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Abstract: How to select and combine good traits of rice to get high-production individuals is one
of the key points in developing crop ideotype cultivation technologies. Existing cultivation methods
for producing ideal plants, such as field trials and crop modeling, have some limits. In this paper, we
propose a method based on a genetic algorithm (GA) and a functional-structural plant model
(FSPM) to optimize plant types of virtual rice by dynamically adjusting phenotypical traits. In this
algorithm, phenotypical traits such as leaf angles, plant heights, the maximum number of tiller, and the
angle of tiller are considered as input parameters of our virtual rice model. We evaluate the
photosynthetic output as a function of these parameters, and optimized it using a GA. This method has
been implemented on GroIMP using the modeling language XL (eXtended L-System) and RGG
(Relational Growth Grammar). A double haploid population of rice is adopted as test material in a case
study. Our experimental results show that our method can not only optimize the parameters of rice
plant type and increase the amount of light absorption, but can also significantly increase crop yield.
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0. Introduction

The qualities of a rice plant’s type and canopy structure play key roles in increasing its
production and improving its quality. Therefore, more and more scientists in this area focus on the
problem of optimizing phenotypical traits of rice in order to obtain ideotype individuals with high
or super-high production.

Two main strategies are used to investigate ideotype breeding (Qi et al. 2010; Andrivon et al.
2013): 1) the experiment based approach (Peng et al. 2008; Srbislav 1994); and 2) the plant model
based approach. For the first approach, the breeding experts implement numerous
test-cross-screenings on crop plants in the field and then carefully observe, analyze, and
summarize their phenotypical traits. Finally, ideotypes can be obtained after long term breeding
and observation. Although this method can find an optimal plant type close to the ideotype we
want, it is time-consuming and difficult to verify whether the cultivated plant types achieves the
optimal shapes or not (Su et al. 2008). In addition, this approach takes little consideration of
environmental and other random factors which have influence on the growth of plants. The other
method of finding a crop ideotype, the plant models-based approach (Yin et al. 2003; Cilas et al.
2006; Markus et al. 2007; Letort et al. 2008; Suriharn et al. 2011; Milo and Last 2012; Semenov et
al. 2014; Van Oijen et al. 2016) can more accurately describe the relationship between the growth
and development of plants and environmental factors. Using this method to study plant growth
behavior not only compensates for the shortage of field experiments, but also saves time and
resources. However, the method does not contain the morphological information of plants, so it
cannot be used to study the relationship between plants and the environment by combining it with
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a three-dimensional morphology method. Therefore, it is necessary to explore a new method for
cultivating the ideotype crop.

Considering the above problems and previous research, we propose a method based on a
genetic algorithm (GA) and a functional-structural plant model (FSPM). This model has the ability
to optimize virtual rice by dynamically adjusting its phenotypical traits. A plant
functional-structural model effectively combines the structures of plants with their physiological
functions, and can quantitatively simulate the growth and development of plants and make the
whole process visible (Lu et al. 2014; Room et al. 1996; Sarlikioti et al. 2011a and 2011b). In this
model, through the calculation of photosynthetic yield in a crop canopy, the assimilation in
different organs and their final productions, we can obtain the phenotypical traits of a rice plant
which can maximize the amount of light radiation intercepted and the grain yield.

As an effective optimization method, the genetic algorithm (Qi et al. 2010; Quilot-Turion et al.
2012; Drewry et al. 2014) has been applied in some complicated optimization problems of
different plant types and achieved good results. Our virtual rice model is built according to the
principle of a plant functional-structural model. In this model a genetic algorithm is employed to
study how to optimize the parameters of rice plant type, such as leaf inclination angle, plant height,
maximum tiller number, and tiller angle. The new model provides a method for developing a crop

ideotype.
1. Functional-structural Model of Rice

A rice plant is made up of roots, stem, leaves and panicles, as shown in Fig.1. The jointed stem
of the rice consists of a series of nodes and internodes. The composition of a rice panicle includes
panicle axis, primary and secondary branch, and spikelet (before maturity)/grain (after maturity).
Rice plants have three growth stages: 1) vegetative (from germination to panicle initiation); 2)
reproductive (from panicle initiation to flowering); and 3) ripening (from flowering to mature
grain). For more information about the rice plant, please refer to the literatures (Sharma et al. 1999)
and (Karen et al. 2002).
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Fig. 1 the organs of rice plant

The Functional-structural model described in this article is constructed using the eXtended
L-System modeling language (XL) (Kniemeyer 2004) on an open-source platform, GrolMP
(Kniemeyer et al. 2008). XL is developed based on the Java programming language, and further
integrated with the parallel rewriting rules of the L-system (Kniemeyer et al. 2004). GroIMP is an
interactive platform for virtual plant development, including model construction, visualization,
interactive modules, etc. Using grammars of the XL language and the Java programming language,
a model of virtual plant can be constructed based on various rules and algorithms.



