Chapter 1. Introduction

The objected oriented ECOPHY S model [Host et a. 1996] isan individual tree growth simulation
model of deciduous trees [http://www.nrri.umn.edu/cwe/ecophys.html]. To date it has been used
to smulate aspen and hybrid poplar. In this model we incorporate environmental factors under
which the tree grows including ambient air temperature, light intensity, ambient CO,
concentration and relative humidity, as input parameters. ECOPHY S simulates productivity of a
tree over a given period of time (1-3 years), and the effects of environmenta stresses
(temperature, light and CO,) on tree growth [K. Lenz, et al. Photosynthesis Tech. Report. 1999].

ECOPHY S code iswritten in Visual C++ version 5.0.

In the summer of 1998, when we initiated this research, ECOPYHS simulated a two year tree
(Poplar clone Eugeneii) growth process using a single machine, and in response to environmental
factors such as temperature and light intensity [Isebrands et a. 1999]. During this past year our
research group, and Gang Wu in particular, extended the model simulation to 3 — 5 years with a
paralel computing strategy using COM object [G. Wu M.S. Thesis, 1999]. My research work
was focused on developing component for a regulatory system which is connected to and
interacting with the main simulation module of ECOPHYS. In this research, two alternate
photosynthesis sub-models are incorporated into ECOPHY S. These make ECOPHY S responsive
to two additional environmental factors: CO, concentration and relative humidity. This work aso
incorporates aspen parameters to ECOPHY S so that we can simulate aspen growth. Furthermore,
this research generalizes the carbon transportation strategy within the tree to make it sensitive to
seasonal changes, Finaly, my research aso included separating many functiona units in
ECOPHY S from the main program and expressing them as COM objects. This makes these units

easy to update. Some basic characteristics of ECOPHY S are presented bel ow.



1.1. Object — Oriented Model and Hierarchical Structure

Object — oriented Programming (OOP) allows us to encapsul ate the properties and behaviors of
individual plant components in self—contained “objects’. This means that the internal operations
on properties and behaviors are also solely included in the object. OOP makes each object a
“black box” with a user defined interface. This smplifies the programming by minimizing the

interaction between objects. The basic objectsin single tree ECOPHY S are described below.

The Leaf Object. The leaf object isthe finest level of resolution in the above ground portion of

ECOPHYS. This object contains the physical characteristics of the leaf, such as its size, shape
and biomass, as well as information such as leaf age, leaf plastochron index (LPI) and maturity
class. It also contains the coordinates of each vertex of the leaf lamina, so that the leaf may be
located in three—dimensional space. Leaf location and geometry are essentia for calculating the
interception of direct and diffuse radiation. The leaf object also contains the instructions (rules)
for growth (leaf expansion) after photosynthates are received and respiratory losses subtracted, as
well as functions to generate new leaves. The leaf object also contains a physiological record (e.g.
net photosynthate in the leaf after leaf respiration and photosynthates relocation) during a certain
period of time, and a function that uses this record to determine whether aleaf should be abscised
and added to aleaf litter pool according to a physiological rule. At the end of the growing season,
leaves are acropetally abscised from the tree (leaf drop starts from the lowest part of canopy and

progresses gradually toward the top of the canopy.)

The Internode Object. An internode object is an individual stem segment subtending a leaf. In

ECOPHY S an internode is modeled as a cylinder and has the properties of length, width, mass (a
function of specific gravity), and coordinates in three-dimensional space. Internode objects are
maintained in a binary tree data structure with linked lists. The internodes contain pointers used to

define the topology of the tree. Pointers may refer to leaves, internodes above and below, or



branch internodes (Figure 1) A null pointer to a branch object indicates that a branch

does not yet exist at that internode. The use

of linked list data structures allows functions

to be called recursively across al orders of

branches. Internodes within the expanding

leaf zone, defined as those leaves with
approximately the first ten leaf plastochron

indices, grow in length, whereas al other

internodes grow in diameter (Rauscher et al.

1990). The amount of growth is a function

of the amount of photosynthate transported . . .
Figure 1. Pointers for the internode

to an internode, a photosynthate to biomass object. L - leaf, |- Internode and
B - branch

conversion coefficient, and internode

specific gravity.

The Branch Object. The branch object is a recursive linked lists of internode objects, some of

which have a branch (next order of branch) and/or leaf object linked to it (Figure 2). Branches are
divided into classes, called 2orders®, according to position in the tree structure. The trunk of the
treeisthefirst order branch, and the branch which is linked to an internode of afirst order branch
is a second order branch, etc. The (n+1)st order branch is a branch linked to an nth order branch.
A branch object contains the routines for calculating the leaf shading patterns, photosynthate
production, and carbon transport. Buds are produced in the axil of each leaf from the previous
years growth. The potential number of leaves developing on a new current terminal is based on
the branch’s position on the main trunk. On the lower third of the trunk, only whorls of four

leaves, called short shoots are produced. On the upper two thirds of the trunk, the



maximum number of leaves per branch is a
liner function of trunk position, starting with

5 leaves in the lower two thirds of the

canopy and increasing to a maximum of 100
2nd order branch

N

1st order branch

leaves at the top of the canopy. Finaly, a
branch object contains a characteristic angle
of curvature, defined as the angle of
deviation between successive internodes and
a termina angle. These values allow the
simulation of clonally specific branch

architectures. Figure 2. Recursive Structure of Branch

The Root Object. The root objects (root segments) are the finest level of resolution in the root

system, and like internode objects, are based on cylinders. Each root object contains data that
defines its physical size (length, diameter and mass.) In terms of its position in a root system, a
root object has the properties of order, segment number within an order, and a Boolean property
that determines whether or not it is a root tip. Position of the segment, along with age and
photosynthate supply, control the physiological attributes of the root object. Root objects are
interconnected in a binary tree data structure to form a root system. At the end of each day, the
simulation allocates and distributes photosynthate, and grows roots as it traverses the trees root

system.

The Tree Object. In addition to an underground root system, an ECOPHY S tree contains a first

order branch object (trunk), and through this, recursively contains all the tree's branches. In the
current ECOPHY S model, the only connection between the underground part and the above

ground part, is a photosynthate pool through which the root system receives photosynthate



produced by the above ground part. In addition, for the above ground part, the tree object
provides routines for creating trees, calculating diffuse radiation within the tree crown,
calculating LPIs for each branch, and tracking mean diurnal temperatures to calcul ate temperature

correction factors. These factors are used to modify photosynthesis and respiration rates.

From the definition of the fundamental objects in ECOPHY S, we can see that the objects are
hierarchically organized. At the beginning of anew year, with the new order of branches created,
the level of the hierarchical structures increases. Figure 2 shows the branch hierarchical structure
of atwo-year-old tree. Figure 3 shows the branch hierarchica structure of a three-year-old tree.
The recursive hierarchical structure determines that each tree level function should be a recursive
function that traverses each level of the structure. For example, if we want to know the total |eaf
area of the tree, the function we use must traverse each branch; at the branch level, it must
traverse each internode and recursively traverse into each sub branch, and accumulate the area of

the leaf attached to the internode currently encountered.
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Figure 3. Hierarchical Tree Structure



1.2. The Running Frame of ECOPHY S

We say the model is running in an hourly timing step because one hour is the finest time interval
we simulate. One time step through the execution of the main ssimulation loop represents the
activity that has occurred in the tree' s living process after on hour has elapsed. In ECOPHY' S, we
usually use an hourly timing step, but we have experimented with a half-hourly timing step and a

2-hourly timing step [G. Wu M..S. thesis. 1999].

