evolve as under-
standing is improved; scientific modeling is a highly e{fective mt-thod
for helping researchers improve their understanding of biological
systems.

One can think of biological simulation efforts as being "product-
oriented-" The end product may be increased knowledge and an inr-
proved understanding of crop bchavior, or the end procluct may be
a tool that is designed for application to specific problerns. This char-
acterization of objectives sets the stage for all activities in a simulation
project.

B. Definit ion of the System

Tl-re components to be induded in the study and the systen'r boundary
should be identi-fied. Inputs and otrtprrts should be described. As ad-
ditional information is gathercd, it may later be necessary to redeline
the system. Or, for example, lack of available data may force a change
in the system definition.

C. Literature Reyiew and Data Analysis

Prior to model developmenf a review of information availability is
needed in order to evaluate the possibility of meeting objectives as
stated. In this step, the essential features of the system are established
and a conceptual model that will depend on the data available and
tl're ability to quantify processes in the model is developed.

D. Model Development

In the n-rodel development step, diapgams may be used to represent
the conrponents in the s1'stem and to srrmntarize their interrclation,

z 7
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ships. l- lre nrathematical rcPresentation of the system should l.re de-
veloped, including specific functions and relationships to be rrsecl in
the model. Experiments may be needed to develop functions and
estimate parameters for the mo<lel- The model is translated irrto com-
prrter code for sirnulating the behavior of the real system. Comptrter
flowcl'rarts are usuaUy helpftrl in translating the model to computer
code and dcrumenting the relationships lretween the modcl and the
code. Techniques for model development are presented in Scction lV.

t. Model Accuracy fvaluation

The question of whether a model is acctrrate must be followed by
"for what objectives?" and "as compared to what?" ln the final anal-
ysis, one must ascertain whether the cost of obtaining an additional
unit of accurary is greater than the benefits to be gained in terms of
the study otrjectives. Accurary is usually defined in terms of verifi-
cation, calibratiorg and validation.

Dent and Blackie (1979) provide arr excellent perspective on
model evaltlatiolr:

When we are confident that the behavior of the model is sat-
isfactory the formal validation process is over- Although a
formal process of validation is always recornmended, the pro-
cess of gaining confidence irt the model is generally a slowly
emerging one over the period of model construclion, tlrrough
formal validation, to application of the model. During this
time, assessment and modification will proceed, essentially
two sets of judgments being made on the way:
a. That the model is not different from the real existing sys-

tem to a degree that will detract from the value of the
model for the purposes for which it was designed;

b. That if the model is accepted as being adequate then the
decisions made with its assistance will not be measurably
less correct than those made without the benefit of the
model. Such an exact assessment is extremely difficrrlt
and cannot be other than subjective in nature. Subjective
judgments in this regard are, howeveD not without value
and this aspect of validation may often be the most
relevant.

It is because of the difficulties associated with these two sets
of judgments that validation remains an elusive issue in the
sin'rulation procedure. Statistical tests are available to deter-
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mine whether the model behavior i-s different from real,
systeln behavior to some stated level of significance_ ltre pre-
cision of srrch tests should not overshadow the concentual
problems in applying tlrcm. There is no mechanical proccdrrrc
that prmits the conditjons for acceptable validation by a sin-
gle (or even a series of) statistical comparison(s) of the moctel-
performance against some recorded or measured data from
an existing system which the model represents. Any statistical
tests that may be carried out and which are positive in favor
of the model add to the model-builder's con{idence that lus
creation is functioning well. The acceptable level of confi-
dence is acldeved normally by a series of assessments and
subsequent modffications until such time as the model is to
be applied in support of decision making.

F- SensitivityAnalysis

Sensitivity analysis involves exploring the behavior of the model for
different values of pararneters. This is done to determine how much
a change in the value of a parameter influences the important outputs
from the model. Techniques for performing sensitivity analysis are
presented in Section VI.

G. Model Application

The model application may relate to management of a system. In this
case, the model may be viewed as "conrplete," and its users may not
have participated in its developnrent. Documentation of the model
and the computer code is essential. The original objective nray be
related to research and the use of systems modeling to assist in a
more thorough understanding of the system. In this case, the rrse of
sensitivity analysis in guiding research efforts may be the intended
application.

Simulation steps should not be viewed as a strict sequential pro-
cess. Rathe{, in most systems modcling and simulation studies, these
steps are repeated in an interactive fashion as information is gainerd
and progress is made.

IV.  MODETINC

Contirruous system n'rodeling is a process-oriented approach for de-
scribing the behavior of a system. Processes fall into three categorics:
transport (or flow), transformation, and storage (Smerage, 7977).
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Tlrcse processes are c'lescribed by two classes of variables'. extcnsiuc or
tlu-ough variables and intcnshrc or across variables. Exterrsive varia-
bles are characteriz-ed by flow-through quantities such as mass, vol-
ume, electric charge, force, and heat flows. Intensive variables are
measures of energy intensities or potenhals across system conlpo,
nenLs. Intensive variables represent the driving force for the extensive
variables, Examples are pressure, temperatr,rre, voltage, and velocity-

Extensive and intensive variables are well-defined for many
physical and chemical systems and have been widely used- In such
systems, a component process is described by relationships between
its extensive and intensive variables. For example, heat flow tlrrough
a conductor is described by its heat conduction properlr, and the
difference in temperaturc is the intensive variable. Water flow
through soil is described by soil properties and the pressure grad-
ient in the soil, The flow of charge (or current) through a resistor
is described by the voltage drop across the resistor and its resistive
or energ-y-dissipative property. Water flow through soil-plant-
atmosphere systems is sometimes represented by resistances and wa-
ter potential gradients- Extensive variables are measured at a point,
and intensive variables are measured across an object of interest.

By proper identification of intensive and extensive variables and
system components, a system diagran'r can be drawn that can be used
to derive the mathematical model of the system- Because of this com-
monality of extensive and intensive variables among systems/ similar
methodologies can be used to model the results of analogous math-
ematical models from different systems. Koenig et al. (1967) and Mar-
tens and Allen (1969) describe in detail the use of these procedures
for physical systems. Smerage $9m extended these concepts to a
broader class of agricultura! biologicaf and ecological systems.