The rice FSPM integrates physiological processes, morphogenesis rules, and related
environmental parameters together in one model. It is capable of simulating the dynamics of the
production and consumption of biomass based on several models, i.e. the photosynthesis model
with parameters of leaves and intercepted light calculated based on topological and geometric
information, the carbon partitioning model with prediction of source-sink relations, and the growth
model with organ formation and morphogenesis processes (Xu et al. 2009).

The structural part of the rice FSPM describes the process of the plant morphological
construction and development of the stems, grains, and leaf blades. A cylinder is used to simulate
one internode, and multiple connecting internodes made a stem or a spikelet. A grain is
constructed using a curved surface and texturing. Furthermore, an instance variable j is designed
within each leaf object, indicating the amount of intercepted light, which is a key factor in
influencing the assimilation rate and the amount of photosynthetic yield. Detailed descriptions of
the structural model can be found in articles of Xu et al. (2009 and 2011).

There are five main modules contained in the rice FSPM: the light environment module, the
radiation model, the photosynthesis model, the carbon partitioning model, and growth functions
for organs.

1) Light environment module

In the light environment module, direct and diffuse light radiation components are established
to simulate the distribution of light in the sky. The former is solar radiation directly reaching the
Earth’s surface in the form of a parallel solar beam, while the later is solar radiation being
scattered after passing through the atmosphere. The sky is simulated as a set of light sources
(Evers et al. 2010; Buck-Sorlin et al. 2011) which represent light with different light intensity from
different positions. Rays emitted by all light sources are uniformly distributed parallel rays, and
uniformly put into the scene. Stocking density is controlled by the number of rays, and the
respectively formulae of the direct radiation Eg;, (W/m?) and diffuse radiation Ez;r(W/m?):

Egir = 0.85%Eox(ro/r)*xsinf €))

Eair= 0.15%Ex(ro/r)*xsinf 2)
where Ej is the solar constant 1368W/m?, 7, is the mean Earth-Sun distance, r is the real
Earth-Sun distance, and f is an elevation angle of the light source.

2) Radiation model
The amount of Photosynthetic Active Radiation (PAR), intercepted by the canopy of rice is
calculated using a radiation model in the platform of GroIMP (Hemmerling et al., 2008). This
model was based on a Monte-Carlo ray-tracer, which simulates the certain number of rays emitted
by all light sources as well as the number of times a ray is followed on reflection. This
Monte-Carlo simulation is done on an isolated rice plant. An instance of the radiation model is
invoked and carried out at each step, and Shaders (Kniemeyer et al., 2008) are used to map onto
the geometrical objects representing plant organs in our rice FSPM. A combination of 100,000
rays and 10 reflections per ray are used as the two parameters to instantiate the light object within
the scene in this case. The path of a ray in the scene and the likelihood with which it will be
absorbed, reflected or transmitted depend on the geometry and distribution of objects in the scene
as well as on their optical properties (Buck-Sorlin et al., 2011), which can be calculated by a
method defined in the platform of GrolMP, radiation.compute(). The amount of PAR (par)
absorbed by a leaf (/f) can be calculated as (shown in XL):
par=radiation.getAbsorbedPower(/f).integrate()*GRPAR;

where the method getAbsorbedPower() of radiation returns the spectrum of the absorbed PAR of a
leaf, method integrate() is used to accumulate absorbed PAR of each patch of a leaf, and GRPAR
is a coefficient to convert spectrum to Photosynthetic Photon Flux Density.

3) Photosynthesis module



The photosynthesis model was established based on a model named LEAFC3, which was
proposed by Nikolov et al (1995). It can be used to estimate steady short term carbon dioxide,
water vapor and heat flux in the leaves of C3-plants. In this study, the photosynthesis model is
updated by changing the species-specific parameters and the environmental parameters
accordingly (Xu et al. 2009). With the prediction of the physiological and biochemical responses,
stomatal conductance, leaf energy balance, and the other relative physiological processes,
photosynthetic rate (the current average leaf photosynthetic rate, mol/m?s) can be estimated. And
in each growth day the accumulation of photosynthetic production of P(¢) (unit: g) from a leaf
with the area of a (unit: m?) can be further obtained.

