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ABSTRACT: Prediction of plant growth and yield is one of the essential tasks that enables growers of

food and agricultural products to effectively manage their crops. In this paper, a hybrid

evolutionary/fuzzy machine learning approach is introduced where a genetic algorithm is deployed to

learn the optimum membership functions of relevant fuzzy sets and a knowledge base of fuzzy rules.

This hybrid approach is then used to build a model which determines how ozone and carbon dioxide

levels in the atmosphere affect plant growth by predicting the basal width growth of a plant. The hybrid

forecasting model was tested on a data set collected from soybean fields and proved to be an extremely

accurate and robust fuzzy predictor. It was able to predict the basal width growth of the plant with an

average of 0.19% relative absolute value error.
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1. Introduction

Prediction of plant growth and yield is one of the
essential tasks that enables growers of food and
agricultural products to effectively manage their crops to
meet demand and minimize cost, by knowing the supply
amount that will be needed to meet demand, resources
needed to produce that amount, the effect of various
environmental factors to their crop, etc. Recent studies
have examined the effects of ozone and carbon dioxide in
the atmosphere to plant growth and yield [1], [2].

Traditionally, predictive models of plant growth and
yield were based on statistical methods like regression
analysis, etc. [3] - [5]. More recently, after the advent and
increased popularity of Artificial Intelligence (AI) and
Machine Learning (ML), more and more forecasting
techniques using algorithms from these areas are being
applied to the problem of forecasting plant growth and
yield. For example, decision trees or deep learning
approaches [6]-[9].

In this paper, we introduce a hybrid
fuzzy/evolutionary machine learning algorithm for
learning a fuzzy knowledge base from a data set of
soybean plant instances. The genetic algorithm optimizes

the fuzzy sets membership functions which define each

fuzzy set so that the resulting forecasting model is the
most accurate and robust fuzzy predictor.

This hybrid evolutionary/fuzzy algorithm is then used
to learn a knowledge base of fuzzy rules to determine how
ozone and carbon dioxide levels in the atmosphere affect
soybean plant growth, which of course, in turn affects the
yield.

The growth parameter that was targeted for prediction
was the plant’s basal width. A comparative study was also
contacted, comparing the fuzzy logic approach with a
hybrid, fuzzy logic with genetic optimization, approach in
order to evaluate the performance achieved by the
different methods. It is found that the hybrid machine
learning algorithm outperforms the fuzzy logic approach
used alone.

2. Fuzzy Logic and Genetic Algorithms

The aim of this research was to build a fuzzy logic
forecasting system to determine how ozone and carbon
dioxide affects plant growth. The system is a hybrid
forecasting system, based on a fuzzy logic inference
engine and a genetic algorithm optimization (GA)
module. The GA module is used to find the optimum
membership functions to be used for defining the fuzzy
sets (fuzzy variables) used in the knowledge base. The
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knowledge base itself is comprised by a set of fuzzy
inference rules.

In Boolean and predicate logic, statements can either be
true (1) or false (0). Fuzzy Logic generalizes traditional
logic by allowing statements to be true, partially true,
somewhat true, etc. Fuzzy systems and fuzzy controllers
have been extensively applied in industry and business
with great success over the past several years. Sample lists
of actual applications are in Aerospace, Automotive,
Business, Industry, Defense, Electronics,
Financial, Industrial, Manufacturing, Marine, Medical,
Mining and Metal Processing, Robotics, and Securities.
Other fields that have used Fuzzy Logic Systems have

Chemical

include agriculture, ecology, environmental sciences,
geology, fisheries, and oceanography. These Fuzzy Logic
Systems help decrease costs in research as well as
improving accuracy of the assessments by automating
processes not amenable to automation by traditional
Boolean or predicate logic based intelligent systems [11],
[12].

Advantages of over the logic
programming or other approaches were exhibited in the

Fuzzy Logic

current project as well. These include,

* Linguistic, not numerical, variables are used, making
it similar to the human logic, therefore a fuzzy logic
system may have better explanation facilities.

¢ Simplicity allows the solution of previously unsolved
problems because they do away with complex analytical
equations used to model traditional control systems

* Rapid prototyping is possible because a system
designer doesn’t have to know everything about the
system before starting work.

¢ They’re cheaper to make than conventional systems
because they’re easier to design.

¢ They have increased robustness.