The central part of the simulation is aloop. Each time we come to the end of the loop, the current
hours simulation ends, and a new hour begins. After the 24th hour of simulation, we increase the
day counter to start a new day's simulation. We deal with the year's increment similarly. Another
detail in ECOPHYS is that we have divided the day into two parts, daytime processes and
nighttime processes. Figure 4 (next page) is the gross loop running frame of ECOPHYS. The

following explains the process shown in Figure 4.

Initialization. ECOPHY S needs a set of initial files which contain the genetic information about
the smulated plant and the environmental information under which the plant is simulated. For
example, respiration rates and carbon alocation matrices represent two kinds of genetic
information; the weather datafile, with recorded light intensity, air temperature, etc for each hour

(in hourly timing step), contains the environmental information.

Yearly Processes. This process is executed once a year. ECOPHY'S can have severa yearly

processes on different days or on the same day. For example, when the budbreak day processis
called on the budbreak day, all the internodes will be traversed and budbreak and new generation
will occur on appropriate internodes. Other yearly processes are 2bud set® and 2distribute winter

storage®.
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Hourly Processes. The hourly processes constitute most of the computation of ECOPHYS.
During each hour of the daytime, al these process are executed. The main hourly processes in

ECOPHYS are:

Shading Process. Thisis the calculation of the shading pattern for each leaf at the given
hour of the given day. The shading pattern includes the shaded area and illuminated area
of each |leaf aswdll asthelight intensity of the shaded area and the illuminated area. This
process uses the direct sun light intensity obtained from the weather data file or from the

macro climate generator as the base of the shading pattern.

Photosynthetic Process. This process recursively traverses each leaf of the tree. At the
leaf level, using the shading pattern from the shading process, it calculates the
photosynthate the leaf generates during this hour according to the photosynthetic
response curve which is determined by genetic clona factors. A number of
environmental factors that influence photosynthesis, such air temperature and CO,
concentration, are obtained from the weather data file or from the macro climate

generator.

Nighttime Processes. In ECOPHY S, we assume most of the nighttime processes occur in the first

hour of the night. All the other night hours are skipped. The main nighttime processes are 2grow
the tree?, 2grow the roots® and @check leaf death®. The 2grow the tree® process is very complex

and includes a set of sub processes as follows:

Transportation. This is a recursive process that realocates all the photosynthate
generated in the daytime around the whole tree. Before reallocation, it subtracts a portion

of photosynthate that is used to keep each leaf alive. After realocation, it subtracts a



portion of photosynthate used to grow each young leaf and internode. The algorithm to

reallocate the photosynthate is crucial to tree growth and will be discussed again later.

Grow leaves. The sub process recursively traverses each leaf on the tree. According to

the current photosynthate amount after relocation, it grows each leaf in size and weight.

Grow internode and grow branch. Thisis similar to the grow leaves sub process.

Check leaf death. This sub process also traverses each leaf in the tree. At each ledf, it

checks the history record of photosynthate generation and loss. If the leaf has had a bad

history of poor photosynthate state, the leaf will be dropped.

1.3. ECOPHY Swith COM objects

Each of the programs in ECOPHY Sfalls within one of the following three categories.

Global loop program. The main simulation program is a global loop program whose structure is

fixed by theintrinsic characteristic of the smulation problem.

Data structure traversal program. In the introduction above to the running frame of ECOPHY'S,

we see that most of the functional processes recursively traverse the whole tree. This is
determined by the recursive hierarchical tree structure of ECOPHY S and should not be changed

once the tree representation strategies (binary tree representation) are fixed.

Stand-alone functional program. These programs have no relationship with the recursive tree

structure. For example, the algorithm in the photosynthetic rate calculation is unique to the leaf

objects and is contained in the leaf level. In general, we have two kinds of genetic factors that



affect the simulation of the tree. One kind the genetically determined constants, such as the
respiration rate of the leaf, which can be store in the initial file of ECOPHY S. Another kind is the
genetic related algorithm, such as functions contributing to photosynthetic rate, which can't be

stored in theinitid file.

One may think that we can integrate all the existing algorithms into the main program, and store a
switch in the initial file to select the desired algorithm. However if we did this, once a new
version of an algorithm appeared, we would have to recompile the whole program and re-
digtribute the whole program to all the users. However with COM objects, we can update new

algorithms for all users very easily, thus we do not have to redistribute the whole program.

COM is an objected oriented modeling approach developed by Microsoft. We can build each
stand alone functional program into a COM object (usually called a server) with a well-defined
interface (the input and output parameters are contained in this interface). Each COM object isa
stand alone program and can be generated separately. The main program (client) uses this stand
aone COM object dynamically through alink to it. When updating the new version of the stand
alone program, we just switch the link from the old one to the new one by registration. (See
Figure 5.) The use of COM objects provides us with an efficient way to maintain alarge program

such as ECOPHY S.
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Chapter 2. Regulatory System Modeling in ECOPHY S

Tree-growth regulation concerns functional relationships among growth processes, resources, and
stresses [K. Lenz, et al. Regulatory Report. 1999]. The regulatory system consists of clond
information of the tree which will affect the tree growth according to the current tree status and
environmental factors. In general, the components in the regulatory system can be divided into
three levels according to the hierarchical structure of ECOPHYS. Each level contains some
functional units that perform various regulatory tasks and are linked to program segments in
ECOPHYS. The relationship between ECOPHYS and each level of the regulatory system is

illustrated by the following figure.
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To date, we have implement some functiona units on each level, and some of these are in the

form of COM objects.

2.1. Leaf Level Regulation:

Determination of if and when a leaf senesces during the growing season is an example of a leaf
level regulatory problem. Currently in ECOPHY S thisis based on the productivity and nutritional
history of the leaf. For each leaf the net photosynthate left after respiration and reallocation
occur, is averaged over a number of days. If this average falls below a threshold then, with a

certain probability, the leaf drops. The net photosynthate is obtained by the following formula.

Net photosynthate
= ((gross photosynthate + |eaf maintenance respiration)
- photosynthate transported out of the leaf + photosynthate received from other |eaves)

- leaf growth respiration.

For each leaf we record net photosynthate during the last ten days. Say net psyne(today),

net_psyn,(yesterday), ..., net_psyny. Then we calculate the average of them as,

Aver_net_psyn = (net_psyno+ net_psyn; + ... +net_psyng) / 10.

We use the following criterion to judge whether this leaf should be dropped.

Let RC be a uniform random number between [0,1], and Threshold be areal humber.

13



K = (Aver_net_psyn + Threshold) ~ factor,
If (K>=0)
The leaf remains
Elseif (RC>1-€°)
The leaf remains
Else

Theleaf drops.

In other words, the probability that a leaf drops when the Aver_net_psyn is lower than a certain
threshold is 1 - €, where K = (Aver_net_psyn + Threshold) = factor. Threshold and factor vary

with different clones, and can be looked upon as genetic parameters.

Another leaf level functiona unit is the photosynthesis model. Modification of the dynamics of
photosynthesis for a given leaf can be made at the leaf level based on leaf age, nutritiona history,
and exposure to CO2. Simulation of the long-term acclimation of photosynthesis to CO2
exposure (Sage et. Al. 1989) can involve modification of parameter values such as Amax, the
maximum photosynthetic rate, based on the length of time the leaf is exposed to high CO2 levels.