4) Assimilation Distribution Module

A public assimilate pool (Xu et al. 2009) is used to store the products of local assimilation of
each single leaf, which is calculated as above based on the light distribution and instantaneous
assimilation rate. The photosynthetic products P(f) are added to the common assimilate pool
(CAP), so that the common pool assimilates biomass production CAP(¢) (unit: g) on the #-th day:

CAP(t)=CAP(t-1)+P(f) — Crt) 3)
where C,.(f) represents the assimilates consumed by respiration. Maintenance respiration is
computed as a fixed proportion (0.014 g glucose g!' dm) of structural biomass (Goudriaan and van
Laar, 1994). The amount of obtained assimilates in the growth step ¢ for biomass increment (G,(?),
unit: g) of the specific organ O on the ¢ day, can be calculated as,
Go(t) = min(Su(?), (So(t)/ Storai(£))* CAP(t)) 4
where S,(?) is the sink strength of organ O, whose value is variable during its life and determined
by a flexible mathematical function based on the beta function (Yin et al. 2003) and its
parameters are estimated by inverse methods (Mathieu et al. 2007).The sink strengths of the
same kind organs are equal at the same stage of growth. Siwi(?) is total sink strength of all the
organs. At growth day 7, the biomass (D,(?), g) of the organ O can be calculated as
Dy(t) = Do(t-1) + Go(?) (5)
5) Organ growth modules

The amount of organ growth in various dimensions M,(7) (growth in area for leaves, unit: m?;
growth in length for internodes, unit: m) can be calculated using the growth module, according to
the relationship between the change of biomass and organ size. The formula is:

Mo(t)=Go(t)* 1o ©6)

where u, is the conversion factor between biomass and the size of organ O, For different organs,
the conversion factor u, values are different. But for the same organ, we assume that values of u,
are the same so as not to increase the complexity of the model. For the blade and internode of rice,
the value of u, respectively is 0.023 m?/g and 0.851 m/g (Xu et al. 2011), and for the grains, it is 1,
since grain size is measured as mass, SO no conversion is necessary.

After obtaining organ geometry, the three-dimensional shape of rice of the current growth stage
can be simulated by using visualization techniques.

2. Optimization approaches for plant types of virtual rice based on a Genetic Algorithm

Although there are many genetic, biochemical, and environmental factors which affect the
growth of a plant, in this paper we consider mainly the geometric aspects of plant morphology.
The reasons are: 1) the morphogenesis and architecture of a rice plant are critical factors in the
yield equation (Watanabe et al. 2005), 2) the geometrical information of leaf, tiller, etc. were



always considered in developing high-yielding rice varieties through ideotype breeding (Peng et al.
2008; Yuan et al. 2015). The morphological structure of a rice plant is determined mainly by its
leaf inclination angle, height, maximum tiller number and tiller angle, etc. Therefore, different
plant types have different combinations of these factors and lead to various growth behaviors and
final yields. Among these different combinations of plant type parameters, there will be one or
more which maximize the grain yield of an individual plant. Supposing f'(x) denotes the mapping
function of the combination of plant type factors to grain yield, the constrained optimization
problem can be described as the following mathematical model:
Maximize ix)ES  (7)

where x is the vector of values for 4i~A4,1, PH, TM, and TA, A; is the angle of leaf i (unit: degrees)
on the main stem, n1 is the number of leaves on the main stem, PH is the height of rice, TM is the
maximum tiller number, 74 is the tiller angle, and S is the set of yields of different plant type
combinations).

Each plant type factor has its own value range. In this paper, our genetic algorithm can give the
optimal combination of different input parameters which allows rice plants to generate the
maximal yield.

