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The object of the study is the fore-
casting and optimizing the plant growth
rather. The data distribution at each
iteration in the continuous optimization
process tends to produce premature con-
vergence because the optimum points
are found at the beginning of the itera-
tion, so that the actual optimum condi-
tion cannot be achieved. For this reason,
a method is needed to see the optimum
points at each iteration in the continu-
ous optimization process. A multi-linear
regression approach is used to predict
the variables generated at each itera-
tion, and then optimized using a neu-
ral network method approach for each
optimum point found. This research
is implemented and observed on the
growth morphology of chili plants with
a total sample of 100 stems, for 100 days
of growth. The testing process consists of
5 different experimental scenarios based
on the activation function, and the iter-
ation process is carried out at 250, 500,
and 1000 epochs. Furthermore, with a
percentage of 70% training data and
30% testing data, the results obtained
using the ReLU activation function have
an ideal value compared to the Tanh,
Softplus, Elu, and Sigmoid activation
functions. Compared to the time series
method with an MSE value of 4.62, this
value is much better than the value of
8.6 for the time series. The RMSE and
MAPE values of 16.36 and 36.53 are
also excellent. Comparison of the level
of forecasting accuracy of the results
of continuous optimization carried out
with the activation function ReLU and
tanh compared to the time series meth-
od, the value with the activation func-
tion ReLU and tanh has a percentage
value 46.36% and 46.86% and this value
is a good value compared to using the
time series method, which is exactly
67.39%
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1. Introduction

The world’s population is growing daily, and extreme
climate change will threaten the stability of the food sup-
ply, so an effort is needed to solve the global food security
problem. A technological system for food supply production
in the agricultural industry must be developed to produce a
sustainable food production system to achieve global food
security. A system that applies machine learning methods to
perform forecasting on plant growth morphology with a high
level of accuracy, so that this system will produce optimum
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food production because it uses a forecasting system that can
predict plant growth, so that the possibility of anomalous
plants can be detected early. Then, actions are taken to pre-
vent production failure.

The application of machine learning methods for optimi-
zation of plant growth forecasting also allows the agricultural
industry to produce a precise forecasting system, namely the
process of real time forecasting of plant growth morphology
such as leaf width, stem thickness, number of branches and
other variables against climate change with the dimensions
of measurement parameters, namely air humidity tempera-




ture, water volume, and soil nutrients. Optimization of plant
morphological growth forecasting will also minimize the use
of resources and maximize productivity. It is also detected
anomalous plant growth early because the method has been
trained in normal plant morphological growth to be able to
detect when the anomalies occur.

Therefore, studies that are devoted to improving forecast-
ing accuracy, enhancing growth strategies through machine
learning approaches and informing precision in agriculture
industries practices are scientific relevance.

2. Literature review and problem statement

Optimization is finding the best possible solution to
a problem [1]. Many things in everyday life can be used
as optimization examples, namely that humans want to
be maximally happy with the minimum possible effort.
Another example is that in economics, profit and sales are
maximized as much as possible with minimum production
costs [2]. Another example that requires optimization is load
balancing [3], a service composition process for an industrial
business that updates machine scheduling when new orders
arrive. This condition will become problematic when new
orders come continuously [4]. Optimization will find the
best possible scheduling solution to minimize the waiting
time for machines while waiting for the next order during
production. Optimization will find the best possible elements
x from a set X based on the criteria F {f1, f2 ......fn} with the
objective function f: X — Y with Y C R as the optimization
subject function.

However, in the process of finding optimal points, there
are several problems, namely the problem of premature con-
vergence [5, 6], namely the optimization process, which is
still very premature to find the local optimum due to a lack
of time for exploration to explore the possibility of finding
the global optimum. [7, 8] In addition to the problem of pre-
mature convergence in optimization, there is also a problem
called overfitting, namely the emergence of models (candidate
solutions) that are too complicated in the process of finding
optimization results from the best efforts made in training as
much data as possible [9]. Based on previous research, some
solutions to this problem have been developed by developing
optimization methods into continuous optimization.

Continuous optimization is a model with nominal vari-
able values and a constant range of values. This distinguishes
continuous optimization from discrete or combinatorial op-
timization with binary or combinatorial variables [10]. Con-
tinuous optimization tends to be composed of several para-
digms, each with function objects, variables, and constraints.
And to define it, all variables are grouped into a vector form
x with n components x € R"” with a continuous optimization
function min X € R" f(x)" with the subject ¢ (x) =0, i€¢g,
ci(x) >0, i € ¥, where the object fand constraints ¢;, i€ U Y
are the values of the function R" by adding a geometric con-
straint formulation x € Q, where Q — R" is a closed convex set.

One of the problems in continuous optimization is to use
an algorithm to generate a sequence of values of a variable in
the form of iterations that converge towards the solution of
a problem [11]. In determining how many steps are needed
from the first iteration to the next iteration, continuous op-
timization can detect possible prediction errors earlier [12].
The application of constant optimization in Bayesian net-
works depends on the smoothness of the function value to

obtain a gradient based on the numerical value of the search
graph. In this study, it still cannot be done smoothly [13]. In
addition, what is still a problem in continuous optimization
is that the iteration process produces the best solution at each
iteration, even though there are not many iterations carried
out, namely (¢ ~ 10), and no very complex iterations are need-
ed; it can be done very slowly, and convergence problems still
occur.