One difficulty in modeling agricultural and biological systerns
using this methodolog'y stems from the fact that we do not always
know the i,ntensive variable for a particular exteruive or flou/ process,
or there may be several mechanisms causing flow. In this case, the
inclusion of the dstails of all intensive variables causing flow on a
diagram may unduly complicate the model and detract from its pur-
poses. In other cases, our objectives for modeling the system and the
resultant scope and hierarchical detail may make it impractical to
express flow processes mechanistically as related to intensive vari-
ables. For example, we know that the rate of flow of water through
a plant is regulated by water potential differences between the leaf
and soil and by resistances to flow along this path. However, if our
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otjective is to preclict transpiration water use of a crop for appUcation
to irrigation nlanagcment, it is neither necessary nor desiratrle to i l-
clrrde these mechanisms in the model. Incltrding thcse detarls wotrld
require model descriptions of water potenhals of soil and plant and
associated details of plant ancl soil parameters that might bc trscf'ul
for scientific prlrposes btrt not practical for these purposes.

A. Conrpartment Models

So-called compartment modeling is a useful tcrol in conceptrralizing
systems in which the primary emphasis is on the flow and storage
of system variables. Compartment models have been widely used to
schematically reprcscnt various agricultural, biological, and ecologi-
cal systems (Dent and Blackie, 1979; Patten,1973; Odum, 1973; Pen-
ning de Vries and van [.aa4 1982; Keen and Spain, 7992; Leffelaar,
1993). This approach is particularly useful for conceptualizing contin-
Lrous systems. A mathematical rnodel in the form of a set of f irst-
order differential equation^s describing the syslcm strrrclure carr be
obtained directly from the compartment model diagram. Although
there arc several variations in the symbols rrsed to represent com-
ponents in compartment models (Forrestea 7977; Patten, 1973), we
will rrse the Forrester (797t) notation because of its widespread ac-
ceptance in agricultural and biological literature- Forrester (1961)
originally developed the compartment diagrams to provide a picto-
rial representation of systems of equations for industrial dynamics
nrodels-

A comynrtmcal is defined to be a quantity or level of a state
variable. Compartments represent the state variables in a systern or
transformations of state variables- Examples of these state variables
are mass, volume, electric charge, and population. Many applications
in aSpiculhrral and biological systems relate to mass flow among var-
ious compartments in the system- A conceptual model of this type
consists of a network of compartments representing all relevant com-
ponents of the system. The compartments are connected by lines that
represent the flow rates of the quantities between compartmcnts-
Flow may also occur tretween the environment and cornpartments-

Figure 2 shows an abbreviated set of symbols from Forrester
(1961)- ftre level represents the state variable at a point in tin're and
is shown by a rectangle. Sorrrces and sinks represent the environment
of the system in that flow can occllr from a sorrrce in the environment
into the system withorrt affecting the environn'rent. Likewise, f low

3 l



I
I
Y

r--l
I
i

(a )

7.)
\^-J

I
(c)

(e)

(b)

6 ' - - - x

(d)

(r)

fones and Lu1'ten

Frcuxr 2 Compartment model s;rmbols adapted from Forrester (1961). (a)
Level; p) Rate; (c) Source; (d) Auxiliary Variablc; (e) Pathway for Material
Flow; (f) Pathway for Information Flow"

from the system into a sink in the environment has no effect on the
envirorunent. The rate symbol represents flow from one compartnent
to another, from a source to a compartment, or from a compartment
to a sink Auxiliary variables are shown by circles and represent fac-
tors (inputs and parameters) that influence the rates. For example,
temperature may affect the rate of biomass accumulation in a crop
growth model and would be classi-Eed in this diagram as an auxiliary
variable- Solid lines represent pathways for material flow whereas
dashed lines represent information flow-

After the compartment model is constructedn one can write the
mathematical model representing the system using stmctural con-
straints and component descriptions. The Appendix lists variables
used in this chapter along with their definitions and units. From the
diagram itself the stmctural constraint or continui[r can be applied
to each compartment level, or

I;.j o,., (1)
d r i _ T

i l -7
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wnere

-ri = level of ith variable
dx,/ dt = rate of change in the level of the ith variable

/,.; = rate of f low into level i from source j
O,.r = rate of flow otrt of level i to source ft,

By applying this conditiorr to each compartment in the system, a set
of lirst-order differential equations is derived-

B. Water Tank fxample

For example, corrsider the simple water flow system in Fig. 3a. The
volumes of water in each tank are the integrated extensive variables
of interest in the system. Equations describing this system are

J . )

#: i ( t ) * f ,z ( t ) , fr=f,'vt*o(r) (z)

Now we must clesoibe the component flow processes- si-ncc flow
frorn each tank is controlled by an orifice, we know that flow rate is
proportional to the square root of the height of the water surface
above the orifice rnultiplied by 2 times the gravitalional corustant-
Thus, we can further describe/,.2(t) and O(f) as follows.

Conryn ne n t fuscr ip t io r t s:

fr.r(t) = c{ztH)t/z, o(f) = Cr(zgH,)'t' (3)

Since H, and H: can be expressed in terms of V, and Vr, we can write
the complete model for this two{ompartment system as (compare
with Fig. 3b):

dv, ^ /zgv,\"' dv, _.. (r-y\"' _ ,- (rgr,\"'
at = i(t) - ., 

l;;/ i = ., 
\;, I 

- .,, 
\A, /

(4)

_ When developing the stmc(ural and componerrt equations as in
Eqs. (1)-( ), care shorrld be taken to ensure the dinreniional consis-
tenry of the relationships. The model developers must always make
sure that all terms have the same dimensions and that the same mea-
surernent system is trsed for each parameter, input, variable, and pro-
cess. Otherwise, the resultirrg model results will not be meaningful-
Figure 3c shows an example of simulated restrlts obtained by pro,
gramrning the model and simulating its behavior to{tOO h, for t}re
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FrcuRe 3 (a) Scfiematic of a two-tank water flow system; (b) the corre-
s;ronding compa-rtment model using Forrester (1961) notatiory and (c) ex-

ample results-

parameters shown in the figure- When the input to the first tank
was set to 5 m'/h for the first 5 h of simulatiory then set to 0-0 for
the ren'rajrring time, the volume of water in the fust tank first in-
creased to 76.9 m3, then dropped to 0.0 after 19-1 h. Volume in
the second tank lag6;ed behind that in the first tant peaking at only
7,7 m3.