A fuzzy knowledge base is comprised by fuzzy sets
(variables/attributes) and fuzzy rules. Fuzzy rules also
operate using a series of if-then statements, for example,
“If the room gets hotter, then spin the fan blades faster”. A
fuzzy set is defined by its membership function. There are
many alternate ways, proposed in the literature, for setting
up a fuzzy forecasting system [3], [10]. Our system
specifications are described in the following paragraphs.

There are many alternate definitions for the set
operations of complement, union, intersection, and
implication for fuzzy sets [1]. The membership functions,
that we used in this project, to define the fuzzy logical
operators are:

HA NB(x) = min (LA(X), uB(x)).
MAUB(x) = max (RA(X), pB(x)).

HA=>B(x) = pmAVB(x) = max (1- pA(x), uB(x)).
pnot (A) (x) =1- pA(x).

Fuzzy control, which uses fuzzy rules, is the most
important application in fuzzy theory. Three steps are
taken to create a fuzzy controlled machine:

1) Fuzzification (Using membership functions to
convert crisp inputs to fuzzy facts)

2) Rule evaluation (Application of fuzzy rules, the
fuzzy inference engine)

3) Defuzzification (converting the fuzzy output back
into crisp or actual output)

Fuzzification:

¢ Input values are translated into linguistic

concepts, which are represented by fuzzy sets.
*  Inother words, membership functions are applied

to the measurements and the degree of truth in each
premise is determined.

Rule Evaluation:
*  Define the fuzzy rules.

* The fuzzy rules are merely a series of if-then
statements.

*  Plot the membership functions.

* A Fuzzy implication is of the form

IF (X1is Al and ... Xn) is An THEN Y is B,
where Ai’s, and B are fuzzy sets.

Consider this rule and assume that the fact Xis A' holds
for some fuzzy set, A', different than A. There are many
alternate ways proposed in the literature to define the
tiring of a fuzzy rule in the inference engine. In this project,
we used the following implication formula. We calculate
the membership function of fuzzy inference B' as:

puB'(Y) = max x1 ...xn [min (HA1'(X1) ... pAn'(Xn),
piAl... An=>B(X1...Xn, Y))].

Defuzzification:

¢  Converts the derived fuzzy membership function
of B’ to a crisp number (output). We used the weighted
averages method for doing so.

®  Physical systems need discrete values and hence
Defuzzification is important.

The other major component of our system is based on
the evolutionary approach of solving optimization
problems, using Genetic Algorithms (GA).

GA is an Optimization technique mimicking Darwin’s
theory of Evolution [10]. The basic GA process that we
followed for solving our problem is as follows:
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o Encode candidate solutions as “DNA” strings
(sequence of symbols, the “individuals”).

o  Pick a population size p, and construct an initial
random population of p individuals.

© Define a fitness function:
numbers R, that assigns a number to an individual
measuring its “goodness” as a solution. The bigger the

fitness, the better the individual is as a solution.

Populationereal

© Define appropriate
genetic operators, reproduction (survival of the fittest),
crossover and mutation.

implementations of the

o  Define the mutation rate m%.

©  Repeat the genetic operators, until convergence
criterion is met:

= Reproduction (survival of the fittest)
= Crossover
= Mutation.

The GA optimization technique has proven itself to be
one of the best available such methods and has been
applied in almost every area and enterprise from
engineering, to medicine, to business and financial
applications. One big advantage of GA is that it is a
minimum knowledge algorithm, i.e. it does not require
extensive and deep knowledge of the problem domain for
getting a solution. Many mathematical optimization
problems that we do not know how to solve are thus
ideally attacked using this approach. The fundamental
theorem of Genetic Algorithms proves that convergence to
an optimum can be achieved as close as desired as the
number of iterations of the GA approaches infinity. In
practice of course, given the finite number of iterations
that we perform, depending on the problem, we may not
always be able to reach within a desired x% of the
optimum in real time..

3. Data Set and Research Goal

The goal of this research is to build a fuzzy logic
forecasting system to determine how ozone and carbon
dioxide affects plant growth. The training/testing data set
was provided by the Biology Department at Bradley
University and was measured and collected over a period
of time at soybean fields around Central Illinois.