Several applications of optimization methods have been
implemented. The first is optimization, which is used for
weather forecasting [14, 15]. In this research, optimization is
used to evaluate the success of weather prediction by select-
ing meteorological elements [16]. The optimization method is
also used to predict heating control using a generalized arti-
ficial neural network based on LCOH for a solar power plant.
This research used MLP (Multi Layer Perceptron), which is
compatible with solar power plants and has linear charac-
teristics, but is not necessarily for plant growth or nonlinear
characteristics. This research has optimized the number of
full load storage hours and the solar field’s size. The differ-
ence in LCOH values compared to the MLP model has an er-
ror ranging from 0.01% to —-4.07%. Of course, this shows that
the MLP model performs very well in predicting LCOH [17].
In addition, applying continuous optimization algorithms
to the development of foundry structures is perfect because
it has an optimal value in providing a valid local optimal
solution that can reduce the amount of material needed when
supporting up to almost half in actual calculations. Still, this
algorithm performs much better compared to multi-objective
discrete optimization with genetic algorithms [18]. Predict-
ing the electricity load is done by using the artificial neural
network (ANN) method for predicting the electricity load
with a particular time or short-term load forecasting (STLF)
to overcome this problem, the SFOA-GRNN model optimiza-
tion method is used compared with ANN to predict the error
that occurs in GRNN-based STFL with FOA [9], STLF im-
plemented regression neural network, and this is suitable for
nonlinear problem and have problems with prediction error
for compared with other method in machine learning [9, 19].
In addition to predicting weather and electricity load, there is
also an optimization method for scheduling. Scheduling reg-
ulates the interval of water heating to maintain a balance of
fluctuations in the total pressure of uncontrolled photovoltaic
production and design. Thus, the weather can be predicted,
but the accuracy level is still not high [20].

When data mining meets optimization: a case study on
the quadratic assignment problem (QAP). The procedure of
collecting data involves collecting patterns through a group
of the highest solutions that have been collected previous-
ly. The patterns found are built to form a solution using a
hybrid optimization approach that combines data mining
and optimization. This method can achieve the best average
percentage deviation (APD) value, but highlighting the con-
vergence rate of this method is still a problem because the
heuristic information captured is still not comprehensive and
helpful [21]. The agriculture field monitoring and automation
prototype has a system that monitors watering activity and
nutrition feeding for plant growth. However, a forecasting
system is still needed to predict plant growth behavior before
treatment is given. To make predictions using clustering
techniques and only apply to non-linear itemsets. A proper
optimization is required in order to predict and observe plant
growth [22]. Assessment optimization of weather forecast:
terminal aerodrome forecast (TAF)-from 24 hours. Decre-



mental-continuous optimization for large-scale structure
from motion finds an initial solution using discrete hybrid
and can improve the solution using the structure from mo-
tion (SfM). Continuous optimization (nonlinear and linear
programming): find variable sets to achieve the best objective
among several constraints that satisfy linear and nonlinear
programming. A classification system can make predictions
using the K-nearest neighbors learning machine method im-
plemented in the plant industry; this method is used to detect
early the occurrence of frost on plants in an area with differ-
ent weather. This is very important to do because frost will
cause damage to plants. The prediction process here is done
by classifying attributes that are defined by the provisions of
time and are only limited by that [23].

The continuous optimization problem generates a series
of values in the variable range at each iteration and continues
in the next iteration. Convergent issues occur in the optimiza-
tion iteration process due to inappropriate itemsets appearing
during the iteration process, but the classification process can
be done well [24]. Previous research has developed an algo-
rithm that can overcome the generation of variable ranges at
an iteration, but there are still problems, namely, there is a
value disturbance when the output of the first iteration is used
as input in the next iteration, and there are disturbances that
cause inaccurate values [25]. This research result shows that
the MSE value is more significant than the MSE value obtained
previously. In addition, the neural network in this follow-up
study showed that only 62% of the new data tested matched
the target (actual data), and 38% did not match reality. This is
caused by several factors, including the fact that the training
data is random from each attribute’s maximum and minimum
limits. Based on the results of this research, an ideal flower plant
growth prediction is expected to be found and established as an
optimal flower plant growth model. Furthermore, research [26],
forecasting plant growth using the time series method aims to
produce predictive values with a high level of accuracy. Analysis
of the level of accuracy is measured by calculating the MAD,
MSE, MAPE, and RMSE values in each iteration process, and
this research produced an MSE value of 0.000101, an excellent
value because the value is close to 0 at iteration 100.

The time series algorithm is good because it has an MSE val-
ue close to 0. Still, in implementing plant growth morphology,
this value will change as the iteration continues for the follow-
ing range of values [27]. The predicted accuracy level’s measured
value is disturbed for continuous iterations because disturbanc-
es cause the current range value, which becomes the following
value input, to change. The change in value can be reduced by
adding the multi-linear regression neural network method at
each iteration, the value generated in the value range of each
variable does not change, which is very good for the forecasting
process. According to the differential evolution (DE) method, it
effectively solves global continuous optimization problems. This
method uses distance information and population direction for
the following research. The estimation of the distribution algo-
rithm (EDA) is a sample with a new solution from a probability
model with promising solution distribution characteristics [28].
These two methods are combined to improve performance for a
continuous optimization model.