This example demonstrates the simpliciby with which this ap-
proach can be used to obtain a first-order differential equation model
of a system- Agricultural examples of compartment mdeling are in-
sect population dynamics and Browth of crops. In some such systenrs,
the medranisms causing flow are not well enough understood or are
so complex that research may be required to deterurine relationships
between flow and other system characteristics and inputs.

In general, a model developed in this way will have state vari-

ables defined by levels xv Xz, - - ., xn.Tl're mathematical model will

be of the form

= f r (x t ,  .  -  - ,  x^)  {  l r , ( l )

= f^(xr,  - .  .  ,  x")  + b"( l )

t
l{t

+

(s)

dxt

dt

:

dx"
dt
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where fr(rr, ,r, . ,

fones and luyten

r;) represcnts the rates a-s affected by any of the
variables xr, xz, . - . , x^, anct l.r,(l) are constant or t ime-varying inprrts
to the ith storage compartnrent. For special cases when the rclation,
ships are linear, Eg (5) can t,e al>breviatecl as

+ l )

where x and b are vectors and A Ls a matrix of coefficienfs.
Gold (1982) de-scribes another useftr,l diagrammatic approaclr

called a signal-flow graph. In this approac\ variables for the system,
induding state variables, flow variables, inputs, and parameters, are
defined. The variables are connected by directional arrows in a dia-

6gam to denote functional dependenry- Fror exampll, A * B * C
would indicate a functional dependence of A and C on B, i.e., B =

f(A, q.This approach is very usefuJ during the early model for-
n'rulation stages to obtain an overview of the needed mathematical
relationships, such as f(A, C) in the above example, and to identify
in'rportant feedback loops that nray occur in a system.

C- Distributed System Modeling

A distributed system is one in which the state varialrles and flow
processes vary over the spatial region of interest. In other words, the
state o[ the system may drange tlrrough space as well as through
time. The mathematical model that results from an analysis of a dis-
tributed system is a partial differential eqtration-

It is useful to break diqtributed systems into a set of connected
homogeneous elements for modeling purposes. For exan'rple, we may
wish to study the flow o[ water and its state in a soil profile. At any
point in time. soil water content and its flow may vary with depth.
If we considered the entire pro{ile to be a single compartment, it
would not adequately represent the vertical variations in water con-
tent with ti-me. Therefore, consider the soil profile to be divided into
sma-ll discrete layers, with each layer having a volurne of water ru;

stored in it. Eadr layer is connected to layers above and below by
flow of water; g.; is the volume flow rate of water from layer i to

layer j. Figure 4 shows a schematic of the system and correspond-
ing Forrester diagram representation. From this, we can write a series
of fust-order d,ilfferential equations describing the structure of the

system.

(6)
dx- ' =  A x
dt
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Frcune 4 (a) Schematic of a distributed soil system (one-dimensional) for

studying soil water Processes and (b) the corresponding compartment model

using Forrester (1961) notat ion-
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du,

dr  
= i ( t )  -  q , , ( t )

)- . -
U aUZ

tIt
= 7r.r(t) 

- 
]r. '(t)

Q"-,."(t) - o(t)

Ignoring gravity effects, flow q can be represented by the diffusivity
property of the soil D and the gradient of volumetric water content,
0 (Hillel 7971). f'hus,

where 0i = ati/V = uti/Ahi and Ir, is the thickness of layer i.
This system of equations can be sirnulated if initial conditions

rr;(0) and boundary conditions i(t), O(t) are known for i = 7, 2, . .-,
n and t > 0. Initial conditions refer to the valtres of all state variables
at the start of the sin'rulation, usually at time f = 0; they are required
{or simulating the behavior of a model. As an example, il a system
has two state variables x(f) and y(f), then x(0) and y(0) must be spec-
ified in order to simulate system bchavior f.or t > 0, Boundary con-
ditions refer to values of variables at the boundaries of a system-
Boundary conditions may refer to flows across the system boundary
or to known values of intensive variables at the boundary. Values of
boundary conditions must be specified for all tirne to be simulated.

Now we show how this set of equations is related to a partial
differential equation. Let Ir; and dl be approximated by Ax and Af,
respectively. Since zrr = Ah;0;, we can approximate dw,/ dt in dilfference
form as

Ax(O,,  -  01,-o, )

We can equate this expression with the right-hand side of Eq. (7) and
expand it into

(n

dut^

dt

(8)

#*Ah,ff*A (e)
Af

Ax(0, ,  -  0 . , -o, ) ^ (_D, . r . , (0 .  -  o ,_, )  -D, . , . , (0 , . ,  -  o) \
= . n l - - - - -

\  Ar Lx 
(10)

A
A '
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Assrrminp; D is variable, tve can write

0 , . ,  - _ ! . l q  
=  __1  (p ._ , , t t , -  o ,  , )

a t  A ' \  ^ '

wlrich can bc writtc'n

40,

Taking the Iirnit

A(D, A0,/Ar)
A x

as Al * 0 and as A-x -_ 0 results in

(1 r )

(12)

(13)

(r 4)

dimensionless
across the system

4=1p
At dx

gN!1,t) + aN(', t) = -u(a,r)N(a, r)
df da

where

N(a, f) = population of insects age a at time f,
u(a, t)= net fltrx of insects age a at time f

boundary s-t

u(a, t) represents migration and mortality factors.

a0
dx

where 0 is a function of both x and f- Equation (13) is the partial
differential equation for water flow in one dimension tlrrough a soil
of unit area, the same equation presented by Cardner (1959). f-lle first-
order differential equation system [Eq. (4] is an approximate
"lumped" representation of the distributed (one-dimension) soil sys-
tem more accrrrately represented by the partial differential eqtration,
llq. (13). When approxin-rate solutions are adeqrrate, the lumped rep-
resentation prrovidcs a relatively quick and simple method for sin-ru-
lati-ng the behavior of distributed systems,

The same procedure has been used to lump age structures in
population dynamics models. FiESrre 5 shows the Forrester diagram
for an insect moclel with the propulation divided into age dasses to
simulate age structure. The levcls are poptrlation nun'rbers for indi-
viduals in specilic age dasses- An age class n'ray be definecl as a range
of ages, for example O-70,70-20, ZO-30, and >30 represent four age
classes of insects. Flow between age dasses ocflrrs as insects age. The
partial di{ferential equation describing this system is
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Ftcurr5Compartmentmodelofihsectpopulatiorr'withinsectsdistributed
into four age classes'