2.1 Data encoding method and Population initialization

Symbol strings are adopted to stand for individuals in our algorithm. Therefore, each plant type
factor Ai1~An, PH, TM, and TA must be encoded as a symbol string. In this paper, the symbol
string is represented as an unsigned binary integer string. Each individual is made of a

chromosome complement{ €1, 8rrn &, }, where g;is the i-th plant type factor and ng represents
the total number of plant type factors which are contained in the chromosome complement. Each

plant type factor g;is formed by binary integer bits. Every information bit is 0 or 1. Therefore, g;

can be represented as:

= (b, B, B
gt {bl’bt LR ) } (8)

where b/ is the value of the j-th information bit; n, is the string length of binary encoding of each

plant type factor b/, and its value is determined by both the range [u;, v] and the value accuracy

factor s of this plant type, according to the equation:
i 1 i
2" < (v, —u)x—< 2" )
N

The total length of binary encoding string, Lk, is calculated by the following formula:

Le=) m, (10)
i=1

In our algorithm, we group leaf angle, plant height, maximum tiller number and tiller angle of
different leaf positions together, so an individual genotype which can represent a feasible solution
is generated. Then a certain number of individuals will be randomly generated to build the initial
population pool. For the binary encoding string of each individual plant type whose string length
is Lg, each random information bit has equal probability of being zero or one.

2.2 Design of genetic manipulation
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Genetic manipulation describes how the genetic algorithm simulates natural selection,
propagation, crossover, and mutation. The genetic manipulation of this paper includes only
selection, crossover and mutation. We choose individuals which have higher fitness scores from
the current population and use a roulette method to generate the next generation. Elitist selection
guarantees that groups to converge. The individual with the largest fitness value in a population is
defined as the elite. In our algorithm the fitness value of the elite individual is compared with
those of the current individuals. If the fitness value of the optimal individual is larger than the elite,
the elite one is replaced by the optimal one; if not, the worst individual in the current population is
replaced by the elite individual. Our crossover method can pass the original good genetic materials
to the next generation, and new individuals with more complicated genetic structures will be
generated. Our layered mutation method divides the mutation operation into two levels: the
individual level and the information bit level. At the individual level, the mutation individual is
selected by a certain individual mutation probability P.;. At the information bit level, every
information bit is randomly flipped by a predefined probability Py
2.3 Design of fitness function

Good plant morphology is beneficial to the spatial configuration of plants, and the full use
of available light energy and gas exchange in the canopy, which ultimately contributes to yield
improvements (Ao et al. 2013). According to the study of Chen et al. (2005), the utilization ratio
of light energy is increased and thus the yield of the rice is promoted. In this process, the plant
morphology is a critical limiting factor for light energy utilization. The final rice yield is related to
the grain number of the rice ear and quality of grain. It was assumed that for formation and
maintenance of a spikelet will consume an amount Dy of assimilate. If rice starts putting forth
ears at the #gqini-th day, the maximum grain number ngmqy is:

Agmax = CAP (tgrain) IDfiower (1)
In the #-th day (d), yield Y(¢) is the sum of all grain. The formula is as follows:

grain (1)

Z Dgrain (k’ l)’ t S Z‘grain + 40
Y()=4 " (12)
= ngin (k7 l)’ t> tgmin + 40
where ngqin(f) stands for the grain number during the #-th day, k€ [1, nguwin(?)], and Dgain is the
assimilate quality (unit: g) that is consumed during the formation of a grain. The value of

D,,.,(k,t) depend on £, ¢, and CAP(t), and can be calculated by using formulas (4) and (5). The

duration time from heading z.qix to the end of grain filling 7. is about 40 days (Liu et al. 2004). The
fitness function f{x) is
fix) = Y(t.) (13)

where #. is the end of the growing season. Formula (13) can be used to evaluate each individual
plant type’s quality.
2.4 Strategies for avoiding redundant calculation

We found that there may be redundant calculation of some individual fitness scores in the
genetic algorithm. This happens mainly in two situations: 1) Because of the competition operation,
the elite individual of the last generation passes into the current population. In fact, its fitness has
already been calculated, but it will be calculated again in the current generation. 2) Some plant



types in the current population have appeared previously in the evolutionary process, and their
fitness values have been calculated, but the algorithm still calculates their fitness values again.
Obviously, the above two situations increase the time cost the whole algorithm. In order to
improve the efficiency, we propose here an improved version of the algorithm based on a hash
table to avoid redundant calculation:
Step 1: When the algorithm starts, initialize a hash table. Plant types are regarded as keys in the
hash table, and their yields are the values of the elements in the hash table.
Step 2: Before calculating individual’s fitness, check if the plant type is stored in the hash table. If
it is, step 3 will be executed; if not, step 4.
Step 3: This plant type’s quality of yield is taken out from the hash table according to its plant
type.
Step 4: Calculate the plant type’s fitness, and store the plant type and its corresponding yield as a
key-value pair into the hash table.
2.5 Optimization algorithm for plant types