(although this has not yet been donein ECOPHY S).

In ECOPHY S genetic factors and environmental stresses influence the tree growth by affecting
the photosynthetic rate of the leaves. genetic factors and environmental stresses are inputs the
photosynthetic rate calculation. The photosynthetic rate function' s response to genetic factors and

environmental stresseswill be discussed in detail in the next chapter.

14



2.2.Branch and Tree Level Regulation

Whole tree carbon alocation occurs on both the tree level and the branch level. At the branch
level, the mechanism to distribute carbon among all the leaves on the branch is determined by
physiological characteristics of the tree, and can be influenced by the environmental stresses. We

will discussthisin chapter 4.

A branch death decision unit is part of branch level regulation. The branch death algorithm is
similar to that of the leaf death algorithm. It is based on the productivity of the whole branch,
which is a sum of the productivity of al the leaves on the branch. We also make a ten day record
for this productivity. The same probability judgement as described on page 14 is made to

determine whether the branch should die or not.

In addition to carbon distribution among branches, tree level regulation includes the budbreak and

budset day decisions, a branch trimming strategy, and a respiration temperature correction

caculation.
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Chapter 3. Photosynthate Modeling.

The photosynthesis model simulates the process whereby light is converted to photosynthate
generated in each leaf according to photosynthate production functions based on intercepted light,
temperature, relative humidity, ambient carbon dioxide concentration, and leaf age [see K. Lenz

et a. Photosynthate Technical Report 1999].

The amount of direct and indirect sunlight intercepted by each leaf is computed in the shading
program [G. Wu, M.S. Thesis. 1999]. This computation takes into account leaf position,
orientation and size, mutual shading of leaves, and the relative location of the sun. Solar
radiation is expressed as photosynthetically active photon flux density (PPFD) in mmol/m?s.
Intercepted solar radiation consists of the sum of direct, diffuse, and reflected light. Diffuse and
reflected light intensity are computed based on Bier's law, an exponential decay function based

on aleaf' slocation within the canopy.

Our current photosynthetic rate model is based on that of [Harley et al. 1992] and [Farquhar et al.
1980]. This model computes stomatal conductance and net CO2 assimilation rate as functions of
the rates of carboxylation and oxygenation of RUBISCO. This model was originaly
parameterized for cotton. We first parameterized it for the poplar clone Eugeneii by adjusting the
parameters in the model under ideal condition so that the photosynthetic response curve generated
fit the hyperbolic model very well in the low light condition. Secondly, we adjusted the
parameters according to four leaf maturity classes so that photosynthetic rate would change
according to leaf maturity class. At last, we parameterized the model for aspen with the 1998
photosynthetic rate data collected at the Rhinelander FACE site. We modified the model

equations so that photosynthetic rate changed with leaf maturity class.
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3.1. Hyperboalic Photosynthesis Model

The original photosynthetic rate model used in ECOPHY S [2The ECOPHY S User's Manual®,
George E. Host et al., 1990, based on Goudriaan, 1982] has only three inputs: leaf maturity class
(four levels classified indirectly according to the leaf age), temperature, and intercepted light

intensity, PPFD, (projected light intensity on the leaf surfacein units of mmol/m?/s).

There are four photosynthate production equations in this model; one corresponding to each |eaf
maturity class. Each of these equations is defined by three parameters: Fmax, Rd, and Pe. Fmax
refers to the maximum rate of CO, assimilation at high light intensity in units of mmol CO, /m?s.
Rd is a negative value describing respiratory loss in the absence of light, aso in units of mmol
CO, /mP/s. Pe is a unitless measure defining the slope of photosynthetic rate as a function of
PPFD where it crosses the PPFD-axis. Biologically, Pe represents the efficiency of

photosynthesis at low light intensity.

For each maturity class, Cer, the photosynthetic rate (mmol CO,/m?/s), is

((Fmax+Rd)" Pe’ PPFD)
(Pe” PPFD) + F max+ Rd

1).

After Cer is computed, it is multiplied by a temperature correction factor. This correction, r, is

given as a quadratic function of temperature (in centigrade):

r =-0.14517+0.07361 Temp- 0.00123 Temg 2).

This photosynthetic rate model works well in ECOPHY S when ideal growing conditions are

assumed. However, it does not take into account important environmental and interna factors

17



such as CO,, Os, Nitrogen, and relative humidity. Thus ECOPHY S, using this photosynthetic rate

model, can't predict the effects of variationsin these factors on tree growth.

3.2. Rubisco Model

The Rubisco photosynthetic rate model (Rubisco model for short) is a modified version of that
proposed by Harley, Thomas, Reynolds, and Strain [Harley et a, 1992] and Farquhar, von
Caemmerer, and Berry [Farquhar et. al. 1980]. This modd differs from that in Harley et.al. 1992
in that our Rubisco model does not include a photosynthetic rate limitation due to inadequate
phosphate. Also our Rubisco model has photosynthetic rate dependencies on leaf age while the
model in Harley et. a. 1992 does not. Light intensity, temperature, CO,, and relative humidity
are inputs to the Rubisco model. The meaning of the symbols introduced in this section are given
in Appendix 2. Here temperature dependence modeling involves several intermediate parameters

as follows.

Paramete(Kc, Ko, Rd,?) = exp(c- DHa/(R- T,)) 3)

exp- DHa/(R- T,))

Paramete(J maxVcmax)=
1+exp[@S- T, - DHd)/(R- T,)]

(4)

Here (3) represents four equations, with each of Kc, Ko, Rd and t having its own ¢ and DHa.
Likewise, (4) represents two equations with Jmax and Vcmax having separate values for DS and
DHd. In (3) and (4) R is a gas constant (0.00831 kJ k™ mol™) and T is the leaf temperature in

Calvin. These parameters are then used to calculate two important rates, Wc and Wj, which are

intermediary to the calculation of photosynthetic rate.
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Wec is the rate of carboxylation limited soldy by the amount, activation, state, and kinetic

properties of Rubisco, reflecting the influence of CO,. We have

o= Vcmax Ci
Ci+Kc(l+0/Ko) '

()

where Ci and O are the partial pressure of CO, and O, in the intercellular air space in the unit of

Pa or umol/mol. The relationship between them is 1 Pa= 10 umol/mol.

Wi isthe rate of carboxylation limited solely by the rate of RuBP regeneration (mmol m?s") in

the Calvin cycle. We have

Wi = J-Ci

ECECRR ©

where Jistherate of electron transport in the photosynthetic process (mmol /m?s). We have

Jj=—°2___ (7)

where a isthe efficiency of light energy conversion (=0.24) and | isthe light (mmol m*s™).

Now we can express the photosynthetic rate, A, in the following way :

- 05 OB hintwewi - Rd ®).
eé tt-Cig
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We need Ci to calculate A, but Ci results from the interaction of A and leaf ssomatal conductance

to H,O flux g That is

Ci=Ca- A-16-100 ),
Os
where
RH
+0,- A- — 10).
gs » gO gl Ca ( )

Caisthe partia pressure of CO, outside the leaf (in Paor umol/mol), RH isthe ambient relative

humidity (%) and g, and g, are constants.

From the last three equations, we see that A and Ci interact with each other in an iterative fashion.

Given Ca, both are calculated by iteration in the Rubisco model.