V. COMPUTER SIMUTATION

In continuous systems, computer simulation is perfo-n1ed to "solve"

the set of system equations io result in a tirne series behavior of state

variables of the ,y"""' i- u p""oibtd set of inputs' This involves

one of several p'ot"Jo*' for (1) advancing time in :Till:t3t 
*d

(2) calculating ttt" stut" oi tn" 'y""* for th"e new point in.time' This

can easily be shown for one time step using a silrrple model dx/dt =

ax * b.Letting dx = (x,*tt - x') and dt: Lt' we can write
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dt r : x ' *o ' '  x '=a r r+ I )
dt  a t

and

X r * ^ r = x , 4  ( a x ,  {  I ' ) A f (16 )

If x, is known, we havc all the information needed to calculatc x,*o,
or x at time f + Af- It is l-relpful to think of this in terms of a rate,
exPressed as

xr*6t = r,  * Rate, Af 0n
where Rate, is any expression for the rate of change of the state var-
iable r at time f. In the example above, Rate, = ax, * b-

Equation (16) is a finite-difference expression of the dilJerential
equation. In gJeneral, Eq. (16) is also referred to as the rectangular or
Euler meihcxd of rntegration of a first-order differential equation- The
value of -r is known at time f and possibly prior to time f . The modcl
expresses the instantaneous rate of change of the variable x. Although
we do not know the value of x at t + Lt, we can choose a small Af
and predict a value of x at time f + Af based on the current rate o[
change of x. This procedure is repeated as long as desired. For ex-
ample, by continuing with r at f + At and projecting forward by one
more Af we can estimate x for time t +' z\t.

Thc result will be a time series behavior of r defined by the
n-rodel. If the systenr has more than one first-order differential equa-
tion, the finite clifference procedure can be applied to eadr. The rate
expression for any one differential equation rnay be functionally de-
pendent on any of the state variables as well as on ilprrts to the
system. This method is dependent on the system moclel being de-
scribcd by first-order differential equations (or difference cqrrations
as desaibed earlier). Second-order differential equations can bc sim-
ulated by transfonnation to two first-order equations. For example,
the second-order equation

4 1

(1s)

(t B)

(1e)

d 'v  dy
d P - a n + y = u \ t )

can be transformed into two first-order equations by letting x.t = U
arrd x, = rly/dt.It follows that dxrldt = d'y/dt'. Then the two equiv-
alent first-order differential equations are

dx,

,lt 
= 

" 
alro

rIx,

i =o " - x ' +u ( f )
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other numerical soltrt ion techniques are more accurate than the
Euler method for the same size L,t. For example, the trapezoid inte-
gration nrethod can t'e used to clevelop a "preclictor,correcior" inte-
gration tecluuque- In tl.ris ca-se,

l r+ t t  =  V ,  * : (Rate ,  *  Rate , * *o , )A f (20)

is the formula for calcuJatinglr*a,, Note that Ratef*, is on the right-
hand side of Eq. (20). We have to "predict" Rateiro, since we do not
know y or Rate at time t + Lt. The Etrler method is used to predict
gl*ar as a first approximation- Then that yl*a, is used to compute
Ratef*- using the first-order differential equation model- we ihen
have all that is needed to compute /r*ar above- The Euler and trap-
ezoid methods are cxplicit methods; all terms on the right-hand side
of the equation are known or can be c-omputed from what is known.

In generaf a Taylor's series expansion about Vr cnn be used to
express /La,. This expression is

l t , t t = y t +  L t r 1 " ,  
( A l f  

, o ' *  
( A - t - ) ' u 9 ) +  

" -  *  
( A f ) " r 1 n

.  
z r  3 l  

y r  
n r  , , '  ( z l )

where yl") represents the nth derivative of y with respect to f and rr!
represents factorial numbers (i.e., n! = 7 X 2X 3 X 4 X 5 X -.. X rr).
If we approfmate y, by using the first three terms of Eq- (21), then

lr+at = yt + Lt vl', * 
# 

y?, t- e, (22)

where e, is the total truncation erro{, or the error caused by not in-
cluding all the terms in the Taylor expansion.

Since yj') can be approximated by (yl?. - yl'r)/ Lt, Eq. (22) can
be written

!r*o,t = y, + At v:" * ry'!# n t, (23)

Equation (23) is equivalent to the trapezoid predictor-corrector tech-
nique with the added error term- The Euler teclurique is equivalent
to the Taylor series expansion with only the first derivative term in-
duded explicitly. Thus, the trapezoid method is a more accurate
method for simulating first-order differential equations. Howeveq, the
Euler method is used for most models because of its simplicity and
ease of use.
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Ilecause that is a nun'lerical approinration, it is strbject to ntt-

merical errors. The local truncation error llsing the Etrler method is

ULt)'/}1[dzy(E)/dt'], where f is somc point in t]re interval lt, t + Ltl.

The truncahon error is the error with each integration stcp and

can thus accumulate- Tmncation error for the trapezoid preclictor-
corrector method is [(Af)3/6JId'VG)/dPl, which, for a small Af, is less

than that of Euler method (Ortega and Poole, 1981). Generally, the

higher order method.s are more stable than lower order methods.

VI. STNSITIVITY ANATYSIS

The purpose of sensitivity analysis is to study the behavior of the

model. Sensitivity analysis can also be structrrred to determine im-

prortant subsystems, relationsh,ips, and inputs. SensiUvity analysis

should be designed with respect to the objectives of the study. A

scnsitivity analysis is the process by which pararneters or inputs are

evaluated with regard to their effects on simulated rcsults. For ex-
ample, rainfall would be an environmental input to a croP balance

model for estirnating crop irrigation requirements. Soil characteristics
srrch as soil water-holding capacity or root zone depth are examples

of model parameters, One may be interested in the sensitivity of es-

tirnated irrigation reqrrirements to changes in rainfall, changes in soil
characteristicq or both A sensitivity analysis also provides a mech-
anisnr for testing the simulatiorr in the extremes; that is, using the

extreme values of parameters will rigorously test the model in terms
of mathematical logic and stability.