Furthermore, the application of sustainable optimization
is implemented in observing the morphology of ideal chili
plant growth by observing several plant growth variables,
namely: TT (plant height) - plant height from ground level up
to the height of the plant; BP (number of branches) — the num-
ber of branches that exist; JBu (number of fruits) - number

of fruits available; BD (number of leaves) - number of leaves
present. Each variable is measured based on soil moisture, air
temperature, soil PH, and plant age. And measurements were
taken at three growth phases: germination, flowering, and
production. The germination phase is carried out for 30 days,
during which chili seeds are sown and grow for 30 days. The
next flowering phase starts when the chili plant is transferred
to the soil planting medium. Then measurements are taken
until the chili plants begin to flower, with the plant length
of 30 days, and the next phase is called the production phase,
where the chili plants grow and develop to produce fruit. This
phase is observed for 40 days. Then the data for each variable
is computed using the neural network method with 100 itera-
tions; the value is obtained [29]. The data above shows that in
the training data amounting to 70% of the available dataset,
the accuracy of R is found to be 0.99107. In comparison, for
the testing data process with 30% data, the prediction accura-
cy of R is found to be 0.9502, while for the entire dataset, the
regression accuracy value is R = 0.98532. In research, there is
still a gap between actual and validation values.

Based on previous research that several studies have
succeeded in optimizing the prediction process but still have
problems with prediction errors, so also the Bayesian network
machine learning method can optimize at each iteration and
will experience difficulties if in complex iteration conditions
this will lead to convergent problems, namely the discovery
of the initial optimum point even though the actual optimum
point conditions have not been found. Research also uses the
time series method for prediction, which has produced a high
level of accuracy. Still, the level of accuracy decreases when
experimenting with variables with a dynamic range. There is
a change in the level of accuracy for each iteration.

All this allows to assert that it is expedient to conduct a
study on the development of an algorithm that can perform
optimization on a complex variable by generating a vari-
able range then for each iteration is forecasting using the
multi-linear regression method then optimization is carried
out using the neural network method so that the real opti-
mum point be found.

3. The aim and objectives of the study

The study aims to find a variable range generation algo-
rithm for dynamic variables to produce an optimal sustain-
able optimization model and to obtain a sustainable optimi-
zation model that can predict plant growth.

To achieve this aim, the following objectives are accom-
plished:

- to monitoring plant growth of chili for variable number
of branches, number of flowers, stem height and number of
leaves in 100-days period;

- to use machine learning, multi-linear regression for the
forecasting process on the dataset;

— to apply the neural network method for optimization on
the generated range of each variable;

- to find an optimal sustainable optimization model that
can predict plant growth

4. Materials and methods

The object of the study is the forecasting and optimizing
the plant growth rather. For each range variable, the linear



regression equation is modeled. When the linear regression
equation has been found, the optimization process continues
using the neural network method approach to find the opti-
mization points of the generated variables for each iteration.
Each variable is optimized in each iteration so that the opti-
mization points will produce values close to the facts for each
forecasting process.

The problem in the forecasting process is that there is a
high RMSE value, which results in a less accurate forecasting
rate. This high RMSE value is due to the optimization process
that runs in the forecasting process experiencing premature
convergence at each iteration, as shown in Fig. 1 below.
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Rl R2
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produces values that are close to good values for forecast-
ing with dynamic variables.

Fig. 2 is a forecasting development model using machine
learning. The following are forecasting stages: the initial
stage of data collection and continued data pre-processing,
which consists of cleaning and data transformation until the
data is suitable for further processing. Furthermore, the data
is separated into training data and testing data. Furthermore,
the generated variable range step is added before entering
the data processing. At this stage, the number is generated
randomly with (1).

In Fig. 3, flow chart of the con-
tinuous optimization algorithm,
where the initial stage is to input a
data set, where the data set is a data
set obtained from direct measure-
ment of plant growth, each data set
consists of plant growth variables,
then the data set is carried out the
data training process, then based on
the training data the following vari-
able value generation process is car-
ried out, then for the next iteration
first forecasting is carried out, then
the output of the forecasting results
is carried out the optimization pro-
cess to obtain the optimal variable
value. Thus, the system works to

F(x1)

F(x2)

R3 100

Fig. 1. Continuous optimization process in forecasting

Fig. 1 is a graph of the continuous optimi-
zation process that occurs in the forecasting
process, here it can be seen that there is a
premature convergent process, namely the
process of finding the local optimum earlier
in each iteration even though the actual local
optimum value has not been reached and
likewise what happens at the global optimum
point, that the model has found the global
optimum point in the iteration process. How-
ever, the actual global optimum point value
has not been reached, which causes a non-op-
timal optimization process and will result in
a low accuracy value for the forecasting pro-
cess. And this must be resolved by creating a
new model.

