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Date grading is an important process for producers and affects the fruit quality evaluation and
export market. However, the high costs, low speed and variation associated with manual sorting
have been forcing the post harvest industry to apply mechanization and automation in sorting
operations. As a step toward mechanized grading, in this research Mamdani fuzzy inference
system was applied as a decision making technique to classify the Mozafati dates. Three date
quality parameters including the quantity of juice, size and freshness were measured for 100
date fruits in one orchard. These dates were graded by both a human expert and a fuzzy
inference system designed for this purpose. Grading results obtained from fuzzy system showed
86% general conformity with the results from the human expert.
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Introduction

In recent years efforts to develop automated fruit classification systems
have been increasing. The aim of grading is to produce packed fruit which is
uniform in size, shape, color, texture and moisture. For each variety the
standards are different. Client's requirements can also determine the criteria
during grading. For example varieties with a certain texture can be
mechanically sorted for size using sorting machines (Zaid, 2002). Relatively
few papers on date quality evaluation have appeared in the literature. Based on
the evaluation criteria, they can be categorized into: moisture (Dull et al,
1991a; Schmilovitch et al., 2003, 2006), water and soluble solids (Schmilovitch
et al., 1997, 1999, 2000), firmness (Schmilovitch et al., 1995), dryness
(Wulfsohn et al., 1993) and automatic date grading (Lee et al., 2008).

Many attempts have been made to make this process more efficient by
automatic grading, but, owing to the complexity of the processes and the
difficulty of imitating human senses, especially that of vision, no perfect
solution has yet been found for date grading without human hands. Self-
learning techniques such as neural networks and fuzzy logic (Zadeh, 1965)
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seem to represent a good approach. Fuzzy logic is an extension of Boolean
logic dealing with the concept of partial truth. Whereas classical logic holds
that everything can be expressed in binary terms (0 or 1, black or white, yes or
no), fuzzy logic replaces Boolean truth-values with degrees of them. Fuzzy
logic permits the use of linguistic values of wvariables and imprecise
relationships for modeling system behavior and it is a powerful concept for
handling non-linear, time-varying and adaptive systems. In recent years, more
and more applications of fuzzy theory to agriculture have been reported. Chao
et al. (1999) used a neuro-fuzzy based image classification system that utilizes
color-imaging features of poultry viscera in the spectral and spatial domains
was developed for this approach. Combining features of chicken liver and
heart, a generalized neuro-fuzzy model was designed to classify poultry viscera
into four classes. The classification accuracy was 86.3% for training and 82.5%
for validation. Simonton (1993) and Chen and Roger (1994) used FL in the
classification of plant structures. They found good agreement between the
results from fuzzy prediction and human experts. Verma (1995) developed a
fuzzy decision support system (DSS) to aid decisions related to quality sorting
of tomatoes. Lameck et al. (2002) used application of fuzzy-neural network in
classification of soils using ground penetrating radar imagery. Classifications of
uniform plant, soil, and residue color images were conducted with fuzzy
inference systems by Meyer et al. (2004). Mazloumzadeh et al. (2008) used the
Mamdani fuzzy inference system (MFIS) to evaluate and classify alternative
date harvesting machines in the Iranian date harvest industry. The results
obtained with MFIS showed an 85% agreement with those obtained by an
expert. The main purpose of this study was to introduce a method of date
grading using fuzzy logic and to compare the accuracies of the predicted results
with grades directly suggested by a human expert.

Materials and methods
Components of fuzzy models

In classical models variables have real number values, the relationships
are defined in terms of mathematical functions, and the outputs are numerical
values “crisp”. Models with fuzzy logic have variables which influence system
behavior and relationships among the variables which describe the system. In
fuzzy logic, the values of variables are expressed by linguistic terms such as
“large, medium, and small”, the relationships are defined in terms of if-then
rules, and the outputs are fuzzy subsets which can be made “crisp” using
defuzzification techniques. The crisp values of system variables are fuzzified to
express them in linguistic terms.
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Fuzzification is a method for determining the degree of membership that
a value has to a particular fuzzy set. This is determined by evaluating the
membership function of the fuzzy set for the value.