Computer graphics are higNy usef-rrl in sensitivity analysis-

Graphical display of simulated results for a number of parameter
values or inputs provides a wisual irnage of model behavior over a
range of parameter values. A mathematical approach to sensitivity
analysis may also be a useful n'ay to organize and present model
bcharrior. This approach conrparcs the changc in one or more simu-
lated outputs relative to the cl'range in one or more parameters by

approximating partial derivatives using numerical results. Absolute

sensitivity, o(ylk), of some model output y to avariable k (a parameter
of the model or i.r'rput to the system) is defined by

o(ylk) =
y ( k+Lk / z ) - v$ - ! k / 2 )

Ak
(u)

Relative sensitivity, .,(yl*), is often used to provide a normal-
ized measure for comparing the sensitivity of a model to several var-
iables. Relative sensitivitv is defined bv

43
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(2s)

For exan-rple, if o,(ylk) = 2.0 and k is changedby 30% (Lk/k = 0 03),
we can expect y to change by 6%. Also, i l  o,(ylk,) = 0.5 and o.(ylkr)
= 1.5, then y is more sensitive to a percentage drange in k, than the
same percentage change in kt (3 times as sensihve).

In simulation studies Ak is used to represent a small change in
k so that changes in y, Ly, can be sirnulated. Then Eqs. Qa and (ZS)
can l>e used to approximate o(ylk) and o,(ylk) using the discrete
clranges ilr k and y, or 6y/0k = ty/tt. By varying parameters
tltrough their expected ranges of extremes, one can use this approadr
to compare the sensitivity of model results.

Sensitivity analysis usually begins with the selection of model
output results that are considered to be crucial to the study. A set of
"base" conditioru are then established; these usually comprise the set
of the best estimates of each parameter and input- Base results are
the sirnulation outputs obtained when base cond-ition values are used-
A range of values are then selected representing the extreme condi-
tions associated with eadr parameter to be evaluated. Simulation mns
ar! made usixg each valrte while holding all other base conditions
constant. A comparison between changes in the base condition values
and changes in the base results provides an indication of the relative
importance of the variable. Results can be compared in graphs or
tables or by computing the sensitivity variable values. Note that the
values of o and o. and graphical results depend on the "base" con-
ditions selected.

Regression analysis or response surface techniques are also use-
ful techniques in sensitivity analysis- Computer experiments are con-
ducted by varying parameters over a range of interest followed by
regressing simulated results against one or more parameters to de-

termine if outputs are affected by changes in the parameteS, and if

so, to what extent.

VII. COMPUTER IMPTE/VIENTATION

There are many options for computer implementation of biological

models today. Because there are many reasons for developing biolog-

ical models, some consideration should be given to which option to

choose for a particular model. Some biological models are developed

by an individual or small team of scientists to test a hypothesis, and

there is no attempt to make these models available to others except

o,(ylk) =y#=.UD;
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through the scientific literatrrre. Other models arc develope,J by tearns
of researchers for use in a number of applicatjons and for distribution
to others who may want to use them for their own prlrposes. Biolog-
ical models are also being used in formal university classrooms and
in sprecialized short courses and training programs. Programs shotrld
be constructed using modules or objects designed for describing well-
defined components of the system being modeled and for ease of
documentation, revisions, replacement, and maintenance- Van Kraa-
lingen (1995) descrit'es a structure for programming in Fortran tlrat
provides these characteristics. In many apphcations, biological mod-
els need to be linked with other software, such as geographical in-
formation systems (e-g., Engel et al., 7996; Fraisse et al., 1994) and
gAaphical user interface programs (e.g., Jacobson and Jones, 7996).
Standardized formats for data storage and exchange are needed to
facilitate model evaluation and to link models with such applications.
Some progress has been made ep stanialdizing data for crop models
and their applications ()ones et al., 194); this effort is continuing
at an international scale (Ritchie, 1995). However, considerably more
effort is needecl by biological science communities on standard
protcrols for biological model module design and data storage and
exchange.

f'here are many choices of programming lanprages and software
to hel;r those who are developing biological models. The choice of
language is not a major issue today because of the ability to link
together modules developed in different languages, particularly if the
models use modu-lar slructure and adhere to well-deFned data stan-
dards. However, each has its own advantages and disadvantages.
Procedural languages such as Fortran, Basiq and Pascal are widely
used for biological models. Most existing crop models, for example,
are programmed in Fortran (fones and Ritchie, l99O; Hoogenboom
et il., 7994; Bouman et a7., 7946). Procedural languages provide ex-
cellent capabilities for scientific computations, they can easily handle
nonlinearities and other complexities corrunon to many biological sys-
tems, and they can be used on many computer platforms with little
or no modification. Because of limitatiorLs in these languages with
respect to handling modem user interface programming, new ap-
plications of these models are being developed in which the
rnodel is treated as a module in an overall software package and the
rrser ilterface and data manipulations are handled by one of the
modern visual programming tools such as Visual Basic (Microsoft,
I995). Some biological models are now bcing developed using object.
oriented programming languages sudr as SMALLTALK and C+*

4 5
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These new languages have potential for helping improve the modu-
Iarity of biological models.

There are a number of specialized computer sirnulation lan-
guagcs that allow model developers with little or on computer pro-
gramrning skills to irnplement models. Continuous simulation lan-
guages solve systems of continuous dilferential equations- For
example, the SLAM system (Pritskeq, 1995) and FSE (van Kraalingen,
1995) packages provide modules that perform most of the required
computer simrrlation tasks. Users only have to "program" their slte-
cific model equations and provide parameters and other inputs in
order to obtain sirnulated behavior of a system. Probably the simplest
and easiest to use simulation software ullo-" users to build concep,
tual models on computer screens using icons, srrch as Forrester sym,
bols presented earlier in this chapter. Two widely used packages a.re
Stella ft{igh Performance Systems, 1990) and Vissim (Visual Solu,
tions, 1990), both available for rrse on personal computers. These
pacl:ages guide users in linking together different icons to depict a
system with its storage compartments and flow paths, then ask for
needed parameters and other inputs to rrn the rnodel. They will then
simulate the system and graph or print results for users; no prograrn-
rning is needed. These packages have the distinct advantage of rapid
evaluation of variations in model stmcture to test different hypoth-
eses about the system. Each computer language has its advantages
and disadvantages. The best choice for a particular model will de-
pend on many factors such as model complexity, intended users of
the model, how it will be used, the need to integrate it with other
software and databases, and the need to maintain it.