3.3. Parameterization of the Rubisco Model to ECOPHY S

The model in Harley et. a. 1992 was used to study photosynthesis in cotton. ECOPHY S models
adeciduous tree.  The model in [Harley et. d. 1992] can be applied to a tree given appropriate
parameter values, but these must be determined. Also, the model in [Harley et. al. 1992] does not

deal with leaf age, which is significant to ECOPHY S.

We assume that some parameters in the photosynthetic rate equations are functions of leaf age.
In the original photosynthetic rate model discussed above leaf age was based on LPI (leaf
plastochron index), modified based on the location of the branch in the canopy (especialy in the

case of short shoots). This works well during the mid growing season. However, LPl as a
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measure of leaf age is not valid in the early or late growing season. In the spring all leaves are
young regardless of LPI. In the late season all leaves are mature or over mature regardless of
LPI. Thus, for each leaf in the canopy, we measure leaf age according to the number of days
since the leaf was initiated. This alows us to treat leaf age uniformly within the canopy and
through out the entire growing season. We can vary photosynthetic rate dependency on leaf age
continuously with leaf age or discretely according to leaf maturity class. Currently leaf maturity
class is determined directly by leaf age, although in the future one may choose to age leaves

based on additional considerations such Ozone exposure and resource stresses.

To parameterize the Rubisco model to a specific tree type such as the poplar clone Eugeneii, we
need a set of experimental data. We adjust the parameters in the model so that the resulting
calculated values of photosynthetic rate given the experimental environmental and internal input

parameter fits the experimentally measured photosynthetic rate well.

In order to adjust the parameters of the model to Eugeneii, according to the original ECOPHYS's
photosynthesis model, we make the following assumptions. The photosynthetic rate before
temperature correction in the origind ECOPHYS model is obtained for standard (ideal)
environmental and internal conditions. Specifically, suppose that we assume that CO2=35Pa,
RH=50%, Temp=300K. Under these ideal conditions, the results from the Rubisco model should
fit the results from the original ECOPHY S phaotosynthetic model well when the Rubisco limiting
effect does not appear [Harley et al. 1992]. The Rubisco limiting effect is the significant

difference between the two models. It comesinto effect only at higher light conditions.

Under these assumptions, we tuned the parameters in the Rubisco model, mainly Vcmax, t and
Rd, according to four maturity classes. In [Harley et al. 1992], this is no maturity class

dependency. But in [G. Host et a. 1990], the hyperbolic model, we parameterized the
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photosynthetic response curve for each mature class. So for each of the Vecmax, t, and Rd, we
want four different values corresponding to each of the four maturity class. We did the tuning

process in the following way:

Rd. Assuming that dark respiration is independent of the light intensity, we tune the ¢ for
Rd in (3) to 17.8, so that Rd under 300K is 1. Then we multiply aratio rRd to the Rd we
got from (3), so that Rd for each of the maturity classesis 1.00, 2.46, 0.95 and 0.81 under

300K respectively. These are just Rd values provided in hyperbolic model.

Vcmax. We have four Fmax valuesin (1) for the hyperbolic model corresponding to four
maturity classes. Recall that Fmax represents the maximum photosynthetic rate for each
class and Vcmax aso represents the maximum ability for a leaf to generate
photosynthate. Thus we expect the ratio between any two of the four Vcmax values (one
for each maturity classes) to be the same as the ratio between any two of the four Fmax
values. For the Vcmax obtained by (4), we multiply by 0.622, 0.942, 1.000 and 0.685
which are the ratios between the four Fmax values compared to the third one (Fmax for

the mature class).

t. For each maturity class, we multiply a different ratio rt to thet given by (3) so that the
new t we obtained varies with maturity class. We tune this value separately. Wen assume
that each rt is not far away from 1. We select 50 pointsin the low light interval ( £ 500)
evenly from 10 to 500. We calculate the photosynthetic rate at these points using the
hyperbolic model, say A(ppfd). We then calculate the photosynthetic rate at these points
using the Rubisco model under this given rt, say A'(ppfd, rt). Then we caculate the

least square error.
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Error(r¢)= g [A(i"10)- A" 20rt)] .

We tuned the rt from 0.1 to 3.00 with a step of 0.01, and then find the value which
minimized the Error(rt). We obtained four different rt values corresponding to the four

maturity classes. these are 0.32, 1.30, 0.65 and 0.90.

Figures 1, 2, and 3 below compare the curves of A (photosynthetic rate) verses PPFD for the
Rubisco model fitted to ECOPHYS and those for the origind photosynthesis model (the
hyperbolic model). In Figures 1 and 2 the highest curve at 500 PPFD is for newly mature leaves,
the second highest is for mature leaves, the next highest for over mature leaves, and the lowest for

young |eaves.
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Figure 1. Photosynthetic rate of original model for Aspen calculated using equations (1) and (2).
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Figure2. Photosynthetic rates of the Rubisco model after the parameters

are adjusted so that the rates are close to the original model.
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Figure 3. Comparison of figures 1 and 2.
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The Rubisco model fitted to Eugenei with the parameters given in Table 1 was incorporated into

ECOPHY Sin the Fall of 1998.

Table 1. Parametersin the Rubisco model for Aspen

Parameter Vaue Unit Parameter Vaue Unit
c(Kc) 35.79 - c(Ko) 9.59 -
DHa(Kc) 80.74 kJ/mol DHa(K o) 1451 kJ/mol
c(t)(mcl) -5.0729 - c(Rd)(mcl)  17.7996 *
(mc2) -2.6865 - (mc2)  18.6998 *
(mc3) -4.3797 - (mc3)  17.7483 *
(mc4) -4.0543 - (mc4) 17.5889 *
DHa(t) -28.99 kJ/mol DHa(Rd) 44,9312 kJ/mol
c(Vcmax) 32.224 - c(Jmax) 21.817 -
DHa(Vcmax) 69.97 kJ/mol DHa(Jmax) 41.869 kJ/mol
DHd(V cmax) 200. kJ/mol DHd(Jmax) 200. kJ/mol
DS(V cmax) 0.62 kJ/mol/K DS(Jmax) 0.62 kJ/mol/K
o 132.57 - 01 179.56 -
* = nmol/mP/s - = unitless

Because we did not have environmental data files concerning CO2 density and relative humidity
(RH) at the time, we extended the items in the input file to contain artificia information for CO,
density and RH. These values are set to be constants in a certain range. If we change these values,

the ssimulator will work under a different set of environmental conditions.
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Using a weather data record file for 1989 and different combinations of CO2 and RH as inputs,
ECOPHYS gives different patterns of output. Pictures of the resulting tree under different

combinations are shown in Figure 4. (Two year tree simulation).

Figure 4. Resulting tree under different CO, and RH levels
In figure 4, the upper 4 pictures (they have different relative scale as 100%, 120%, 140%, and
160%) are the resulting trees when RH is 50%, and CO, is 30Pa, 35Pa, 42Pa and 50Pa,
respectively; the lower 4 pictures (the same scale) are the resulting tree when CO, dendity is
35Pa, and RH is 30%, 50%, 70% and 90%, respectively;. From these pictures, we can see that
the higher the CO2 density levels the taller and bigger the tree grows. Intuitively this seems
reasonable. However a change in RH change does not cause much change in resulting growth. It
is interesting that in the Wimovac model (discussed in Section 3.8 below) RH is not even

considered.
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3.4. FACE Data Parameterization and Simulation Results

Table 2. lists the parameters for the Rubisco model that Mark Coleman obtained using 1998

Eugeneii data collected at the Rhinelander FACE site.