The data shows the growth level in basal diameter of
soybean plants as a time series and at different carbon
dioxide and ozone levels. Four different experimental
groups were involved: low carbon dioxide and low ozone
levels, high carbon dioxide and low ozone levels, low
carbon dioxide and high ozone levels, high carbon dioxide
and high ozone levels. The low level of carbon dioxide is
370ppm, which is the current level in the atmosphere and
the high level is 550ppm, which is the level expected in the

year 2050. The low levels of ozone change daily as they
are based on the levels in the atmosphere that day and the
high ozone levels are 20% greater than the atmospheric
levels of the day. There were four rings per group that
each contained 25 plants, so that 100 trials were performed
for each of the experimental groups. Each of the plants’
basal width, as a measure of growth, was measured twice
a month for twelve months.

The data set was preprocessed by taking the basal
widths for each ring and then finding an average for all of
the widths. Then each of the four corresponding rings was
averaged with each other to find an average for each
group for the day. This was done for every seven days,
and then the growth was found by taking the later date
and subtracting it from the earlier date. The two basal
width increases were found and then averaged to come up
with the actual basal width increase for each group.

4. Building the Fuzzy Forecasting Model

We created membership functions of the input
variables ozone and carbon dioxide levels and the output
variables basal diameter from the provided training data
set using statistical measures such as the mean and the
range of the data. Other statistical measures such as the
first and third quartile, based on each of the experimental
group’s data, were experimented with but did not result
in a significant improvement of the system.

A fuzzy rule base was then created and implemented
using the JFS Fuzzy Logic Programming Environment to
fuzzify the input and defuzzify the output. Analysis of the
system results has been conducted by comparing the
outputs of the program to the testing data set given from
the experiment. The error between the output from the
fuzzy forecasting system and the actual output from the
training data set was computed.

The domains used for the input fuzzy variables were
as follows. The domain for the experimental set for the O3
level was in the range 0-20, the domain used for the fuzzy
set O3 level was 0-30 to allow for graceful degradation of
the fuzzy set. The domain for the experimental set for the
CO2 level was in the range 370-550, the domain used for
the fuzzy set CO2 level was 300-700 to allow for graceful
degradation of the fuzzy set.

The membership functions of the fuzzy sets, which will
result in the least system error, were derived by
experimentation.

The membership functions used were triangles that
were centered at 325 and 565 ppm for low CO2 and high
CO2 levels respectively, 0% and 21% increase for low and
high O3 levels respectively, and 45, 71, and 92 hundredths
of a millimeter increase for low, average, and high increase
in basal diameter respectively.
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A sample of the fuzzy rule knowledge base created is
the following:

If CO2 level is low and O3 increase is low then basal
width is low.

If CO2 level is low and O3 increase is high then basal
width is low.

If CO2 level is high and O3 increase is low then basal
width is average.

If CO2 level is high and O3 increase is high then basal
width is high..

5. System Optimization Using Genetic Algorithms

We next experimented with using the genetic
algorithm optimization approach to find an optimum set
of membership functions for defining the fuzzy sets
involved. And improve the accuracy of the system by
minimizing the average absolute value error on the
testing set. A membership function was encoded as an
individual in the genetic population as described below.
The reproduction, crossover, and mutation operators
which were used to evolve the population of the encoded
membership functions are defined as below.

Algorithm 1: GA(Fitness, Fitness_threshold, p, r, m)

//Fitness=the fitness function which measures the
“strength” (goodness) of an individual.
//Fitness_threshold=termination criterion, max fitness to
achieve or max number of iterations
/[p=population size
//r=fraction of population to be replaced by crossover
//m=mutation rate (how often to mutate)
//k=max number of iterations

{ create a new generation of individuals, P;, by:

a. Selection/reproduction:
Probabilistically select p members of P to add to Pi The

probability of selecting individual h is P(h)= Fitness(h)/( Lj Fitness( hj )

b. Crossover:

Probabilistically select r*p/2 pairs of P individuals,
according to P(h). For each pair <hl, h2>, produce 2 off-
springs using the crossover operator defined below. Add
off-springs to P..

c. Mutate:

Choose m% of members of P; with uniform probability.
For each, apply the mutation operator defined below on a
randomly selected bit.

d. Update: new population P=P;, i=i++
e. For each individual h in P, evaluate its fitness,
fitness(h) }

-Return the population individual H with the highest
fitness in the final generation (or among all generations).

End of algorithm

After experimentation, the initial population size, p, for
the most successful run was selected to be 8 individuals.

Each triangular membership function was encoded as
a string of 16 digits as follows.