Here we propose a genetic algorithm to obtain the optimal combination of different input
parameters. The algorithm takes formula (13) as the fitness function. Before the algorithm runs,
we should initialize the first population Py and set the parameters of the genetic operators, such as
the mutation probabilities P,; and P, the crossover probability P, etc. In this algorithm, the
individuals in a new population are produced based on genetic operators and compete with the
previous elite individuals. Then the new elite individuals will be selected according to their fitness
values. This process is executed repeatedly until the termination conditions of the evolution are
met. After many time steps of evolution, the optimal or suboptimal solutions will be obtained. The
steps are:
Step 1: Initialize the first population Py, calculate each individual’s fitness in the population.
Step 2: Define the elite to be the individual with highest fitness.
Step 3: Randomly choose two individuals among the current population and conduct an interlace
operation based on the crossover probability P to generate a new pair of individuals; repeat this
process n./2 times to get a temporary population containing #. individuals..
Step 4: Conduct a mutation operation on the temporary population according to the mutation
probabilities (per individual P,; and per bit P,s).
Step 5: Look up or calculate the fitness of each individual in the temporary population.
Step 6: Update the elite individual if the temporary population contains an individual with greater
fitness; otherwise replace the least fit individual by the elite individual.
Step 7: Judge whether the terminal condition is met (the step count (iterationNum) is equal to
the maximum generation number Tyax). If yes, go to step 8; if not, increment iterationNum and
loop back to step 3.
Step 8: Output the current elite individual.

The complexity class of this method is O(kn) where £ is the iteration count and # is the number

of individuals in the initial population.

3. Experiments and results

A Double Haploid (DH) population of rice was used in the implementation of the rice FSPM as
a case study on the optimization of plant type. Using different combinations of the
above-mentioned factors as model inputs through which the final yield can be simulated, the



specific plant type of rice with the best yield can be selected based on a large amount of sample
individuals. The study was implemented on the platform GroIMP with XL and the Java
programming language. The computer used in the experiments had an Intel® Core ™ 2 Duo
E7300 2.66 GHz, and a 4 GB memory.
3.1 Validation of functional-structural model of rice

In this study, we construct a morphology model and a physiological function model and
establish the dynamic association mechanisms between them. The model uses one day as the
growth step, and changes the model state through time to stimulate the rice growth process. In the
process of establishing the model, we first use the structure model to calculate the shape data of
rice, such as the number and area of each leaf, the number and size of other organs, the next
growth phase organs and the topological relationship between organs, etc. Based on this data, and
the rice functional model, we calculate assimilate production. Assimilates are produced by
removing the consumption of respiration, then we calculate the biomass increment G(¢) of each
organ, according to formula (4), based on plant morphology, environmental information and the
sink strength of the various organs. According to equation (6), and the allometric relationship
between organ biomass and size, we calculate the amount of change in the size of the various
organs of M,(#). We calculate the production and distribution of assimilate of the next phase of the
plant according to the updated plant morphology. Then we repeat the whole process. Using the
functional model, we calculate the biomass. When it is not sufficient to sustain the morphology’s
growth, the rice stops growing. Fig.2 compares the simulated forms of the double haploid rice
with the morphologies of a rice plant in different growth stages. As can be seen from Fig.2, the

simulated results and the real morphologies are similar.

Seeding Transplanting  Tillering Panicle initiation Flowering Maturity
|+ Vegetative growth stage —»}¢ Reproductive stage #}4 Ripening stage —|

a) The morphologies of a real rice plant in different growth stages
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b) The simulated shapes of a rice plant in different growth stages
Fig.2 Comparison of the simulated shapes with the real morphologies of rice pant

To verify the validity of the physiological function model of rice, we study the central
assimilate pool during the growth period of rice, which is shown in Fig.3. As can be seen from
Fig.3, the change period of assimilates can be divided into three stages. Prophase (0-60d): leaves
are in the initial-growth state. In this stage, formation and growth of organs consume all the
assimilates provided from the limited leaves, and even take the available carbon from the central
pool, and this is why the size of the pool decreases. During the middle and internode extension
stage (60d-105d), the leaves are almost all unfolded and thus providing more assimilates than
those needed by organ growth and extension, and this is reflected by the rising of the curve. In the
late stage (grain filling period), the need of biomass for grain filling is taking up the dynamic
source from leaf photosynthesis, and the available assimilates stored in the pool are exhausted,
thus making the curve drop sharply.
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Fig.3 Dynamic change of the assimilation rate and organ's weight in the central assimilation pool