VIII. DEVETOPING A CROP SYSTEM MODET

Dynamic growth and yield models have been developed for a wide
range of crops, induding cotton, grain sorghum/ wheat, corn/ soy-
beans, alfalfa, and others (fones and Ritchie, Tg19J_). Researchers have
used these models for a number of purposes, such as irrigation man-
agement @oggess et al., 1981; Swaney et al., 1983), nutrient manage-
ment (Keating et al., 1993; Singh et al. 1993), pest management
(Pinrrschrnidt et al., 1990; Batchelor et al., 7993),land use plaruring
(Beinmth et al.,7997), crop sequencing (Thornton et al.,7995), climate
change assessment (C.ttrl, et al., 1995; Rosenzweig et al., 1995; Pen-
ning de Vries, 1993), and yield forecasting (Swaney et al., 1983). These
applications have demonstrated conclusively the value of simulation
applied to cropping systems. Howeve4 these models have limitations
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because they do not include all factors that occur in reality ancl
contain ernpiricism that may reqtrire calibration and testing for sitr:-
specific applications. Research directed to improving these shortcom-
ings and Umitations is neecled to enhance the applicabil ity of the crop
nrodels.

A rrseful charactcrization of crop model.s for ap1>lication at the
field scale was attribtrted to C, T- de l,i/it (Bouman et al., 1996; Penning
de Vries and van Laar, 19BZ). Initially, four levels were de{ined, brrt
these were later simplified to tlrree Ievels (Lovenstein et al., 7993).
First Ls the potential yield level; crop growth is dependent on weather
faclors, such as temperaturq solar radiation, CO, concentration, and
day lengtb and on genetic factors of the crop. this level of model
includes basic crop growth processes sudr as photosprthesis, respi-
ration, tissue growt[ and clevelopment- Its main use is to gain an
rrnderstanding of how these factors af{ect potential production o[ a
crop, assuming that water and fertifizers are adequate and that no
pest clamage occrrrs- A second level of detail is characterized as at-
tainable yielcl; at tlrJs level, the rnodel has components that clescribe
water and nitrogen fcrtilizer limitations to production. Attairrable
yield thus depends on water and nitrogen supplied by rnanagement
as well as by rainfall and soil organic matter, Many existing crop
models have the capability to describe crop growth and yield with
these assumptions (fones, 1993) The third level of detail is actual
yield level. which attempts to explain all the factors that influence
growth in a field, including pest damage and mismanap;en-rent. This
characterization of Ievcls of detai,l has been useful in providirrg both
a practical pathway for model development and a conceptual frame-
work for model applications. It has also served to determine data
requirements for model dcvelopment, taking into consideration the
necd for more comprehensive data sets as tl're level of model detail
increases-

There are many choices of state variables for crop models. Sirn-
ple models may have only one or two state variables, such as leaf
area and dry weight, whereas others may have hundreds of state
variables describing leaf area, leaf weight, number of lcaves, stem
weight, number of fmit, and weight of fruit for various age classes
(Jones et al-, 1991). Crop models with many state variables provide
more details about crop behavior, induding lags in fruit growth and
size distributions, btrt require much more time to develop and test
and more time to solve in a computer. For some problems, models
with two to four state variables provide adequate predictions of crop
responses. In this chapter, a simple crop model at tlie potential yield
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FrcuRs 6 Forrester diagram for the crop model with three state variables
at the ;rotential production level of detail.

level of detail is presented along with its sensitivity to temperature
and light.

Figure 6 shows a Forrester diagr:am of a simple crop model with
three state variables: stage of developmer,t (N, number of vegetative
nodes), canopy biomass (W., g/ rn'), and root biomass (W., g/m';. The
diagram represents a potential yield level crop urodel as described
by Lovenstein et aI. (7993). The figure also shows a compartment for
assimilates (A, B CHrO/m). Howeveq, in the mathematical model, it
is assunred that dAo/dt = 0.0, and thus the assirnilates do not accu-
mulate but are transforured directly into plant tissue.

A. Crop Development

"Development" refers to the progression of the crop through its life
stages, which may be measured by various vegetative and reproduc-

,/;;\
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\Y-/

A
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t ive plant characteristics such as Irurnbcr of leaves on thc plant or the
apl)earance of the first f lower or f irst fruit. Develo;rment rate is usrr-
ally expressed as the inverse of t ime between events, such as the
inverse of hours between successive leaves on the main stem or of
days from plant emergence to flowering- Thcse rates of development
can thus be calculated frorn experimen[s in which stages or numbers
of leaves are recorded. Development rates in plants are very sensitive
to temperature and sometimes to day length but are usually iusen-
sitive to light, CO, and other factors such as water and nutrient
stresses unless the stresses are severe. Crop development is usually
insensitive to rate of dry matter production-

There have been many models for predicting crop clcvelop-
ment; most have related development rate to temperature and some,
to day length- For example, Wolf et al. (1986) developed a moclel for
scheduling field operations that predicted emergence, flowering,
and harvest dates for field tomatoes within 3-5 days of actual dates-
Kiker et al- (1991) described a system for predicting dcveloprnent
stages for crrcumbers, eggplant, and other crops growing in green-
houses. Tl'rese models are mostly of the form r = r(T, l), where r is
the rate of development (h-'), T is temperature, and q is day length-
In models for predicting flowering data, r is the rate of progression
toward flowering, and the state variable in these models is the de-
velopment unit, which is 0.0 when the clevelopment starts and 1.0
at flowering.

For the three-state variable model. N is the state variable for leaf
number for a vegetative plant or for node numbcr for plants like
tomatoes that alternately produce leaves and fruiting tnrsses on the
mairr axis. Assuming that leaf appearance rate, dN / dt, depends only
on ten'rperature in this example, it can be computed as

./N
dt

= r^r(T) (26)

where r* is the maximum rate of leaf appearance (h-r) and r(T) is a
function of temperature. Various functional forms have been used for
r(T). In the model presented herq a piecewise-linear form was used
for r(T), based on the tomato model (Jones et al., 1991), where r(T)
is 0 when T is below 8"C or above 50"C, and has the values of 0.55,
1.O and 1.0 at temperatures of 12, 30, and 35"C, respectively. Between
30 and 35'C for this example, leaf appearance rate is ntaximum at r-
leaves per hour.