The first 3 digits were the center for the triangle
membership function of the fuzzy set CO2 low. The next
3 digits were the center for the triangle membership
function of the fuzzy set CO2 high. The next 2 digits were
the center for the triangle membership function of the
fuzzy set O3 low. The next 2 digits were the center for the
triangle membership function of the fuzzy set O3 high.
The next 2 digits were the center for the triangle
membership function of the fuzzy set basal diameter
increase low. The next 2 digits were the center for the
triangle membership function of the fuzzy set basal
diameter increase average. The final 2 digits were the
center for the triangle membership function of the fuzzy
set basal diameter increase high.

The fitness function of an individual was 1/error where
error is the average absolute value error calculated by:

Y i=In lactual i-predicted il /n.

A 2-point crossover was used, where 2 digits were
picked by random and the parents were crisscrossed.
Mutation was done at 1 or 2 points of the assigned
numbers to the triangular distribution.

The best individual, the one that resulted in the smallest
error, was found early in generation 4 among the max 100
iterations, with fitness of .128341. Using those
membership functions result in a system percent error
of .077918.
evolved, see graph in figure 1.

For the process of how the generations

The Fitness and Percent Error of the Fitest
Membership Functions
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Figure 1: Fitness vs percent error during training

6. Synopsis of Results

Even though the fuzzy predictor model was
satisfactory in accuracy by itself, the GA algorithm was
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able to learn the most appropriate membership functions
from the data itself, automating the process and
eliminating the need of the human knowledge engineer to
figure out such memberships. The GA process was able to
calibrate the membership functions to a degree that
improved the system performance as shown below.

The following, table 1 and figure 2, give the average
output from the real training data as compared to the
fuzzy model output:

Table 1: Actual vs. Model Predicted value of Basal Width increase at
different Levels of CO2 and O3

Error%|FL+GA[Error %
FL FL HybridFL+GA
Actual [System Hybrid
LL 49.5 49.875 0.757 149.641 |0.282
LH 55 54594 |0.738 p5.124 |0.218
HL 69 69.375 0.543 68.920 0.115
HH 38 88.242 0.275 §88.142 0.159
Average 0.578 0.193
error
100
© 90
@ 80
& 70
£ 60 OReal
< 50
S 40 |+ @System
2 30 1
= 20 1
& 10 1
0
LL LH HL HH
Levels of CO2 and O3

Figure 2: Actual vs. Model Predicted value of Basal Width increase at
different Levels of CO2 and O3

The average error in thousandths of a millimeter is
calculated as follows:

Average error= (1/n) ) =" lactuali -predicted; |,

where n=4 in this case, corresponding to {LL, LH, HL,
HH]}.

The average computed about 5.7
thousandths of a millimeter for the Fuzzy logic system and
1.9 thousandths for the FL+GA system, for an overall
forecasting improvement of over 33% when the GA was

error was

used to learn the membership functions.

Graph 3, given below, shows the basal width increase
of the plants at many different levels of CO2 and O3:

COo2
—e— 300

100

—#— 335
370
410

—*— 450

—e— 500

Basal Diameter

—+—550
— 600
700

0 5 10 15 20 25 30
O3 Levels

Figure 3: O3 and CO2 levels vs basal width growth

We observe that for low CO2, the amount of O3 has no
effect on the diameter since the amount of O3 does not
improve the growth of the diameter. For high levels of
CO2, increased O3 levels will increase diameter up to a
certain level of O3, after which continual increase of O3
might actually hurt the plant. That critical point of O3
level that gives the maximum growth tends to be higher
as the level of CO2 is higher.

For any given levels of CO2 and O3, the present system
can predict the basal diameter of the plant within the error
of 1.9 thousandths of a millimeter.

7. Conclusions

In this paper, a hybrid fuzzy/evolutionary machine
learning approach was introduced for learning a fuzzy
knowledge base from a data set. This approach was then
used to learn a knowledge base of fuzzy rules to determine
how ozone and carbon dioxide levels in the atmosphere
affect plant growth, specifically basal width, which of
course, in turn affects the yield.

The results of a comparative study, comparing the
fuzzy logic approach with the hybrid, fuzzy logic plus
genetic optimization approach, showed that the
performance achieved by the hybrid approach was
superior and far more accurate in forecasting the growth
parameter, by a factor of more than 30%. Given the levels
of CO2 and O3, the hybrid forecasting system can predict
the basal diameter of the plant after growth within an error
of 1.9 thousandths of a millimeter.
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