Table 2. Parameters of Rubisco model for Aspen (FACE DATA)

Parameter Vaue Unit Parameter Vaue Unit
c(Ke) 35.79 - c(Ko) 9.59 -
DHa(Kc) 80.74 kJ/mol DHa(Ko) 1451 kJ/mol
c(t)(mcl) 3.9489 - Rd 2.58 *
DHa(t) -28.99 kJmol
c(Vcmax) 34.292 - c(JImax) 22.961 -
DHa(Vcmax) 74.487 kJ/mol DHa(Jmax) 44.33 kJ/mol
DHd(V cmax) 203. kJmol DHd(Jmax) 202. kJmol
DS(Vcmax) 0.65 kJ/mol/K DS(Jmax) 0.65 kJ/mol/K
Qo 362.69 - o 37.977 -
* = nmol/mP/s - = unitless

The parameter values given in Table 2 do not reflect differences between leaf maturity classes.

We made the foll owing adjustments to parameters according to leaf maturity class.

1) Let Rd=1.00, 2.46, .95 and .81, corresponding to the young, newly mature, mature and over
mature classes respectively.

2) ScaleVcmax and Jmax with afactor of 0.6222, 0.9414, 1.0 and 0.6845, corresponding to the

young, newly mature, mature and over mature classes respectively.
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Figure 4 shows the photosynthetic response curves for various maturity classes. We incorporated
this photosynthetic rate model into ECOPHY'S, and let the ssimulator run (for two year growth
periods) under different environmental stresses, (CO,, RH ). We obtained a set of data about the
growth status, such as total leaf number, total leaf area, trunk height and trunk diameter. The
relationship between the growth status and the environmental stress are shown in Figure 5
through 8. From these figures, we can see that the aspen grows faster in leaf area, trunk height
and diameter in an elevated CO, environment. Also there is a small increase in the total leaf

number.

Figure 4. Photosynthetic rate of aspen after adjusting parameters according to maturity class.
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Figure 5. Leaf Area(cm?) .vs. CO, (in Pa) under various RH

Figure 6. Leaf Number .vs. CO, (in Pa) under various RH
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Figure 7. Trunk Height(cm) .vs. CO; (in Pa) under various RH

Figure 8. Trunk Diameter(cm) .vs. CO, (in Pa) under various RH
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3.5. Implementation of the Rubisco model.

In ECOPHY'S, once for each (1-hour) smulation step, the amount of photosynthate produced
during that time step for each leaf is calculated in the following way:
Psyn=[A." g+As” (1-q)] LeafArea” 3600s, (11)
where q is the ratio of the area of the sunlit portion of the leaf to the shaded portion of the |eaf,
and A_ and As are the photosynthetic rates of the sunlit and shaded portions of the ledf,
respectively. Photosynthetic rate is a function of leaf age (denoted by leaf mature class (MC),
from 1 to 4), light intensity (PPFD) intercepted by the leaf, CO2 density in the air (Ca), leaf
temperature (T) and relative humidity of the air (RH). That is,
A =A(MC, PPFD, Ca, T, RH) (12)

Thisfunction is calculated for each leaf and there are thousands of leaves on athree year old tree.

A concern associated with the Rubisco model is that when the light intensity is low, i.e. PPFD <
100 mmol /m?s, the Ci iteration will sometimes take a long time to converge or not converge at
all. Observe that the low light regions (0 to 100 nmol /m?/s) of the photosynthetic rate response
curvesin Figure 1 are ailmost linear, with the A-intercept as Rd. Thus we can estimate closely the
value of A when PPFD is between 0 and 100 by linear interpolation. To do this we calculate the
photosynthetic rate when PPFD is 100, say Ajp. Then the approximate photosynthetic rate for a

given light intensity x (<100), is

A(X) =[AL00) + Rd]’ 1_();c - Rd (13)
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3.6. Computation Consideration in Rubisco Maodel

Even for higher light conditions, because the photosynthetic rate calculations are done for every
leaf during each hour of sunlight, computationa efficiency must be considered. The
computational workload for the Rubisco model of photosynthetic rate is much greater than the
previous model' s workload. Thisis due to the iteration for computing Ci and the more involved
parameter caculations. This is not a computational bottle-neck in the current ECOPHY S
implementation, where the computational workload of the shading algorithm is much larger. But
if the shading workload is decreased by a factor of ten, it will be comparable to the workload of
the photosynthetic rate calculations. An initial paralel implementation of current shading

computations reduces the shading workload by afactor of 3.4 [Isebrands et. a., 1999].

We can approach the problem of reducing the computational workload of the photosynthetic rate
calculation in several ways. We might reduce the workload by finding a smart way to choose the
initial value for Ci in the iteration. However, Cais a good initia seed in low light conditions
where the iteration performs badly. It may be more promising to replace the iteration altogether

with afast non-iterative method for computing Ci.

Figure 9 below illustrates that, for any fixed value of Ca, the ratio Ci/Ca s fairly constant over a
large range of relative humidity levels. Figures 10 and 11 show that Ci/Ca does not change
dramatically with light or temperature. Thus, it is reasonable to calculate and store in alibrary
the Ci/Caratio for an array of discrete values for Ca, light, and temperature (ignore humidity),
and then use linear interpolation to approximate Ci/Ca for the specific Ca, light, and temperature

values that arise during simulation. However, we have not yet investigated thisidea further.
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Figure 9. Ci/Ca.VS. Cafor various Relative Humidity levels

Figure 10. Ci/Ca.VS. Cafor various light levels
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Figure 11. Ci/Ca.VS. Cafor various Temperature levels

Another way to reduce the photosynthetic rate calculation workload would be to replace the
Rubisco model calculations with an artificial neural network. See the Appendix, for an

introduction to neural networks and the algorithm for training an artificial neural network.

A neural network is like a blackbox with outputs and inputs designated by the user. The
relationships between inputs and outputs are decided by a set of parameters (weights) for
exponential functionsinternal to the network. Before the network can be used, it must be trained
first by alarge date set of input/output pairs that reflect the designated relationships of inputs and
outputs. The training process tunes the weights according to a training data set so that the

network with the tuned weights can simulate the desired relationship between the inputs and



outputs. In this case the inputs would be, as denoted in equation (12), MC, PPFD, Ca, T, and

RH. The output would be A.

Although the training process would be computationally intensive, it would need to be done only
once each time the underlying Rubisco model was modified. It would not be part of the
simulation. The neural network, with the tuned weights, would run very quickly within
ECOPHYS. A drawback of using aneural network isthat it would have to be recreated each time
we modified our underlying photosynthetic rate model. It would be more desirable to use our
underlying mechanistic photosynthetic rate model directly within the simulation if this can be

done efficiently.

The number of training examples needed for an artificial neural network can be decided in the
following way. Assume that we have n input and one output. For each input i, k; discrete point is
dense enough to represent the input range. Then the tota training exampleis k;” k,” L “ k...
For example, in the Rubisco Model, we have light intensity, temperature (15°C to 40°C), CO, (20
pato 70pa)density, and relative humidity(30% to 90%). We need 50 discrete light intensity point,
6 discrete temperature point, 6 CO, point and 7 relative humidity point. So the number of training
examples needed is 50" 6" 6° 7=12600. Usually we use a neural network with two hidden layers,

The number of hidden unitsin each layer isthe average of the number of inputs and outputs.

3.7.Interpolation of A verses PPFD.