The hypothesis of the study: in the test-
ing process of the forecasting model will
produce a high level of accuracy which is
indicated by several parameters measuring
forecasting accuracy, namely produce an
RMSE value that is closer to the value of l
0 or below the value of 40 so that the fore-
casting results will show close to the actual
value or situation. MAD is used to measure
the accuracy of the forecast with the aver-
age forecast error, the smaller this value
will be the better, which is below 50 next for
the MAPE value below 20 where this range shows a good
forecasting ability model and the last is the MAE value,
which is calculated the average value of the difference
between the predicted value and the actual value, which is
below the value of 5. The forecasting model developed here
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Fig. 2. Development model of range number generator in forecasting model

This system will be able to predict the condition of the
growth of chili plants from the time the chili plants are cap-
tured until the chili plants are ready to harvest, based on the
last condition when the plants are captured or taken pictures.
So, if the chili plant is captured, it is not good; the system



will predict the possibility of chili growth up to the number
of chilies, so that with this system, it will be able to prevent
the likelihood of poor plant growth. And can maximize the
growth of chili plants, and at the same time, maximize the
amount of chili production. All observed variables were mon-
itored using a surveillance camera. The existing data was
then used as training data with machine learning techniques
to define an ideal growth model for chili plants. Based on
this perfect growth model, forecasting methods can predict
the shape of the plants using the model and the training data.

‘ Process training ‘

v

Generate the variable value

v

‘ Forcasting the next variable value iteration |

’ Variable optimization ‘
v

’ Optimal variable values for each iteration ‘

Fig. 3. Research framework model: generating variables for
forecasting and optimization

In this study, a chili plant growth observation system
with a continuous optimization method for chili growth data
was developed from time to time during the growth period of
100 days. Generally done by building a plant growth observa-
tion system as shown in Fig. 4. Observations are carried out
in a chili plant garden equipped with a monitoring camera
that is useful for recording the overall morphological growth
from chili seedlings planted to production and this whole
process is divided into three observation phases, namely the
sprouting phase. The flowering phase and the last phase are
the production phase.

The process of observing chili plant growth involves mon-
itoring several growth variables, namely plant height (PH),
branching level (BL), number of flowers (NF), number of
fruits (NF), and number of fruit drops (FD). These five
variables are treated as input variables observed with mea-
surement parameters such as soil moisture, temperature,
and plant age. The five variables are monitored during four
phases: the embryonic phase, which is the pollination stage
of chili plants; the germination phase; the production phase,
when fruits are produced; and finally, the senescence phase,
when flower and fruit production becomes less frequent and
chili fruit size decreases. Observations are made under op-
timal plant conditions, as determined by chili plant experts.
Each morphological growth variable is observed based on
parameters that influence plant growth, such as soil mois-
ture, air temperature, soil pH, and the amount of mineral
water used for irrigation, which is applied every morning
and evening.

Fig. 4 describes how the system works in detail, namely
by using a monitoring camera, the condition of the growth

of the chili plant is captured. The system with the machine
learning method will read the state or condition of the plant
at the time of capture. The capture results will be input into
the system. Then the system will provide output, namely the
results of forecasting the growth of chili plants starting from
the condition when captured until the chili plants are ready
for harvest.

Fig. 4. Research activities: a — chill field research; b — soil
PH measurement equipment; ¢ — camera monitoring;
d — watering installation

Plant growth morphology is measured by variables such
as the number of branches, plant height, the number of fruits,
and the number of leaves. Each variable is assessed using
air temperature, soil moisture, plant mineral content, and
soil pH. These parameters are measured using a multi-tester
that can simultaneously measure soil moisture, temperature,
and pH, as shown in Fig. 4. In addition, the amount of miner-
al irrigation applied to the plants is measured using a nozzle
that operates with a pump, allowing each amount of water
applied to be measured in millimeters. The measurements
are taken over 100 days after planting the plants in the soil
medium. Therefore, no monitoring is done during the seed-
ling stage. Measurements are taken every 24 hours, following
the growth of each measured variable.

The forecasting method used in this study is multiple
linear regression, as it involves more than one indepen-
dent variable. The independent variables are YSM -soil
moisture (SM), YTm - temperature (Tm), and YUT - plant
age (UT). Next, the independent variables are compared with
the dependent variables, which are X; - plant height (TT),



X, - branching degree (TP), X5 - number of flowers (JB),
X4 - number of fruits (JBu) and X5 - number of fallen
fruits (JBG), using the following linear regression equa-

tion [30, 31] X1

Y= a+b1X1+b2X2+. . '+ann,

X2

where Y - dependent variable; a — constant (intercept)
intersection with the vertical axis; b - regression con-
stant (slope); X -independent variable/predictor. The
values of constants a and b can be determined using the
equation [32]:

(2 2(x,) |-(2x)(zx¥)
[ )
[[Z(XZ)ZXZXIY J—(ZXZy)x(lexz)J
[(Z(Xl)ZXZ(XZ)Z)—(lexe)2}

, @

b =

1

., @

b :[[Z(XI)ZXZXZY )—(Zle)x(lexz)] .
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Machine learning regression neural network approach
for optimization. In addition, the equation of the multi-linear
regression model is found, using the back-propagation neural
network method combined with a multi-layer network as
shown in Fig. 5, namely the neural network regression struc-
ture, to obtain the optimal optimization process.