Fuzzy expert system

Human reasoning can handle uncertain and vague concepts in an
appropriately manner, however, it cannot be expressed precisely. Fuzzy logic
provides a methodology to model uncertainty and the human way of thinking,
reasoning and perception (Abraham, 2005). In Boolean logic, we have only two
concepts of “True’ and ‘False’, which are represented by 1 and 0, respectively.
This means any proposition can be true or false. Fuzzy logic is an extension of
Boolean logic that allows intermediate values between these two extremes. In
this approach, the classical theory of binary membership in a set is extended to
incorporate memberships between 0 and 1. This means each proposition can be
true and false to a degree simultaneously. Let X be a space of objects andx x be
an element of X . A classical set 4, 4c X, is defined as a collection of elements
x e X, such that x can either belong or not belong to the set 4. In other words,
the set 4 is described by

A={x|xeX}, ey
whereas, a fuzzy set A in X is defined by
A={(x, 1, (x))x e X}, )

where 1, (x) is called the membership function for the fuzzy set A. Here, 4 is a
linguistic term (label) that is determined by the fuzzy set. The membership
function maps each element of X to a membership grade between zero and one
(,u 4 (x)e [0,1]). For example, this set can present X as ‘Medium’, which is a
linguistic term that can be described by a fuzzy set with soft boundaries. Figure
1 shows two sets, one based on Boolean logic and the other on fuzzy logic.

Fuzzy inference system

Fuzzy systems provide the means of representing the expert knowledge of
humans about the process in terms of fuzzy (IF-THEN) rules. A fuzzy rule is
the basic unit for capturing knowledge in fuzzy systems. Fuzzy inference is the
process of formulating the mapping from a given input to an output using fuzzy
logic. The goal is to obtain a conclusion consisting of one or more consequents
from a premise consisting of one or more antecedents. The mapping then
provides a basis from which decisions can be made, or patterns discerned. The
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process of fuzzy inference involves: membership functions, fuzzy logic
operators, and if-then rules. There are two types of fuzzy inference systems that
can be implemented in the Fuzzy Logic Toolbox: Mamdani-type and Sugeno-
type. These two types of inference systems vary somewhat in the way outputs
are determined. A fuzzy rule, like a conventional rule in artificial intelligence,
has two components: an ‘if’ part and a ‘then’ part which are also referred to as
antecedent and consequent, respectively. The main structure of the fuzzy rule is
given by Eq. 3.

IF <antecedent> THEN <consequent> 3)

The antecedent of a fuzzy rule has a condition that can be satisfied to a
degree. Like conventional rules, the antecedent of a fuzzy rule may combine
multiple simple conditions into a complex one using AND, OR and NOT logic
operators. The consequent of a fuzzy rule can be classified into two main
categories: Fuzzy consequent (Eq. 4, in which C is a fuzzy set), functional
consequent (Eq. 5, in which p, ¢ and r are constant).

Basically, fuzzy inference systems (FIS) incorporate an expert’s
experience into the system design and they are composed of 4 blocks (Fig. 2).
A FIS comprises a fuzzifier that transforms the ‘crisp’ inputs into fuzzy inputs
by membership functions that represent fuzzy sets of input vectors, a
knowledge-base that includes the information given by the expert in the form of
linguistic fuzzy rules, an inference-system (Engine) that uses them together
with the knowledge-base for inference by a method of reasoning and a
defuzzifier that transforms the fuzzy results of the inference into a crisp output
using a defuzzification method (Herrera and Lozano, 2003).

The knowledge-base comprises two components: a data-base, which
defines the membership functions of the fuzzy sets used in the fuzzy rules, and
a rule-base comprising a collection of linguistic rules that are joined by a
specific operator. The generic structure of a FIS is shown in Fig. 2. Based on
the consequent type of fuzzy rules, there are two common types of FIS, which
vary according to differences between the specifications of the consequent part
(Egs. 4 and 5). The first fuzzy system uses the inference method proposed by
Mamdani in which the rule consequence is defined by fuzzy sets and has the
following structure (Mamdani and Assilian 1975).

IF xis A and yisB THEN fisC. “4)

The second fuzzy system proposed by Takagi, Sugeno and Kang (TSK)
contains an inference engine in which the conclusion of a fuzzy rule comprises
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a weighted linear combination of the crisp inputs rather than a fuzzy set (Takagi
and Sugeno, 1985). The TSK system has the following structure

IF xisA and yisB THEN f=px+qy+r, (5)

where p,gandr are constant parameters. The TSK models are suitable for
approximating a large class of non-linear systems.

The knowledge-base containing the database and rule-base of an FIS can
be constructed from an expert’s knowledge. For this, the expert selects the
membership functions and rules. In this way, fuzzy models can help in
extracting expert knowledge at an appropriate level.

