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Modeling of Greenhouse System
Using Adaptive Neuro-fuzzy Inference
System (Anfis) Technique

A. Manonmani*, T. Thyagarajan**, S. Sutha***, G. Guruprasath****

Abstract: The greenhousesystem (GHS) isan important and effective measureto get better agricultural productivity.
The crop requires a different temperature and humidity for various phases such asmultiplication phase, vegetation
phaseand growth phase. Toget proper growth of crops, ind detemperatureand inside humidity should be maintained
at the desired level with respect to climatic condition. The dynamics of complex GHS are very complex due to
parameter variation, nonlinearity and disturbances. Hence, it is difficult to develop a mathematical model of the
GHSusing conventional techniques. Modeling of such complex system can be easily obtained using soft computing
techniquelikeAdaptive Neuro-Fuzzy I nference System (ANFIS). In this paper, a cooling model for GHSisdeveloped
using ANFI S technique. The advantages of ANFISmodel of GHS over conventional modd are highlighted.

Keywords: Greenhouse System (GHS), Nonlinear System, Adaptive Neuro-Fuzzy | nference System (ANFIS) and
Fuzzy Inference System (FIS).

1. INTRODUCTION

Soft Computing refersto reasoning, thinking and deduction that recognizes and usesthe reality of grouping,
memberships, and classification of various quantities under study. It is an extension of natural heuristics
and capable of dealing with complex systems because it does not require strict mathematical definitions
and distinctions for the system components. The modeling of complex system can be easily achieved using
soft computing techniques. The main techniques used in soft computing are: evolutionary computing,
artificial neural networks, fuzzy logic and ANFIS.

The greenhouse system is a complex system with highly nonlinear interaction and coupling between
system variables. ANFI'S models can accurately reproduce a system which is highly nonlinear and where
there isa problem in framing the relation between input and output that generally cannot be described by a
mathematical relationship.

The modeling of complex system can be easily achieved by an input-output datalearning using Artificial
Neural Network (ANN), [8]. We choose ANN to model a dynamic system and create a fuzzy inference
system. There are two waysto train the ANN namely supervised training and unsupervised training. In this
paper as the input and desired output of the system are known a supervised training is used.

This paper is organized as follows: Firstly the brief introduction of dynamic system. Section 2 presents
the details of mathematical model of a greenhouse system. Section 3 describes the Adaptive Neuro-Fuzzy
Inference System (ANFIS) used in formulating the GHS model. Section 4 explainsthe resultsand discussion
and finally the conclusion of the work are presented in section 5.
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2. GREENHOUSE SYSTEM

The non-linear behavior of the GHS isa combination of a physical interaction between the temperature and

humidity. A smple GHS is shown below in the Figure 1.

From the figure 1, the inputs to the GHS are the ventilation rate and water capacity of fog system and
the outputs are inside temperature and inside humidity. The disturbances are solar radiation, outside
temperature and outside humidity. The method used to determine the dynamic model of
GH Sishasedonenergyandmassflows equationsdescribingthe GHS. The GHS consists of heating, cooling
and ventilation model. The cooling model is considered here and the mathematical model of greenhouse

system for a cooling model is given by equation (2), [2]
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The height and surface area of GHS are 4 m and 1000m? respectively. The incident solar radiation
energy reduced by the system is about 60%. The ventilation rate is about 20airchangesperhour(22.2 m¥/s)
and maximumwatercapacityof the fogsystemis 26 g[H,O]/m3.

3. FORMULATION OF GHSMODEL USING ADAPTIVE NEURO-FUZZY
INFERENCE SYSTEM (ANFIS)

ANFIS is a kind of artificial neural network that is based on Takagi—Sugeno fuzzy inference system. Its
inference system corresponds to a set of fuzzy if-then rules that have learning capability to approximate
nonlinear functions. The major steps involved in formulating ANFIS model include:

(i) Generating input/output data
(i) ldentification of architecture
(iii) Network Training
(iv) Validation using trained and test data.

3.1. Generating Input/Output Data

The datathat isgenerated to train the network should containal the relevant information about the dynamics
of the system. The training data is generated by simulation using random values of the inputs namely
ventilation rate and water capacity of fog system as shown in Figure 2 and Figure 3 respectively.

Figure 2 Variation in Ventilation rate of GHS

Figure 3 Variation in Water capacity of thefog of GHS
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The nonlinearity is evident from the response of temperature and humidity and this is shown in the
Figure 4 and Figure 5 respectively.

In this work, 5000 units of data are collected from the conventional model andused to develop the
ANFIS model.

3.2. ANFIS Architecture
The ANFIS architecture of the Takagi-Sugeno inference system is shown in Figure 6.

Figure 4 Variation of inside temperature for GHS

Figure 5 Variation of inside humidity for GHS
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The entire system consists of five layers and the relationship between the input and output layer is
summarized as follows and has been shown in equation (3), [7]

Oy, = Hp (x)
0,,i =g ,(Y)
0,1 =W = 17 (X)* 145 ()
Ogi =W =
W + W

0,1 =W f; =W (p X+ 0y y+T;
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3.3. Training Algorithm

3

The training algorithms used are back propagation algorithm and hybrid algorithm. ANFIS uses training
algorithmto tune the parameters of sugeno type fuzzy inference system. The ANN used hereisa Multilayer

Perceptron (MLP) network [9].