The regression formula is used as an activation function
in the neural network optimization process with neural net-
work steps, namely Initialization, Activation, Weight Train-
ing, and Iteration. Input variables are parameters that affect
plant growth, namely moisture, soil pH, temperature and vol-
ume symbolized by X1, X2, X3 and X4 and output variables
in the form of plant growth with variables plant height (TT),
number of fruits (BB), number of branches (BC) and number
of leaves (BD), YTT, YBB, YBC and YBD symbolize each
output variable.

Input layers

X3

X4

Hidden layers
Output layers

.v.

yrr

VBB

\

¥YBD

YBc

Error Backpropagation

Fig. 5. Optimization structure of neural regression plant growth

variables

5. Research results: continuous optimization variable
range generator

5. 1. Statistical plant growth period of chili on
100 days

Testing is done using datasets obtained from research
results with primary data as shown below: plant growth data
taken every 5 seconds at 10:00 am and 8:00 pm and taken
every 5 seconds. The measurement sample is 100 samples,
and measurements are taken every day during the production
period, namely 100 days from the time the chili stems are
planted in the planting medium. Plant growth was observed
by measuring soil PH, temperature, and moisture parame-
ters. Furthermore, the watering volume is done every 2 times
a day, namely at 10:00 am, and then the second watering is
done at 5:00 pm. The measurement result in Table 1 was ob-
tained using camera monitoring with a measurement appli-
cation. Table 1 shows measurement variables of stem growth
based on the parameters PH-soil, temperature, volume, and
moisture.

Table 1
Primary data of the stem growth observation
. Sample 1
Date Time - -
Stem growth PH-Soil Temperature Volume Moisture
10.00 80.001 6.500 30.000 170.000 57.028
10.01 80.001 6.500 30.000 170.000 57.028
10.02 80.001 6.500 30.000 170.000 57.028
10.03 80.001 6.500 30.000 170.000 57.028
10.04 80.001 6.500 30.000 170.000 57.028
1/12/2022 10.05 80.001 6.500 30.000 170.000 57.028
20.00 80.050 6.049 28.000 130.000 58.630
20.01 80.050 6.049 28.000 130.000 58.630
20.02 80.050 6.049 28.000 130.000 58.630
20.03 80.050 6.049 28.000 130.000 58.630
20.04 80.050 6.049 28.000 130.000 58.630
20.05 80.050 6.049 28.000 130.000 58.630




Exact measurements were taken for the variables of
several branches, leaves, and flowers. Each was measured
every 10:00 a.m. and every 8:00 p.m. As for the measurement
parameters of temperature, pH, soil volume, and moisture,
the tendency of the measurement values is the same; what is
different is the measurement variable.

Statistical calculations are then performed on all the mea-
sured variables using the Google Colab application, produc-
ing a statistical measurement table shown in Table 2 below.

an excellent R? score of close to 1. For forecasting, this value is
outstanding. Furthermore, the same calculation is carried out
for each periodic plant growth period every day until 100 days
of growth.

5. 3. Neural network for optimization process result

Testing the performance of the new continuous optimiza-
tion algorithm is done by comparing with other methods used
for forecasting, namely the random forest method, then the
MAD (mean absolute deviation), MSE (mean square

Table 2 error), MAPE (mean absolute percentage error) and
Flowering phase and production measurement results RMSE (root mean square error) values will be compared
Measurement| Stem . ] to see its optimization. This continuous optimization
parameters | growth | Moisture | Temperature | Volume | PH-Soil | 410, rithm is measured for accuracy by comparing it with
Count | 70.000000 |70.000000 | 70.000000 | 70.000000 |70.000000| the time series method. The comparison is done accord-
Mean | 81.071429 | 58.028571| 34.700000 |170.628571| 5.471429 | ing to the plant growth period in 3 phases, namely the
Std 29.766882 | 22.035526 | 2.809662 | 58.452798 | 1.758799 | SProut, flowering, and fruiting phases, under the same

Min 28.000000 | 20.000000| 30.000000 | 30.000000 | 3.000000 | Scenario conditions with the same dataset.
25% 58.000000 | 41.250000 | 33.000000 | 182.250000 | 4.000000 Furthermore, the multi-linear regression model
equation of plant growth is optimized to get the op-

50% 84.500000 | 58.000000 | 35.000000 | 191.000000 | 5.000000 | . . ; .

timum points for the forecasting equation model. By
75% 106000000/ 77.500000 | 37.000000 | 200.000000 | 7.000000 | yino the linear neural network regression method,
Max 127.000000/ 99.000000 | 39.000000 | 209.000000 | 8.000000 | the gptimization process is carried out by simulat-

Furthermore, Table 2 shows statistical calculations in the
fruiting and flowering phases observed for 70 days, and data-
set measurements were taken. Statistical calculations using
the Google Colab application with the Python programming
language

5. 2. Multiple linear regression for the forecasting
process on the dataset

Furthermore, the evaluation measurement of equation
models 1, 2, 3, and 4 is tested using testing data to obtain the
measurement results as in Table 3.