Fuzzy systems can also be constructed from data, which alleviates the
problem of knowledge acquisition. Various techniques have been used to
analyze the data with the best possible accuracy. There are two common
approaches for constructing a FIS based on available data. In the first, often the
rules of the fuzzy system are designated a priori and the parameters of the
membership functions are adapted during the learning process from input to
output data using an evolutionary algorithm, such as a genetic algorithm. In the
second approach, the fuzzy system can be generated from data by hybrid neural
nets. The neural net defines the shape of the membership functions of the
premises. This architecture and learning procedure is called an adaptive
network-based fuzzy inference system (Jang et al., 1997).

The Sugeno and Mamdani types of fuzzy inference systems can be
implemented in the fuzzy logic toolbox of MATLAB (Mathworks, 2004).
When the output membership functions are fuzzy sets, The MFIS is the most
commonly used fuzzy methodology (Mazloumzadeh et al., 2008). The MFIS in
Matlab was selected to evaluate and classify the data on productive date trees to
produce the TTQM. The main idea of the Mamdani method is to describe the
process states by linguistic variables and to use these variables as inputs to
control rules.

To apply the technique, a total of 100 Mozafati dates were selected. For
each date, membership function of quality parameters such as the juice
quantity, size and freshness were recorded in three quality features "Low, Mid,
High" (Fig 2 through 4). For fruit size (length) membership functions (Fig. 2),
the largest dimension of fruits were measured and recorded as the fruit length
and three levels of (0-3), (2.5-3.5), (3-4) allocated to Low, Mid and High
classes. For fruit juice membership functions (Fig. 3) and for fruit freshness
membership functions (Fig. 4), three levels of (0-9), (5-15), (13-20) were
allocated to "Low, Mid and High" classes. Table 1 shows the results of
measurements. Based on expert date grower knowledge, figure 5 shows the
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output of fuzzy system in five quality features "Very poor, poor, Medium,
Good, Excellent".

In this research, a four input, one output Mamdani fuzzy rule-based
system in fuzzy toolbox of Matlab software was used for date grading. Based
on considered membership functions for inputs the Mamdani fuzzy rule based
system has 3x3x3=27 rules.

The fuzzy system is implemented using the following FIS properties:
Type: ‘Mamdani’

Decision method for fuzzy logic operators AND (intersection): ‘MIN’
Decision method for fuzzy logic operators OR (union): ‘MAX’
Implication method: ‘MIN’

Aggregation method: ‘MAX’

Defuzzification: ‘CENTROID’ (center of gravity)

( )
[ Knowledge Base ]
Input ) . Output
TP Fuzzifier Defuzzifier —
Crisp Crisp
Fuzzy Inference
Fuzzy Engine Fuzzy
9 Input Output )
Fig. 1. Block diagram of a fuzzy inference system
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Fuzzy rules determination

Many researchers have investigated techniques for determining rules, and
expert knowledge is the one most commonly used. The expert is asked to
summarize knowledge about the system in the form of a cause and effect
relationship. From these the rules are formulated (Center and Verma, 1998).
Yoshinari et al. (1996) discuss another method of fuzzy rule determination
based on fuzzy classifier techniques. Neural networks have also been used to
learn rules (Jang and Sun 1995). In this study the set of rules based on date
growers’ expert knowledge to construct the fuzzy model are given in Table 1.
The MFIS used here has 3x3x3=27 rules based on the membership functions
considered for inputs. An example of rule definition is. If fruit size is “High”,
fruit freshness is “High” and fruit juice quality is “High” then fruit is “Very
good”.

Table 1. Developed fuzzy rules

Fruit size Fruit freshness
Low Mid High
(a) Fruit juice quality is ‘Low’ Good
Low Very bad Very bad Bad
Mid Bad Bad Mid
High Mid Mid Good
(b) Fruit juice quality is ‘Mid’
Low Bad Mid Mid
Mid Bad Good Good
High Mid Good Very good
(¢) Fruit juice quality is ‘High’
Low Bad Mid Mid
Mid Mid Good Very good
High Mid Very good Very good
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Results

For the different date varieties there was 86% general agreement between
the MFIS results and the human expert. This result show fuzzy logic has been
able to model human expertise successfully (Table 2). The level of agreement
between the MFIS and human expert is not usually 100% because fuzzy logic
gives ‘class’ membership degrees to dates (Mazloumzadeh et al., 2009). Table
2 shows the analysed results after defuzzification process. Total predicted
column shows the classification by the expert. For example the expert says 28
dates are very good but fuzzy system says from these 28 just 25 are very good,
there are 2 good and 1 medium. The explanation is similar for the other rows.
There are 14 percent of disagreements between the expert and the fuzzy system
views. It shows the ability of fuzzy system to evaluate and compare 3
parameters at 3 levels as inputs and generate outputs in 5 levels simultaneously.