An approach that we have taken for reducing the computational load uses the fact that, within

ECOPHYS, at any given time the values of Ca, temperature, relative humidity, and air pressure

are assumed uniform throughout the canopy. Thus PPFD is the only input for the calculation of
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photosynthetic rate, A, that varies from leaf to leaf. Another significant observation is that for
any given conditions, the A verses PPFD curves (see Figure 1) can be very closely approximated
by piecewise linear interpolation involving 50 (or fewer) interpolation points. Thus for each
hour, instead of calculating A for each leaf in the canopy, we can do the following. Using the
current hourly values of Ca, temperature, relative humidity, and air pressure, compute 50 (or
however many) points on the resulting A verses PPFD curve for each maturity class. Then for
each leaf compute the PPFD values for the sunlit and the shaded portions of the leaf. For the
PPFD value for the sunlit portion (and then that for the shaded portion) use interpolation to
estimate A. This estimate of A will be very close to the value of A one would get by computing
A directly. But because we only compute A a few times (once for each interpolation point for
each maturity class, so say 200 times) rather than twice for each leaf in the canopy (once for the
sunlit portion and once for the shaded portion), we are cutting the computational load

dramatically.

In the implementation the PPFD axis is divided into 3 intervals. From 0 to 190, 20 points are
selected and the step size is 10; from 200 to 960, 20 points are selected and the step size is 40;
from 1000 to 2000, 10 points are selected and the step size is 100. In al, the value of A is
computed for 50 discrete values of PPFD. The resulting piece-wise linearly approximated curve
and the difference between the origina and approximated curves are shown below in Figure 12

for MC=3(mature), Ca=300, T=300K and RH=70%.

The flow chart of the algorithm is shown in Figure 13. Counter 1 records the number of times
that the iterative method of computing the Rubisco model is used during the simulation. Counter
2 records the number of times each sunlit or shaded portion of each leaf is visited. Note aso that
because the number of times each leaf is visited is the same, whether or not the interpolation

method is used, counter 2 also counts the number of times A is calculated when the interpolation
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method is not used (i.e. when A is calculated each time the sunlit or shaded portion of leaf is
visited.) the ratio of these two counters measures the computationa reduction introduced by the

interpolation method.

Figure 12. Comparation of the directly calculated value and the interpolated value
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Table 3 at the end of this section shows the comparison of counter 1 and counter 2. The final
numbers in this table, 4096000 and 630200, are for a tree that is about one and a half years old.
Thus one can see that although the interpolation method is more computationally intensive than
the original method for a one-year old tree, during the second and subsequent growing seasons,

the interpolation method realizes significant computational savings.
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Counter 2 Counter 1
1000 17000
2000 27600
4000 43200
8000 66000
16000 98600
32000 145000
64000 212800
128000 306800
256000 385000
512000 419000
1024000 464600
2048000 529600
4096000 630200

Table 3. comparison of counter 1 and counter 2.

3.8.WIMOVAC Photosynthesis Model

WIMOVAC, aWindows™ Intuitive Model of Vegetation response to Atmosphere and Climate
Change [http://www.life.uiuc.edu/plantbio/wimovac/model.htm], aso incorporates biochemical
mechanistic equations to predict CO, assimilation rates [S. Humphries and S. Long, 1995],
[Martin et al, 1999]. We started to investigate the WIMOV AC model with the help of Dr. Marion
Martin, University of Essex, England. We had many pleasant discussion with her concerning this

model. She summarized most of the equations involved in the WIMOVAC model which are
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derived from [S. Long, 1991], [J. Evans and G. Farquhar 1991], [T. Sharkey. 1985] and [Harley

et a. 1992]. The formulae to caculate the photosynthetic rate A in WIMOVAC are listed as

follows.
A=(1-G /C) min{fW,, W;, Wp} +Ry4 (14)
G = (0.5Vomax * Kc - O) / (Vemax - Ko ) (15)

O, = 210 [(0.047 - 0.0013087 T + 2.5603-10°> T2 - 2.1441-10-7 T3 ) /
2.6934-102] At 25°C, O; = O, (16)
Ci =0.7C, [(1.674 - 0.061294T + 0.0011688 T2 - 8.8741-10¢ T3 ) /

0.73547] At 25°C, C;=0.7C, (17)
Kt = explE (Tk-298)/ (298 Tk RI"(T, / 298)05 (18)
We=Vemax G )/[Ci+ K. (1+ O/ Kp)] (19)
W;=(J'C)/(45C; + 10.5G") (20)
J={lo+ Imax - [(I2 + Imax)? £ 40 12 Imax] ©%} 1 20¢ (21)
L=1ly(@1-f)(1-r)/2 (22)
Wp=3Tpy  (1-G /1C) (23)
9=9g+9y (A'R,/C) (24)

The symbol involved in above formulas are summarized in Appendix.

3.9. Comparison of the Rubisco model and WIMOVAC model.
We can see that the WIMOV AC equations differ to the Rubisco model equations in 4 main ways.
1) The cdculation of J, the potential rate of electron transport, in the equation of Wj is

calculated, (20) + (22)
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2) Theinclusion of the calculation of phosphate limitation, Wp (23).
3) Because the C; hereis calculated in (17) directly from Ca, and temperature, there is no
iteration in getting the A in WIMOVAC.
4) Relative humidity isnot involved in the WIMOVAC mode!.
Observe that the stomatal conductance equation (24) is the same as both WIMOVAC and the

Rubisco model.

Figures 14 to 19, show the comparison of the photosynthetic response curves of the two models.
We can see that at low light levels (ppfd < 350), the predicted A values are very closed, But not
when Temperatureis varied (Figure 18 & 19). But when light is strong, the Rubisco model shows
a higher photosynthetic rate. This is because in the WIMOVAC model, Phosphorylation limited
rate of carboxylation isintroduced. This limits the photosynthetic rate at high light intensity. This
was verified when the WIMOVAC model is incorporated into the ECOPHY S model under the
same simulation environment. All the values of growth status (leaf number, leaf area, trunk height

and diameter) are lower than that they are when the Rubisco model is used.

Figure 14. Photosynthetic response curve under

different CO, levels (Rubisco Model)
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Figure 15. Photosynthetic response curve under

different CO, levels (WIMOVAC Model)

Figure 16. Photosynthetic response curve under

different relative humidity levels (Rubisco Mode!)
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Figure 17. Photosynthetic response curve under

different relative humidity levels (WIMOVAC Modédl)

Figure 18. Photosynthetic response curve under

different temperatures (Rubisco Model)
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Figure 19. Photosynthetic response curve under

different temperatures( WIMOVAC Model)



Chapter 4. Carbon Allocation

Carbon distribution inside the tree contains two parts: branch level and tree level. Previoudy, the
branch level distribution was fixed and integrated into the branch module. We extracted the basic
characteristics of the distribution problem, and separated the carbon transportation agorithm out
of the branch module. The figure below illustrates the relation between the allocation part and

simulation part.

The transportation server is a COM object. The carbon allocation matrices are calculated by
branch information provided by the branch object. The distribution algorithm distributes the
carbon inside the branch according to the carbon allocation matrices. A 2change entries function®
adjusts the entries of the matrices according to some signal's coming from the simulation loop. For
example, currently the regulatory system in ECOPHY S interpolates between carbon allocation
matrices for active growth and those for post budset storage in the roots, transitioning

continuously over the course of several days.
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4.1. Leaf Plastochron Index (LPI)

The carbon transport coefficients the pattern of photosynthate allocation from the leaf to various
growth centers within the plant. The source (leaf) location is defined by LPI + Leaf Plastochron
Index[D. Michael et.al. 1985]. The growth centersin the plant include leaves, internodes, cutting

and roots. The internodes are indexed by LPI also.