Testing results: deterministic correlation (R?) of plant growth

forecasting model

ing using the google colab text editor with the pyh-
ton programming language for all plant growth equation
models consisting of 4 variables, namely plant height (TT),
many branches (BC), many fruits (BB) and the last is many
leaves (BD). This optimization process aims to get the opti-
mum forecasting equation, namely the chili growth forecast-
ing equation, which has optimum values. This optimum state
is called the ideal state of the plant growth model equation, as
seen from the R2-score value. The following are the results of
the program simulation.

Performance of continuous optimization variables range gen-
eration algorithm. In the simulation, there are input variables,
namely x1 — moisture, x2 - temperature, x3 — volume,
and x4 - soil PH, with output variables, namely y1 - TT,
y2-BC, y3-BB, and y4 - BD. There are two hidden
layers with a value with a sequential activation model,

Table 3

iterations of 5000 epochs, and an RMSProp optimizer.

Variable Result model testing R2-score . 6 - .
10.13601901, 8.6871127, 86.38752718, 88.03567, The optimum point is obtained at epoch 301, as in the
7.92815007, 90.28834405, 77.00225618, 10.21785262, following simulation image, with a loss value of 43.05
Plant height | 033971592 911053643, 87.09449363, 12.98921, 0.78 and a MAE value of 57.34. ' )
92.61149231, 18.51247313, 82.63085864, Furthermore, the validation graph is obtained as
13.44523553, 87.5473977, 15.61881889, 12.92165424, follows: the dot illustrates the loss point for all training
84.14030117 data, and at epoch 300, the training data is in a stable
2.45361791, 18.60992743, 24.58829343, 21.33845438, condition with a validation loss value that meets the
Number of | 20.80276903, 18.13373159, 19.5454423, 21.6276345, | o optimization value of a growth model. After measur-
branches 1871805292, 24.74081352, 17.64182436, ing the validation loss value, the model testing process
20.45689445, 22.22281755, 19.76603446 is continued using the dataset so that the results are
27.2359919, 26.81649438, 95.53086116, 96.77376733, obtained as in the following figure, namely the mean
e e e absolute error value of 4.55 at epoch 34/38 for y-train
Number of 28.96991227, 27.91283102, 100.13545907, and 4.9977 for y_test at epoch 150/150
leaves 96.13500972, 31.34258759, 103.82133918, 0.89 - y- €p - _
37.99803083, 93.18434809, 32.03844405, Fig. 6 compares training and validation loss with
95.96214728, 34.42774477, 31.26155155, the ReLU activation function, a regression equation
92.93774922 valued at epoch 200. This graph shows that the pre-
56.61713831, 47.55866442, 66.27104451, dicted value with the validation value is close to the
Number of 45.92655588, 51.64326872, 39.59974406, 0.92 training value.
fruits 45.75346232, 50.6667551, 25.29361191, 27.7829986, Furthermore, Fig. 6 compares the prediction re-
34.53375045, 32.26759194 gression graph for training data to validation with

In Table 3, the measurement results for all variables are ob-
tained: plant height of 0.78, many branches of 0.89, many leaves
of 0.79, and many fruits of 0.92. This value is ideal for each, with

laps 150 and 38.
In Fig. 7, a graphical comparison of training loss and
validation loss with sigmoid activation function is shown,
and a regression equation with a value at epoch 150. This



graph shows that the predicted value with the validation
value is close to the training value. Fig. 7 shows the perfor-
mance of the ReLU activation function as forecasting with
MAE values of 19.7 at 19.8 iterations 38 and 150, and then
has a parameter value of 5000 at dense_4 and a value of
500500 at dense_5.

Training and validation loss

° e Training loss
600+ Validation loss
q
s00{ '3
5]
4004
[ 1
8ol |
— 300+ U
200
100+
0 50 100 150 200 250 300
Epochs

Fig. 6. Performance graph of prediction with relay activation

Training Validation

Table 4
Results of loss and val for each iteration used the ReLU
activation

Epoch [96/96 [ == loss mae val_loss | val_mae
100/1000 |1s 14ms/step| 190.9221 | 9.9072 |199.6747 | 10.1079
150/1000 | 15ms/step | 146.9203 | 8.6303 |146.8080 | 8.5798
200/1000 |2s 21ms/step| 128.9820 | 7.9938 |133.7778 | 8.2097
250/1000 |1s 15ms/step| 101.5200 | 7.2192 | 99.8384 | 7.0697
300/1000 |1s 15ms/step| 80.4740 6.4326 | 95.1196 | 7.2303
350/1000 |2s 20ms/step| 56.5589 5.5353 | 57.0214 | 5.5765
400/1000 |1s 15ms/step| 50.1702 5.2597 | 46.4648 | 5.0423
450/1000 |2s 23ms/step| 44.9263 4.9397 | 40.4398 | 4.7562
500/1000 |2s 16ms/step| 45.5891 4.8857 | 46.5109 | 5.0598
550/1000 |2s 20ms/step| 39.8190 4.7010 | 38.1995 | 4.6325
600/1000 |2s 16ms/step| 39.2914 4.6173 |100.7581| 6.2023
648/1000 |1s 15ms/step| 38.2563 4.6280 | 39.7239 | 4.6980

5. 4. Sustainable
growth
The following is Table 5 of comparison results between
continuous optimization algorithms with several activation
functions: ReLU, tanh, softplus, elu, and sigmoid, then com-
pared with the time series algorithm. Each algorithm uses
the same variables and also the same measurement
parameters, namely MAD (mean absolute deviation),

optimization to predict plant

MSE (mean square error), MAPE (mean absolute per-
centage error), and the last is RMSE (root mean square
error).