3.2 Genetic algorithm parameter setting and the optimal results of rice plant type

The GA control parameters include population size n., crossover probability P., two mutation
probabilities (per individual P,; and per bit P ) and the maximum generation number Tyax. Since
the simulation part of the structural-functional model is time consuming, a large population size
will increase the total running time. Therefore, the population size is set to 20 in our model.
Generally, the value of crossover probability P.is set to a large number, which can speed up the
convergence rate. However, if the crossover probability is too large, it may destroy excellent
genetic structures (Gan et al. 2012). Considering that the elite individuals should retain some good
genes, we set the crossover probability to 0.9 in order to produce a variety of genetic structures.
According to the classical genetic algorithm parameter setting strategy and taking into account the
efficiency of the algorithm, we set mutation probabilities (P and Pyp) to 0.08 in the model. The
relationship between computation time and final step count is linear. For the initial tests, we set
Tmax to 200 and repeat the program 10 times with different random number generation seeds and
record the optimal fitness values of individuals of different groups each time. Fig.4 shows the
functional relationship between each individual fitness value and the population diversity with
increasing generation number. As shown in Fig.4a, the fitness values of individuals in the
population gradually stabilized with increasing generation number. When the number of
generations is from 60 to 100, the variation among fitness values becomes smaller. From Fig.4b,
with the increasing of the evolution, the value of population diversity first reduces and then keeps



fluctuating within the range of 0.4 to 0.7. We set higher genetic diversities to ensure the normal
function of the evolution operator, and avoid the algorithm having premature convergence to a
local optimum, making it hard to find the global optimum. After 60 generations, the value of each
individual fitness has only small variations, and the population diversity remains at a high level.
However, with increasing evolution generation, the computation time also increases significantly.
Synthesizing different factors, we set the termination step count i to 100, which meets the

convergence requirements of our algorithm.
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Fig.4 Changes of best individual fitness value in each generation and diversity of population

In this paper, the value of the total bit length Lz depends on the number of plant type
components and the range of each plant type component. According to previous research results
(Yan et al. 1999), we determine the value ranges of plant type components which need to be
optimized, as shown in Tablel. The values in the center column are empirical value from real rice,
not the results of simulation. These empirical values are based on long-term, partly unpublished
experimental studies from De-feng Zhu's laboratory. Based on them, we can set the lengths of the
code A1~A1, PH, TM, and TA to 7, 6, 3, 5 respectively, because this is the number of bits necessary
to specify an integer in the allowed range. The main stem of the simulated rice plant has 14 leaves,
so nl is equal to 14. After a period of running, we obtain the values of components of each
optimized target plant type (as shown in Tab.1). Using the parameters of optimized plant type as
the inputs of the rice function structure model, we simulate the rice plant in Fig.5. Fig.5 shows that
the lower part of the canopy of the optimal plant hangs down loosely, so light can enter into the
lower part much more easily. The leaves in higher part of the canopy are close to upright, so that
the upper leaves can get light at each side. Moreover, it also can make more light enter into the
lower part of the canopy. As a result, the heights of plants are a little bit shorter, and the numbers
of grains are larger. Fig.6 shows the comparison of the amount of light absorbed by the optimal
rice and the one before optimization in different growth stages. From Fig.6a we can see that the
ability to absorb light of the optimized plant increases significantly. Comparing the rice
individuals after optimization with those before, we can get the yields as shown in Fig.6b. From
Fig.6b, we can see that after the 125th day, the plants which are optimized have larger yields than
the plants which are not. From then on, the disparity grows continuously larger. In the simulation
experiments of 20 runs of the rice individuals to full maturity, the average yield of individuals
without optimization was 14.11g, while that of those optimized was 21.95g. The result is that the
later has 55.56% more yield than the former. So combining the genetic algorithm plant type design



methods, we can estimate the best plant phenotype within the range of breeding diversity, and thus
design the rice ideotype.