4 9
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8. Dry Weight Crowth

TJrc rate of dry ttraltcr increase in crops is of major imporlance in

determining yield of fmit and vegetative tissue, and it depend.s di-

rectly on photosynthesjs. Photos;mthesis converts carbon dioxide

from the air into sucrose (CHrO) in plant leaves- Some of the carbon

in this CHrO is combined with other elements (N, P, K S, - - ) and

retained in plant tissue, and some is used to provide energ-y for syn-

thesizjng tissue, releasing COz in the process- Penning de Vries et al,

(1989) ctescribe a sound quantitative basis for computing the rates of

tissue slmthesis bascd on the photoslmthetic rate and on the com-

position of tissue being slmthesized.Th"y computed the net product

weights of protein, carbohydrate, lipid, lignin, organic acid' or min-

eral if 1 g of cHro was used to provide both the carbon in the final

product and the energ'y for product synthesis- Thus, dep'ending on

ih" .o*potition of plant tissue, a conversion efficienry, E, can be com-

puted and used to convert photosynthesis rate into dry matter ac-

cumulation rate. For vegetative tissue, this conversion efficiency is in

the range of 0.65-O.75 (g tissue)/(g CH,O)-
Respiration is the loss of CO, from plants in growth and main-

tenance processes- Growth respiration is accounted for in the conver-

sion efficiency described above. Maintenance respiration is the loss

of CO, due to the breakdown and reslmthesis of existing tissue and

depends on temperature. Gent and Enoch (1983) expressed mainte-

nance respiration rate as

R^ = k^ exp[0.0693(T - 25)l Qn

where

R^ = maintenance respiration rate, (g CH'O)/[(g tissue)'h]

T = temPerature, 
oC

k^ = respiration rate at 25"C, (g CH,O) / [(g tissue) ' h]

The equation for crop dry weight growth rate is

E(P, - R^W)

where

dwl dt = rate of dry weight gmwth of cmp (g tissue)/(^''h)
W= total plant dry weight, g/m2

R^ = mainienance respiration rate, (g CHrO)/t(g tissue)'hl
E = conversion efficiency of CHrO to plant tissue, (8 dt-

sue)/(g CH,O)
P, =.u^oPy gross photosynthesis rate, (g CH'O)/(m''h)

dw- =
dt

(28)
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Total bion-rass grorvth rate i-s partitioned into canopy atrd root
biomass witlr ttre func{on /.(N), or dW./ dt = (dW/ dt)f.(N), and dl\,/
dt = (dW/dfxl.0 - 

/.(N)l This partit ioning of new p'owtlr between
canopy and root varies with stage of development; however, in this
example, we will assume that/.(N) is constant for all N-

An expression is nc'eded (o predict canopy 6poss photosynthesis
rale, P", as affected by light, COr, temperature, and plant size. 1'here
are many models that describe leaf and canopy photoslmtl'resis;
Charles-Edwards (1981) gives the mathematics of photosynthesis pro-
cesses in detail. The model of Acock et al. (1978) was found to ade-
quately describe tomato canopy photosynthesis rates (|ones et al-,
1991). This equatiory modified to indude temperature effects, is

5 ' l

c r K l o + ( 1  - m ) r C

crKlo erp,(-Kl) + {l - m)rC.

where

D = coefficient to convert photosynthesis calculations fronr
(pmol  CO.) / (m2-s)  to  (g CI{ rO)/ (m'-h)

r = leaf condrrctance to COr, (p.mol COr)/ [(m' Ieaf ) .s]

C = CO, concentration of the ai5, (pmol COr)/(mol air)
p(T) = photosynthesis recluction factor, d,imensionless

cr = leaf light utilization efficienry (pmol COr)/(pmol pho-
tons)

K = canopy liglit extinction coefficient, dimen-sionless
/o = light flux clcn^sity at the top of the canopy, (pmol pho-

tons) / [(m'z ground) ' s]
m = Iight trar-rsmission coefficient of leaves, dirnen-sionless
L = canopl leaf area inde>g (nr'z leaf)/(m'z ground)

The function f(T) expresses the effect of temperature on the maxi-
mum rate of photoslmthesis for a si-ngle leaf, expressed as a quadratic
equahon with T:

r(T) = U - ((4," - T)/(d,^ - 4,J)'J (30)

where fn is the temprature at which leaf photosynthesis is maximum
and $, is the temperatu,re below which leaf photosyrthesis is zero-
Hourly values of Io were computed using the method of Goudriaan
(1986), assuming 12 h day lengths (i.e-, 6 < f6 < 1B):

Io = I- sin{2n[(fn - 6)/U]] (31)

Pe=Dry-[ fen
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where I- is ilre maximunl light flux density (at noon) and lh is the

solar t ime in hours.
Eqtration (29) contains environmental variables (l C' Io), various

parameters (r, a, K, m, D), and the canoPy leaf area, L, which depends

on time- Leaf area ratio (square meters of leaf area Per gram of plant)

ancl specific leaf area, (m' leaf)/(g leaf), vary considerably with en-

vironrnental conditions- under cool temperatures, leaves aPf)ear more

slowly lBg. (26)), accumulate rnore dry weight during tl-re extended

growth period, but expand to about the same final area over a Prac-
tical temperature range, as shown by Jones et al- (1991) for tomato-

Under low light, leaves will tend to be thinner because of lower rates

of photosynthesis per unit of developrnent. The assumption that L is

a function of N provides a model that mimics observed leaf area ratio

resflonses to light, temperature, and COr. The expolinear equation

(Goudriaan and Monteith, 1990) was used to fit leaf area vs- node

number using data reported by Jones et al- (1991) for tomatoes grown

at two CO, levels and three temperatr-rres- The equation is

t=p(E/9) ln {1  r  exP[B(N-  n r ' ) ] ]

where

L = leaf area inde><, (m'z leaf)/(m' ground)
p = plant density, number/m'

N = lcaf number

and E, p, and rro are emprirical coefficients for the expolinear equation-

Therefore, the model predicts the rate of leaf aPPearance, which

primarily depends on temperature, and calculates leaf area. The final

ihree-state variable model can be exprcssed as

(32)

I = r*r(T)
d t

# =E(P, - R^w)/.(N), # =E(P, - R^w)U

with Eqs. (27) and (29)-(32) reqtrired to compute R^, Ps, p(T), Io, and

! respectively. These equations could be substituted into Eq- (33), but

this is not necessary because computer simulation is used to solve

the equations. For this study, a time step (Af) of t h was used, and

the model was simulated for 80 days. For each sirnulation, environ-

mental inputs (C, T, and Io) were held constant for each rr.rL and a

number oi combinations were simulated to demonstrate model be-

havior. Table 1 shows the values for coefficients used in this model,

most of which were taken from Jones et al. (1991)'

(33)

- /.(N)l
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Table 1 Values of Coefficients Use<l in the Crop Model lixample

5 3

(I = 0.056
p = 0.38
6 = 0.074

4n = 30.0
4" = 5-0

I- = 12{X)
K = O.5B

There are limitations in the use of this model- It does nol account
for senescence or picking of plant material, nor docs it partition d5l

matter into different plant components, such as frrit. The model
could be extended to describe the growth of fruit and other organs,
thereby creating more state variables, equations, and a need for more
coefficients and relationships.