LPI isdefined at the branch level. Each branch has it own set of leaf LPIs and internode LPIs. For
leaves, LPIs are numbered consecutively from the top of the branch down with the most recently
emerged leaf defined as LPI 0. For internodes, the definition of LPI is similar with that of leaves.

Figure 20 illustrates how the LPIs are defined.
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4.2. Photosynthate Transportation Strategies

The photosynthate transportation mechanismisillustrated in Figure 21.

For each |eaf, after maintenance respiration, a portion of the photosynthate left will be transported
out (We call this the transported photosynthate). The proportion is determined by the exporting

leaf's LPI, and is called portion transportation coefficient (PTC). Currently, the PTC is the

following
LPI PTC(%)
0+4 0
5+9 15, 30, 45, 60, 75
10+ 29 90
30+99 100
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From this table, we see that the youngest 5 leaves of each branch will not give out any
photosynthate. For leaves with LPI of more than 29, all the photosynthate will be transported out.
The transported photosynthate is divided into two part, upward transportation and downward
transportation (the exact part transported to other branches). The leaf can only transport upward
to leaves and internodes with the smaller LPI number. The upward transported part is divided into
two parts, one is for the leaf, and the other is for the internode. The amount that the source leaf
transports to an individual leaf or internode is determined by the destination LPI. The proportion
of the total transported photosynthate is called 2(upward) Leaf Transport Coefficient® (LTC) or

a(upward) Internode Transport Coefficient® (ITC). The LTC matrix is given below.

0O|121|2 |3 |4 |56 |7 |8 |9 10/11|12(13(14|15|16|17 |18
0 25| 06|.04| 04| 04| .04 05| .05 05| .05|.05| .03 0101
1 24| 02|03 .09 0400 04|.01].001].03].02].01].01
2 29| 01| 22|04 08| 01| 05| 01| .05].0L].02].01].01
3 18| 28| 01| 18| 03| 03| 01| 02| 01| .03
4 01| 08| .16|.01] .05 .03].01 01
5 03] 110 [.05] .01
6 01| .01 .01 03
7 01| .01
8 01
9
10
11
12
13
14
15
16
17
18

The number in the first row represents the source leaf LPI, and the number in the first column
represents the destination LPI. All the blank cells represent 0. The number in the cell which isthe
intersection of the (m+1)st column and (n+1)st row, is the proportion of transported
photosynthate from source leaf with LPI m to destination leaf with LPI n. The ITC matrix has the

same pattern. If we use LTC(l, J) and ITC(I, J) to represent the proportion of photosynthate of

48




leaf (LPI =1) transported to leaf and internode (LPI=J), then we have the following photosynthate
distribution relationship.

Trans_psyn = (Gross _psyn = fMresp) © PTC(I)

Trans_psyn_L(J) =Trans psyn” LTC(l,J).

Trans psyn_I(J) = Trans psyn” ITC(1,J).

Trans_psyn_Other_branch = Trans psyn” DTC(I)

Here Trans_psyn is the transported photosynthate. Gross_psyn is the gross photosynthate the | eaf
generated during the day. IfMresp is the photosynthate used for maintanence respiration;
Trans_psyn_L(J) is the photosynthate transport to the leaf whose LPI isJ. Trans psyn_|(J) isthe
photosynthate transported to the internode whose LPI is J. Trans psyn_Other_branch is the

photosynthate that is transported to other branches, the trunk and roots.

4.3. Distribute Branch Photosynthate.

Untill now, we have not discussed the photosynthate that was transported to other branches. In
ECOPHYS, there is a tree level distribution for this photosynthate -- Distribute Branch
Photosynthate. Each branch accumulates all the photosynthate that was transported downward
from the leaves on it. Of this, 75 percent of this amount will be stored as over winter storage for
this branch, 20 percent will be distributed evenly to al the internodes on the parent branch lower
than the internode on which the current branch is attached. The remaining 5 percent of the

amount will be sent to the root system.

4.4. Regul ate the Transportation Coefficients

From the above discussion, we know that the photosynthate that is transported out of the leaf has

three destinations. other leaves, internodes and downward. The downward part goes to other
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branches, the trunk and the root system. In previous versions of ECOPHY'S, all the parts of the
digtribution were fixed once the initial program ran. But, as a regulatory problem, we want to
change the proportions distributed as environmental factors change. For example, around the
budset day, each leaf should transport less and less photosynthate to other leaves and internodes,
and transport more and more to the root system and over winter storage. To model this we add a
function to the transport server COM object whose input parameter is a percentage. Once this
functionis called, al the LTC and ITC will drop to the given percentage of the initial value.The

dropped portion will be added to the portion transported out of the branch.

During the 10 days around the budset day we incorporated a smooth change of the LTC, ITC
from 100% to 20% of the initial value, with corresponding increase in DTC. The values of all
these transport coefficients for a certain leaf during a growing season now are shown in Figure
22. Simulation results show that because we store more carbon near the end of last season, the
tree can restore more carbon at the beginning of the current season. This results in an increase in

the growth, including increased leaf number, leaf area, trunk diameter, and tree height.
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Future Directions

In this thesis, we have mainly discussed the photosynthesis model and carbon allocation strategies
in ECOPHY S. The photosynthesis model incorporates some environmental conditions. However,
we areinterested in adding more environmental factorsinto the model. One currently being added
is an ozone influence on photosynthetic rate. We have added a seasonal influence to the carbon
alocation strategy. Also environmental and interna conditions such as the weather history and
productivity history influence carbon allocation. These should be taken into account for
influencing transportation matrices. Moreover, the carbon allocation matrix can be extended to

address problems of transporting other nutrients inside the tree such as nitrogen and water.

The regulatory system consists of components that are relatively independent. We are interested
in implementing each of the functional units in each level of the current regulatory system into
COM abjects, as we have done to the photosynthesis model, branch level carbon allocation, and

leaf death check. Thiswill make the whole ECOPHY S model easier to maintain and update.
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Appendix 1: Using Neural Network to Fit the Photosynthetic rate curves

1) Sigmoid Unit + Basic element of Artificial Neural Network (ANN)

The structure of asigmoid unit isillustrated as following,

: L . 1 :
s (x) isthe sigmoid function s(x) = 1+—X which has the property that,
€

ds () _ g X)(1- s5(x)).

Using the sigmoid function, we can simulate some simple functions with severa inputs.

However, if the function is complex, an ANN is needed.

2) Structure of Multilayer Neural Network
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Each node in the input layer (14, I5, 13,%., 1) represents an input value. Each unit in the hidden
layer (hy, hy, hs, ¥4, hy) isasigmoid function using a weighted sum of the input nodes as inputs,
so the line linking them has different weights. Each unit in the output layer (0, 05, Y., Oy) iSa
sigmoid function too, using all of the outputs from the hidden layers as inputs. The line linking

them also uses different weights.

3) Basic knowledge about ANN™!

By selecting the weights appropriately in each sigmoid unit (wy, W,, W3, % ., wy,) (different units
have different weight sets) the multilayer neural network can simulate many kinds of functions
with different numbers of inputs and outputs. A theorem [16] states that, 2Every bounded
continuous function can be approximated with arbitrarily small error by a neural network with

one hidden layero!*®,

To simulate a given function, the number of inputs and outputs is the same as that of the function.