3.4. Fuzzy Inference System (Fis)

A fuzzy knowledge-based system finds lot of applications, mainly due to its flexibility and simplicity. The
functional block of a fuzzy inference system is shown below in the Figure 7.

From the Figure 7 the functiona block of fuzzy inference system are: fuzzification, data base, rule
base, decision making and defuzzification. The rule base and data base combined known as knowledge
base. The basic steps of fuzzy reasoning based on the fuzzy inference system (FIS) as follows:

1. Compare the input variables with the membership functions on the premise part to obtain the
membership values (or compatibility measures) of each linguistic label. (This step is often called

fuzzification).

2. Combine (through aspecific T-norm operator, usually multiplication or min.) the membership values
on the premise part to get firing strength (weight) of each rule.

3. Generatethe qualified consequent (either fuzzy or crisp) of each rule depending on thefiring strength.

4. Aggregate the qualified consequents to produce a crisp output (This step is called de-fuzzification).
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The input-output variables of FIS are expressed using linguistic variables and are fuzzified. Takagi-
Sugeno-Kang (TSK) inference rule has been applied to the FIS to predict the quality of the system.

3.5. Data Input For Fis

The data set should include data for each process variable, evenly distributed throughout the range for
which estimation is desired. The maximum and minimum values of inside temperature and humidity were
determined by looking at the operation range of the greenhouse system. Thus, model simulations are
performed to obtain the input-output data by using these values. The generated training dataisloaded in the
FISusing the GUI Editor. Later, design parameters, initial estimator structure are constructed. In thiswork,
4 FIS structures are used because the interaction between the input and output variablesfor each FIS will be
helpful in modeling the GHS.

3.6. FISSructurel

The data from the conventional model loaded through workspace into the ANFIS GUI. In thiswork 3750
(75%) number of input-output data pairs are used for training the ANN models and 1250 (25%) data pairs
areused for validation. Initialize the parameters of FI S and trainthe model using different training algorithms.
The checking data isloaded into ANFIS GUI and validation of training data against test data. The structure
of the ANFIS model used for GHS is shown in the Figure 8.

For FIS structure 1, two input membership functions namely: ventilation rate and temperature of previous
value and the output is temperature and shown in Figure 9 and Figure 10.
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Figure 8: ANFIS Sructure 1 used for developing GHS model

Figure 9: Inputl Membership function plot for ventilation rate
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From the Figure 9 and Figure 10, it is inferred that the membership function used here are has seven
linguistic levels. Accordingly the 49 rules were formed as shown in the rule base matrix shown in Figure
1.

The ANFIS parameters used for training the model of GHS for ventilation rate and temperature are
tabulated in Table 1.
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Tablel
ANFIS parametersmodeling of GHSfor Ventilation rate and Temperature
S No Parameter Values
1 No. of inputs (Ventilation Rate and Temper ature past val ue) 2
2 No. of output (Temperature) 1
3 Model Takagi-Sugeno model
4 Input space partition Grid partition
5 Learning algorithm Hybrid/ Back propagation
6 No. of input MFs 7
7 Input MF type Ghell
8 Output MF type Linear
9 Epochs 30

3.7. FISSructure 2

The datafrom humidity is taken and loaded into the ANFIS GUI then the data for humidity is checked. The
structure of the ANFIS model used for GHS is shown in the Figure 12.

In the FIS structure 2, the input membership is ventilation rate and the output is humidity and shown in
Figure 13.

From the Figure 13, it is inferred that the membership function used here are has twenty linguistic
levels. Accordingly the 20 rules were formed as shown in the rule base matrix shown in Figure 14.

The ANFIS parameters used for training the model of GHS for ventilation rate and humidity istabulated
in Table 2.
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Figure 14: Rule base matrix for ventilation rate and humidity

Table2
ANFI S parameter smodeling of GHSfor Ventilation rate and Humidity
S No Parameter Values
1 No. of inputs (Ventilation rate) 1
2 No. of output (Humidity) 1
3 Model Takagi-Sugeno model
4 Input space partition Grid partition
5 Learning algorithm Hybrid/ Back propagation
6 No. of input MFs 20
7 Input MF type Ghell
8 Output MF type Linear
9 Epochs 30

3.8. FISSructure 3

For FIS structure 3, one input membership water capacity of fog system and temperature isthe output. The
datafromtemperatureistaken and loaded into theANFIS GUI and the datafor temperatureis checked. The
structure of the ANFIS model used for GHS is shown in the Figure 15.

Theinput used iswater capacity of fog system and the corresponding membership function isshownin
Figure 16.

From the Figure 16 it isinferred that the membership function used here are hasthirty linguistic levels.
Accordingly the 30 rules were formed as shown in the rule base matrix shown in Figure 17.

The ANFIS parameters used for training the model of GHS for water capacity of fog system and
temperature is tabulated in Table 3.