Based on the table of measurement results above that
the continuous optimization algorithm using the ReLU ac-
tivation function has a very ideal value compared to other
activation functions as well as the time series method with
MAE of 4.62 this value is the predicted value closest to the
reality value while for other activation tanh is also close to
its value while for the times series method it is still very far
away. Likewise, for the measurement value of RMSE and
MAPE, the values of 16.36 and 36.53 are excellent.

In Fig. 8, it can be seen that the comparison graph
of the level of forecasting accuracy from the results of
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regression; b —data validation regression

The simulation is to compare the loss value, mae value,
val_loss and val_mae values at several different iterations,
namely epoch 100, 150, 200, 250, 300, 350, 400, 450, 500,
550, 600 and finally at epoch 648 with the ReLU activa-
tion function, X.shape (6000,4) y.shape (6000,)
X _train.shape (4800,4), X_test.shape (1200,4)
y_train.shape (4800,) y_test.shape (1200,0).

Table 4 shows the measurement result at ev-

d. 7. Model regression graph plant growth: @ — data training

continuous optimization carried out with the activation
function, namely ReLU and tanh, compared to the time
series method shows that the value with the activation
function ReLU and tanh has a percentage value below
50%, namely 46.36% and 46.86%. This is a good value
compared to the time series method above 50%, which
is exactly 67.39%. This experiment was conducted with
500 epoch iterations. The MAD value for the ReLU and tanh
activation functions is not much different at 0.50. The MAD
value obtained from the continuous optimization process is
excellent compared to the accuracy level of other methods.

Table 5

Comparison results of the time series algorithm with a continuous

optimization algorithm

ery mulgtiple of 50 ‘iterations. Iteration testing is Measure- Continuous optimization algorithm o
ime
done with a learnlgg_rate of 0.091, Batch_size ment  |Epoch| ReLU Tanh | Softplus Elu Sigmoid | L
of ?‘O’.an‘,i TeSt—.Spht Ot: 70, flnd it p'roduces an | parameters activation | activation | activation | activation | activation
c;ggémzatlc;ln po”flt at clitera.“ﬁ’n testing 6148 °£ MAD | 500 | 4636 | 4686 | 623 | 49.53 | 7236 | 67.39
epochs performed with a mae value ‘o MAE | 500 | 462 48 5.6 5.3 197 | 86
4.69 and a loss value of then a value equal to NAPE <00 | 1636 1628 3105 2036 2597 | 6263
loss 38.2563 — mae: 4.6280 — val_loss: 39.7239 - : : - - : :
val_mae: 4.6980. RMSE 500 36.53 38.68 42.52 45.36 78.63 61.36
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Fig. 8. Performance forecasting new continuous optimization model with different function activation:
a — MSE RelLU activation compared time series method; 6 — MAD ReLU activation compared Time Series Method;
¢ — MAPE RelU activation compared time series method; d — RMSE ReLU activation compared time series method

Furthermore, the MSE (mean squared error) value is
compared by comparing the average value of the square
error between the actual value and the forecasting value,
and the values obtained are 4.6 and 4.8 while for the time
series method, the value is 8.6. The low Mean Squared val-
ue approaching zero indicates that the forecasting results
are close to the actual data; in other words, this value is
outstanding. The value comparison can be seen in Fig. 8.
It can be seen from the graph that the comparison between
the ReLU activation function of the continuous range op-
timization generator is much better, with a difference in
value of 4.6, compared to the time series method used for
forecasting.

After comparing the accuracy values of MSE and
MAD, the calculation of the MAPE (mean absolute per-
centage error) value is the percentage of absolute average
error with statistical measurement of the level of accuracy
for the forecasting process, as shown in Table 1. In Fig. 8,
it can be seen that the value generated from the continuous
optimization range generator with the ReLU activation
function is 16.36, this value is a value with a good forecast-
ing model category, but when compared to the MAPE val-
ue for the time series method, it is obtained at 62.63 for the
MAPE category, this value is included in poor forecasting
because the MAPE value is above 50%. The tanh activation
function’s value is almost the same as the ReLU activation
function, which is 16.28, which is still better than ReLU.
Still, for this forecasting category, it is included in a good
forecasting model.

6. Discussion of results: continuous optimization
variable range generator

Model the continuous optimization algorithm is an al-
gorithm for generating the value of a variable according to
the range of the variable and then using a linear regression
algorithm to forecast the following range of variables and
then the optimization process is carried out using a neural
network algorithm to get the best range for each iteration of
each change period and flowchart shows Fig. 3 and model
neural network shows in Fig. 5. In this research, the con-
tinuous optimization algorithm is implemented on the plant
growth of chili plants, as shown in Fig. 4, with 100 samples
and monitoring with equipment.