Table 2. Comparison of date quality between experts and fuzzy inference

system
Fuzzy system prediction
Class Very good Good Medium Bad Verybad Total predicted %
Very good 25 2 1 0 0 28 89.3
Good 2 32 2 0 0 36 88.9
Experts
Medium 0 1 14 2 0 17 82.35
Bad 0 1 2 9 0 12 75
Very bad 0 0 0 1 6 7 85.7
Total observed 27 36 19 12 6 86
100
% 92.6 889 737 75 100 86
Discussion

To apply the MFIS to evaluate and classify date fruits in other regions of
cultivation with different growing conditions, the membership functions would
need to be tuned to obtain sensible evaluation results. For example, the average
date fruit size of Porkoo and Karoot varieties is 3.5 and 4 cm, respectively
(Anon, 2011), whereas it is 3 cm in the studied region. Therefore, membership
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functions of fruit length must be modified for different date varieties. Neuro-
fuzzy systems such as NEFCLASS (Nauck and Kruse, 1995) enable this.

Fuzzy systems, including fuzzy rule-based systems and fuzzy set theory,
provide a rich and meaningful addition to standard logic. Many systems may be
modeled, simulated, and even replicated with the help of fuzzy systems, not the
least of which is human reasoning itself . Grading and classification using fuzzy
logic is always successful and may be better than conventional approaches, as
shown by Simonton (1993), Chen and Roger (1994), Mirabbasi et al. (2008),
Mazloumzadeh et al. (2008, 2009) and Alavi et al. (2010).

Lee et al. (2008) developed a machine vision system for automatic date
grading using digital reflective near-infrared imaging. They could grade date
samples with accuracy of 87%. Fuzzy logic in date grading has not been used
yet as a grading technique in date industry, but many studies show it is a
powerful technique for grading and classifying. For example Shahin and
Tollner (1997) obtained 72% classification accuracy in classifying apples
according to their water core features using fuzzy logic. Kavdir and Guyer
(2003) used fuzzy technique for apple grading. Grading results obtained from
their system showed 89% general agreement with the results from the human
expert. They combine trapezoidal or triangular membership functions with an
exponential function, as in their study, improved classification accuracy of the
system. In this research fuzzy logic was successfully applied to serve as a
decision making technique in grading dates. Grading results obtained from
fuzzy logic showed a good general agreement with the results from the human
experts, providing good flexibility in reflecting the expert’s expectations and
grading standards into the results. It was also seen that length, freshness and
juice quantity are 3 important criteria in date fruit grading.

The application of soft computing techniques such as fuzzy logic to fruit
classification will enhance the automation in this sector. In future studies, the
performance of classification based on fuzzy logic should be compared with
other mechanical and automated sorting techniques in addition to manual
sorting. Moreover, the shape of the membership functions may be predicted by
applying cluster or statistical analysis techniques to the sub-samples of the data
to be sorted. This could result in membership functions that closely represent
the output classes and, therefore, improve the classification success of the fuzzy
rule-based classifier. Applying commonly used triangular or trapezoidal
membership functions to the quality categories of agricultural produce may not
work as it would for industrial operations. This may be due to the diversity and
uniqueness of agricultural products. Membership functions to be used for
agricultural applications should contain the non-linearity that exists between the
input features and output categories. The nature of agricultural systems creates
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the need for modeling systems that are robust, noise tolerant, adaptable for
multiple uses, and are extensible. Fuzzy logic has these characteristics and is
being examined for use in control and modeling in agricultural systems.

Conclusion

A new application of Mamdani fuzzy rule-based system to evaluate and
classify date fruits was presented. The comparison between results of MFIS and
experts shows that the overall classification accuracy of the MFIS model was
86%. This model demonstrated that, date fruit evaluation based on this method
is more exact than experts, and provides a better representation of date grading.
Results indicate that fuzzy rule-based modeling is a promising alternative to the
traditional approach.
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