1728 A. Manonmani, T. Thyagarajan, S. Sutha & G. Guruprasath

N
; 0‘
U \
+ 11' Na
P /;0—> TEMPERATURE
. U
1 4

Figure 15: ANFIS Structure used for developing GHS

n

[ ] .
WATERCAPACITY N/ .
— ¥ L ] -
OF FOG SYSTEML ¥
Qroc o .
N

-
E D e——
Vv A1

W T o o

MMW\M
mmmuumanmmmmm

wnnnnnnnnnnnnnnnnnnnnnnnnnnnn/
mnanInm
"EAAAAANAAKAAKAAKAAKAAKARRAAR

I\ VAVAVAVAVAVAVAVAVAVAVAVAVAVAVAVAVAVAVAVAVAVAVAVAVAVAVA

0 129 0.13 0.131 0.132 0.133 0.134 0.135 0_136

Inout vanable “nout1”

—
i
\
—"
\
—
—

Figure 16: Input: M embership function for water capacity of fog system
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Table3
ANFIS parameter smodeling of GHSfor Ventilation rate and Humidity
S No Parameter Values
1 No. of inputs (Water capacity of fog system) 1
2 No. of output (Temperature) 1
3 Model Takagi-Sugeno model
4 Input space partition Grid partition
5 Learning algorithm Hybrid/ Back propagation
6 No. of input MFs 30
7 Input MF type Ghell
8 Output MF type Linear
9 Epochs 30

3.8. FIS Sructure 4

In theFl Sstructure 4 the two inputs namely: water capacity of fog system and the humidity previous value
and the output ishumidity are consdered. The data fromthe conventional model isloaded through workspace
into the ANFIS GUI editor. The data from humidity is taken and loaded into the ANFIS GUI then the data
for humidity is checked. The structure of the ANFIS model used for GHS is shown in the Figure 18.

The two input membership function namely water capacity of fog system and humidity previous values
are shown in Figure 19 and Figure 20.
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Figure 19: Input 1: Membership function plot for water capacity of fog system
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From the Figure 19 and Figure 20, it is inferred that the membership function used here are has five
linguistic levels and 25 rules were formed as shown in the rule base matrix shown in Figure 21.

The ANFIS parameters used for training the model of GHS for water capacity of fog system and
temperature is tabulated in Table 4.

Figure 21: Rule base matrix for water capacity of fog system and previous value of humidity

Table4
ANFIS parameters modeling of GHS for Water capacity of fog system and Humidity
S No Parameter Values
1 No. of inputs (Water capacity of fog system and previous value of humidity) 2
2 No. of output (Humidity) 1
3 Model Takagi-Sugeno model
4 Input space partition Grid partition
5 Learningalgorithm Hybrid/ Back propagation
6 No. of input MFs 5
7 Input MF type Ghell
8 Output MF type Linear
9 Epochs 30
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The comparison of different training algorithm error for 30 epochsis tabulated in Table 5.

Table5
Comparison of different training algorithm for 30 epochs

Training Algorithm

Back propagation Hybrid

Least Square Error 20.5275 0.0316
23.6481 0.2067

19.3467 0.0117

21.7543 0.0586

From the table 5, it is clear that the error of hybrid algorithm which is a combination of least squares
and back propagation is much more less when compared to back propagation algorithm. Thus the hybrid
algorithm training is used for this model development. The variation in the number of membership function
and error is shown in Figure 22.

From the Figure 22 it is inferred that as the membership function increases the error is minimum.
The various steps involved in formulating the ANFIS model are as follows:
1. Theinput and output data are collected from the conventional model of GHS.
Select 75% of generated data from the conventional model of GHS for training data.
Select the remaining 25% of generated data as test data.
Set initial membership function for input and output parameters.
Generate FIS model.
Choose FIS model [Hybrid / Back propagation method].
Define the number of training epochs.
Generate initial fuzzy rules.
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Figure 22: Variation in number of member ship function and error
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4. RESULTSAND DISCUSSION

Asimulation study ispresentedtoshowthe cooling model of GHS. The open loop ANFIS model using input-
output data are designed. The simulation studies are performed in MATLAB R2010a.

4.1. Response of GHS

Figure 23 and Figure 24 shows the dynamic responses of GHS obtained from conventional and ANFIS
model for input temperature and humidity respectively.

From the Figure 23 and Figure 24, it is observed that the ANFI'S model for the greenhouse system has
mapped well with the mathematical model.

6. CONCLUSIONS

Inthispaper, an ANFI Smodel representing the nonlinear dynamics of the cooling phase of GHSisformulated.
The ANFIS model work satisfactory for GHS by selecting the number of membership function, type of
membership function, type of training algorithm and number of epochs to understand easily with the help
of knowledge of a system. The error obtained using the mathematical model is about 4% and the maximum
fit value isabout 96% whereasthe error obtained using the ANFI S model is about 8% and has the maximum

Figure 23: Variation inside temperaturefor GHS

||

Figure 24: Variation insde humidity for GHS
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fit value is about 92%. Sometimes the model error will be there and this can be accepted when a controller
is used.
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