Tab.1 Parameter values of plant type factors before and after optimization

Phenotypical traits of rice Range in real rice The value after optimization

Height of rice plant(cm) PH [91,136] 96

Maximum number of tiller TM [8,15] 15

Angle of tiller T4(°) [6,33] 22

Leaf angle 4:~A414(°) [16, 87] 38, 35, 33, 55, 60, 61, 66, 63, 69, 70, 72, 77, 63, 66

a) Before optimization b) After optimization

Fig.5 Morphologies of reference plant
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4. Discussion

The current concentration of plant simulation studies is not on applications but rather on
modeling methods. This study is a new effort towards modeling. Combining a genetic algorithm
with a plant functional-structural model, and using several phenotype characters of dynamic
development in the model system as genetic factors in the algorithm of virtual rice, we can get a
prediction of final rice yield. This research achieves the integration of an optimization algorithm



with the model system in both temporal and spatial dimensions. It is an exploration of a new
application area of plant functional-structural models.

Lu et al. (2012) set up an ideotype model of wheat and solved it with MATLAB based on a
Genetic Algorithm. But this model is a purely mathematical model and does not consider the
physiological processes of wheat growth. Liu et al. (2015) presented an algorithm to automatically
measure the plant type parameters based on image processing. Although the research objects are
the same, the methods they adopted are different from ours. Qi et al (2010) combine an
optimization algorithm with a source-sink model in a plant functional-structural model, and
determine the optimal mix proportion of the weight of a corn with the total weight of its leaves
and stems. This research connects the optimization algorithm with a mathematical model of the
corn physiological function, and realizes the optimal production corn plant type. Quilot-Turion et al.
(2012) combines Genetic Algorithms and a plant model, which can provide a reference for
applying the genes in a model. However, the plant model uses a physiological function model, and
the optimized target it optimizes is a parameter set of that physiological model, which is not on the
same level as the phenotype of breeding practice. So the methods and results of that research
cannot be easily applied to the breeding process. In contrast to Qi et al. (2010) and Quilot-Turion et
al. (2012), which use parameters related to physiological functions, our research starts by
connecting the physiological function to a structural model, and chooses geometric traits (plant
height, length of leaf etc.) to optimize, so it provides intuitive reference information for
quantitative plant design.

On the problem of how to use a functional-structural model to optimize the type of a rice plant,
the better method is to simultaneously optimize the function parameters and the morphology
parameters to which they are connected, to achieve a systemic prediction. For the modeling
system, simultaneously optimizing the morphology parameters and the function parameters will
increase the complexity of the model, because it needs to check the time varying changes with
diverse functional and structural parameters. The whole process needs the support of enough
experimental data. Therefore we consider the biological functions such as photosynthesis, biomass
allocation and organogenesis. The photosynthetic rate has a very close connection with the rice
variety and growth environment. In our model we consider the influence of different shadows and
light on the photosynthesis. Biomass allocation and organogenesis are both related to the final
scale of the 3-dimensional shape of each organ (such as the length of internodes and surface area
of leaves). Therefore, we consider the influence of different morphology on physiologic function
rather than optimizing the function parameter directly. In addition, the plant type is a very broad
definition which includes not only the plant morphology, but also the layout of spacing of plants in
a field and physiological aspects. The plant type is an integrative concept of the plant morphology
structures, its physiological functions, etc. Currently our study is limited to morphology, and we
have not yet considered these other aspects.

5. Conclusions and future work

We present an automatic design optimization method for the plant type of rice based on a
functional-structural model of rice and a genetic algorithm. The experimental results demonstrate
the effectiveness of our method. In the future, we will consider not only the morphology of the
plant, but also take the field layout and spacing and physiological aspects into account, so that we
can design a more effective high-yielding plant type. In addition, we intend to study
high-efficiency and low-cost functional-structural models, fitness function design methods, and



genetic operation selection strategies in order to enhance the ability of global optimization and the
convergence performance of our algorithm. We know the rice plant will be dead after the ripening
stage but a new plant originates. So we will simulate the process of plant death in future. The
computer system we used consists of outdated hardware and the simulation is only computed on
the CPU so that the time used for simulations is long. In future we will make use of the GPU to
improve the efficiency of calculation in order to save modeling time. Combined with the rice
breeding process and field experimental design, the optimization method can be validated. Also
with the development of the modelling technology and improvement of mechanisms of the models,
a rice model combined with GA algorithms can accelerate the breeding processes.
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