But how many hidden units are needed? A rule of thumb is that, with only one hidden layer with
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al input are connected to all hidden units and all hidden units connected to all output units, the
number of hidden units must be at |east

( number of inputs+ number of output ) / 2.

The next question is how to select the weights for a given function. Thisis, in fact, the problem of
how to learn. In other words, we have determined a set of data representing the desired
relationship between inputs and outputs. We must find the proper weights of the ANN such that,
given an arbitrary input set, the network can predicate the expected output. This can be viewed as

datafitting.

There are existing algorithms to find all the weights, called Backpropagation Algorithms [J.
Anderson and L. Zadeh. Neural Networks and Fuzzy System]. First there must be a data set for
each input->output pair. We cdl this data set a training example. The algorithm is described as

following:

BackPropagation (training examples, h, Nin, Nout, Mnidden)

® ® ®
Each training example is a pair of the form <x, t>, where X is the vector of network

input values, and (Rt) is the vector of target network output values. h is the learning rate
(e.g. 0.05), n;, isthe number of inputs units, Ny is the number of output units, Nyigeen iS the
number of units in the hidden layer. The input from unit i into j is denoted x; and the
weight from unit i to unit j is denoted w;;.

Create afeed forward network with ny, inputs, Ny, OUtput uNits, Nyiggen hidden units.

Initialize all network weights to small random numbers. (e.g. between +0.05 to 0.05)

Until the termination condition is met, Do,
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® ®
For each <x, t> in training example, Do,

Propagate the input forward through the network:

®
1. Input the instance X to the network and compute the output o, of every unit u in the
network.
Propagate the errors back through the network,

2. For each network output unit k, calculate its error term d,
ay - Ok(l' Ok)(tk - Ok)
3. For each hidden unit h, calculate its error term d,

a, - Oh(l' Oh) é. Wiy

Kl outputs
4. Update each network weight w;;.

Wi oW, +/7a’jxji
4) Property of ANN

The learning process is slow. It is a gradually fitting process that use thousands of correction the
weights of the network, until the termination condition is met. We can choose the termination
condition to when the sum of squared errors is less than a given threshold. For a certain kind of

function, this learning process need be done only once.
Clearly, once the weights are determined, given an input vector, the output or outputs is only a

combination of adding, multiplying and the evaluation of a sigmoid function. The computational

workload is small.
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5) Application of ANN to the Rubisco Maodel.

In the Rubisco photosynthetic rate model, we have five inputs: light intensity I, CO2 density C,
temperature T, relative humidity R, mature Class(or age in days) M, and the single output +
photosynthetic rate A. The number of hidden units must be at least 2, here we choose 4. The

ANN looks like the following

We have two ways to get the training examples(sets of input/output data) needed to train this

ANN.

1. If we have enough experimenta data under many combinations of the inputs, we can use
these data as training data directly. In this case the ANN is not tied to the Rubisco model
or any other model.

2. Use the Rubisco model to generate al the training examples. We can select severa

significant pointsin the domain of each input parameter as follows.
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1® {I,1,,15,L ,1,,}

c® {c,c,C,L ,C,}
T® {T,T,T,L T}
R® {

R.R,.R.L R}
M ® {Ml,Mz,MgJ— !MnS’}

Then we use each combination inthe | " C" T R* M set to generate an output.
Together this data forms an example. This method is valid because the photosynthetic
rate response to al these parameters should be smooth. Several (7 + 8 or less) sample

points to each parameter is enough to show the properties for the parameters. Thus, a

total of no more than 8° =32768sample points must be generated. Much redundant

information about the total function is stored in these examples.

In ECOPHYS with the Rubisco model, simulation of the growth of a two year tree
reguires millions of photosynthetic rate calculations which involve iteration. The total
workload is no more than 10% of the overal simulation workload. The tree growth
process take 45 minutes. Thus the generation of sample points will be very quick and the

learning process using BackPropagation will be finished in a reasonable amount of time.
6) Advantages of this ANN method

1. We can apply this method to any existing photosynthetic rate model, provided that
we can generate alarge enough input/output training examples.

2. Thepredicate part is very simple and the program is very easy to understand and run.

3. Thismethod reduces the computationa workload of the simulation.

4. Itiseasy to extend the number of inputs and outputs of an ANN. For example,
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We want to add Ci to the outputs, and add another input, say Nitrogen(N) to the

input, only alittle change to the ANN structure is needed. The new ANN looks like,

7) Disadvantage of ANN.
1. Thereisno explicit mathematical formulae with physiological meaning in an ANN.
2. Inorder for the ANN to be changed, it must be trained.

8) There are algorithms [16] based on statistical theory for checking the results of an ANN fitting

to agiven function.

9) Discussion

The ANN can't fit the Rubisco model exactly, because the response curves for the Rubisco model
have corners owing to the minimum function in the model which represents the transition from
light limitation to RuBP limitation of photosynthate. An ANN, it is a cascade of smooth
functions, thus the total result is a smooth function. However this may be represent an
improvement of the ANN over the Rubisco model, because the corner should be smooth. The

ANN simulates the transition trend, and smooth over any sudden change.
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Appendix 2: Summary of Symbols Used in Photosynthesis M odel

Term Value Units Definition and Source
, 4 Netleaf rate of CO, uptake per unit leaf
A umol m*s area.
Ca 350 pmol mol™ Atmospheric concentration of COs.

(Paingscalc)

Ci pmol mol™ Intercellular concentration of COs.
Kc (65 800), . o
E Ko (1400) Jmol Activation energy.
Rd (66 405),
Vemax(68 000),
Vomax(37 530),
Jmax (28 000)
. ) Fraction of light not absorbed by
f 0.23 dimensionless  fynctional photosynthetic pigments.

Os mmol m?s? Stomatal conductance to water.

Minimum stomatal conductance to

9(0) 8l.latCq=350 dimensionless \yaer when A =0 at light compensation
point.
. _ Empirical coefficient of stomatal
9(1) 958a Cq=350 dimensionless  conquctance sensitivity to A, Ca, and
RH.
lo pmol m?s? Irradiance incident on leaf surface.

umol m?s?  Irradiance absorbed by photosystem 1.b
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Oi

Rd

RH

Tk

mol m?s?

mol m?s*
460 mol mol™
330 mmol mol™
K
210 mmol mol™
mmol mol™
0.2 dimensionless
8.314 JKmol™
1.1 mol m?s*
%
oc
K
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Potential rate of electron transport

Light saturated rate of potential rate of
electron transport.

Michagdlis constant for CO..

Michaelis constant for O..

Temperature correction.

Atmospheric concentration of oxygen.

Intercellular concentration of oxygen.

Leaf reflectance.

Gas constant.

Rate of dark respiration.

Relative humidity.

Leaf temperature.

Absolute |leaf temperature



TPU

Vemax

Vomax

dc

23

98

0.21Vemax

0.95

mol m? st

mol m? st

mmol m?s?

mol m? st

mol m? st

mol m?s?

mol mol™

dimensionless

Triose phosphate utilisation.

M aximum RubP saturated rate of
carboxylation.

M aximum RubP saturated rate of
oxygenation.

RubP saturated rate of carboxylaytion.

RubP limited rate of carboxylation.

Phosphorylation limited rate of
carboxylation.

CO, compensation point of

photosynthesis.

Curvature factor.