C- Model Behavior

Figr.rres 7a and 7b show the effects of temperature, Iight, and CO,
concentration on the rates of photosynthesis predicted by liq. (29) and
the effects of temperature on respiration for a canopy with a leaf area
index (L) of 4 0. These results demorustrate the importance of weather
on the rate of dry matter accumulation. Figure 7c shows the effect of
temperattrre on leaf area expansion over tinre- l-ow tempcrature re-
duces the rate of node formation [Eq. (26)], which restrlts in clelays
in leaf area development. When plants are youn& rapid leaf area
expansion is important to create a full canopy for capturing liglrt for
photos;mthesis.

l'he three-state variable model, Eq. (33), was simulated for 80
days rlnder assumed constant environmental conditions to demon-
strate the integrated and cumulative effects of growth and develop-
ment rates on yield- For each set of computations, all variables but
one were held at reference values and one variable was changed for
strccessive runs. Reference conditions were 30/20"C day,inight tem-

;tratures, 12 h days, 1200 (pmol photons)/(m2's) maximrrm liglrt
flux density, and 350 (pmol COr)/(mol air).

Figure 7d demonstrates a major effect of temperature on dry
weight over the B0 day simulations. Temperature affects both devel-
opment and photosynthesis, but its major effect is on development.
For the 18/B"C temperature case, 59 days were requi-red to reach node
10 in contrast at 23 days for the 30/20"C temperature case. Photosyn-
thesis for the 18/8"C case was reduced by only about 30%. For this

r = 0.06{4
P = 4 ' 0

k_ = 0 0006
n t = 0 1 0
no  =  13 .3

r^ = O.OZI
c = 3 5 0
D = O.IOB
E = 0 7 0

t(N) = 0 Bs
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500 1000 ls{x)
UGHT FLUX DENSTY (umo(ptro(onfm^2-s)

FtcuRE 7 Simulated results from the three state vanable crop model. (a)
Photosyntlresis vs- maximum liglrt flux (I^) at four CO, levels at temf,erature
T = 30'C; (b) photosynthesis vs temPerature at four maxirnum hght flux
levels for a canopy with leaf area index L = 4.O; (c) leaf area development
vs time for four temperafures; (d) total dry weight vs. time for four day/

night temperatures; and (e) total dry weight vs- tirne for four light levels at
30 / zVC claylnight tempcratures-

coldest case, dry matter at 40 days was lower by a factor of 15. Note

that growth was lower at 38/28"C than at 3O/Z0.C daylnight
temperatures.

As light was varied from 400 to 16O0 (pmol photons)/(m2's),
dry weight yield increased by a factor of 2.5 at 80 days (Fig. 7e)-
Numbers of leaves and leaf area were not affected by light. Increasing
CO, levels fmm an ambient level of 350 (pmol CO,)/(mol air) to 700
resulted rn a 28% increase in dry weight yield at 80 days (data not
shown).

APPENDIX. VARIABTES USED IN TlIIS CHAPTER

Water Tanh Soil Layers, and Insect Population fxamples

area of water tank i, m2
constant, mz (water tank case)
diffusivity of the soil, m/s

(Appendix continues P. 57)
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f,.i flow rate from tank i to tank j, nt3 /s
g t rav i ty  constant ,  r r r /s '
h, thickness of soil layer r, m
Hi height of water in tank r', ur
I;.i rate of flow into lcvel i frorn source
N(a, t) poptrlation of insects age a at time f, number
O,.r rate of flow out of level i to rcurce

4;.; flow rate of water from layer i to layerT, m3/s
u(a, t) net flux of insects age a at time f across system boturclaqr,

5

volume in tanl< i, ml
volume of water stored in layer i, ml
level of ith state variable, various units
volurnetric water content, m'/mt

o(V, k) absolute sensitivity of output y to input k, dimensionless
o,(y, k) relative sensitivity of output y to input k, dimensionless

Crop Model fxample

5 7

vi
1.t);

X;

0

11^Y

L

D

E

/.(N)

Io

1_

t^
K
I,
nl

nb

N
p(r)

assimilates, (g CH,O)/m
CO. concentration of the aiq. (pmol COr)/(mol air)
photoslmthesis conversion cocflicient, (S CHro)/(pmol
COJ
conversion efficiency at CH'O to plant tissue, (g tissue)/(g
cH,o)
fraction of total crop growth partitioned to canopy, dimen-
sionless
act-ual light flux density at top of canopy, (pmol photons)/
(m' 's)
maxirnum light flux density at top of canopy, (pmol pho-
tons) / (m2's)
respiration rate at 25"C, (g CI{'O)/[(g tissue)-h]
canopy light extinction coeffi cient, di-urensionless
canopy leaf area index, (m'leaf)/(m'zground)
light transmission coefficient of leaves, dimensionless
empirical coeffi cient for expolinear eq ua tiory dirnensi onless
leaf number or node number, dimensionless
photosynthesis reduction factoq, dependent on I dimen-
sionless
canopy gross photoslmthesis rate, (g CHrO)/(m'z.h)
rate of development, h-r
maximum rate of leaf appearance, h-r

PE
r
/h
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nlaintenance resplr21ien rate, (g CH,O)/l(g tissue).l i ]
ternperature, "C
solar t ime, Ir
total plant dry rnatter weiglrt, g/m'z
canopy dry matter weight, g/mz
root dry matter weight, g/m'z
light utilization efficienry, (pmol COr)/(pmol photons)
empirical cocfificient for expolinear equatiory dimensionless
empirical coefficient for expolinear equatiory dirnensionless
day lengtli, h
plant density, --t
leaf conductance to COr, (pr.mol COr)/[(m'leaf).s]
temperatrrre at which leaf photosynthesis is maxirnal, 'C

temperature at which leaf photosynthesis is zero, "C

ct

B
6
Tl

p

4n
4,
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