The simulation has input variables, namely x1 — moisture,
x2 - temperature, x3 — volume and x4 - soil PH with output
variables, namely yl - TT, y2-BC, y3-BB and y4 - BD.
There is a hidden layer with a value with a sequential acti-
vation model and iterations of 5000 epochs; the optimum
point is obtained at epoch 301, as in the following simulation
image, with a loss value of 43.05 and a MAE value of 57.34.

Furthermore, the validation graph obtained is as follows.
The bit point illustrates the loss point for all training data.
At epoch 300, the training data is in a stable condition with
a validation loss value that meets the optimization value of a
growth model. After measuring the validation loss value, the
model testing process is continued using the dataset so that
the results are obtained as in the following figure, namely the
mean absolute error value of 4.55 at epoch 34/38 for y-train



and 4.9977 for y_test at epoch 150/150. Fig. 6,7 show a
graphical comparison of training and validation loss with the
ReLU activation function, a regression equation with a value
at epoch 200. This graph shows that the predicted value with
the validation value is close to the training value.

Testing the performance of the new continuous optimiza-
tion algorithm is done by comparing with other methods used
for forecasting, [30] namely the Time Series method, then the
MAD (mean absolute deviation), MSE (mean square error),
MAPE (mean absolute percentage error) and RMSE (root
mean square error) values will be compared to see its optimi-
zation. This continuous optimization algorithm is measured
for accuracy by comparing it with the Time Series method.
The result is shown in Table 4. The last is to compare the
value of the accuracy level for the forecasting process. The
RMSE (root mean square error) value is the value of the error
rate of the prediction results, where the smaller the RMSE
value is, the closer to zero it is, the more accurate the predic-
tion results will be. Fig. 8 shows a comparison of the RMSE
value for the continuous optimization range generator algo-
rithm using the ReLU activation function, so that the results
are 6,53 and 8.68 for the tanh activation function, while for
the time series, the value is 16.36. The iteration experiment
was carried out for as many as 500 epochs and resulted in the
smallest RMSE value of 6.53 for the ReLU activation func-
tion; this value is excellent because the error rate is negligible.

Table 1 is the result of statistical calculations of ideal chili
growth for each morphological variable of growth during the
100-day growing period, with measurement parameters as
shown in Table 2. Each of these tables is primary data. Then,
from the results of the above primary data measurements us-
ing the plant growth model, the multi-linear regression fore-
casting process is carried out so that the measurement results
are obtained with the level of accuracy shown by the R? pa-
rameter in Table 3. Here, the level of accuracy of the model is
excellent. For dynamic variables, each variable that has been
generated is then carried out an optimization process for
each iteration and the iteration process is carried out every
50 epoch increments and Table 4 shows each process by com-
paring the value of MAE and loss so on until the optimum
value is found so that more accurate forecasting results are
obtained as shown in table 4. That is with an RMSE value of
36.52 with ReLU activation, which is a good time for dynam-
ic variables. The MAPE value is 16.36, which indicates that
the value of this forecasting model is good. Still, to achieve
an excellent forecasting value that is below 10, additional
iterations are added to each optimization process but this
will cause the RMSE value to increase and this will result
in a less good forecasting process, because good forecasting
if the RMSE value is close to the value of 0, but because the
forecasting process here is multi-linear regression, the RMSE
value determines the level of accuracy.

Based on Table 5 of measurement results above that the
continuous optimization algorithm using the ReLU activa-
tion function has a very ideal value compared to other activa-
tion functions as well as the time series method, this value is
the predicted value closest to the reality value while for other
activation tanh is also close to its value while for the times
series method it is still very far away. Likewise, the value is
excellent for the measurement value of RMSE and MAPE.

Based on the calculation results, the ideal RMSE value
is obtained and occurs at epoch 5000. The iteration pro-
cess cannot be increased anymore because this will affect
other size parameters, but this is very good for producing

a forecasting value, namely by generating a range value for
each variable that is being measured dynamically for each
iteration performed. The measurement process is limited to
5000 epochs.

By making certain developments to the variable genera-
tion model in the future, it will be able to improve the level
of forecasting accuracy, which can increase the epoch when
iterating, so that this will be able to increase the RMSE value
and a better level of accuracy can be achieved.

Further research is needed to determine if this model can
be applied to other types of plants, given that each plant’s
morphological characteristics have distinctive plant growth
characteristics.

7. Conclusions

1. The growth of chili plants was observed for 100 days,
and measurements were taken twice, namely at 10:00 a.m.
and 10:00 p.m. For each variable and measurement parame-
ter, the trend of plant growth values was linear.

2. The process of generating the continuous optimiza-
tion variable’s value is done by modeling the multi-linear
regression equation and then continuing the optimization
process using the neural network method for each gener-
ated variable value. This can help the continuous optimi-
zation process to obtain the optimal value for each variable
mean R? at 0,87.

3. Continuous optimization algorithm using the ReLU
activation function has a very ideal value when compared
to other activation functions with an MSE value of 4.62, this
value is the predicted value closest to the reality value while
for sigmoid activation the value is very far at 19.7, this value
is very far when compared to the time series method which
is 8.62.

4. The forecasting optimization algorithm on the variable
produces a suitable value, indicated by the excellent MAD,
MAPE, MSE, and RMSE values on the ReLU activation func-
tion. Compared to other activation functions, the forecasting
value is close to 1.
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