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Introduction

Coconut (Cocos nucifera L.), an important
perennial oil yielding crop of humid tropics, is grown
widely in the countries lying in the Indian Ocean and
the Pacific Rim. India is the largest producer of coconut
and also has the largest acreage under the crop. In India,
more than 90 % of the coconut acreage and production
lies in the four southern states namely, Kerala, Tamil
Nadu, Karnataka and Andhra Pradesh. With the setting
up of the WTO and trade liberalization, forecasting crop
yield is needed by the Government, agro-industries,
traders and agriculturists alike to formulate policies.

Coconut has unique feature among the plantation
crops in that it flowers and fruits throughout the year.
In general the fruit development in coconut takes 44
months from the time of initiation of inflorescence
primordium to full maturity of the nut. Dry spells during
ontogeny of coconut inflorescence and growth stages of
the developing nut affect the nut yield (Rajagopal et al.,
1996). A well managed coconut tree produces at least
one leaf and inflorescence a month. Crop yield is a
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function of both genotype and environment. Amongst
the environmental factors, weather plays a crucial role
in expressing the yield potential of the crop. The yield
of the coconut palm is not only dependent on the current
year climatic pattern, but also on the weather pattern of
the preceding years.

A crop forecasting model based on the 12 rainfall
parameters was used by Abeywardena (1968) and
obtained yield predictions close to the observed values
(R2 = 0.81). However, validity of the model for
anticipating yields was not tested. In 1983 an empirical
statistical model to forecast yields in Sri Lanka was
developed based on eight variables (drought indices) for
eight different agro ecological regions derived from
monthly rainfall figures and taking into consideration
the minimum requirement of soil moisture for optimum
prediction (Abeywardene, 1983). The errors of the
estimated values for some years were very large, but no
alternative methods have been developed and the use of
drought indices is more meaningful and useful than
actual cumulative rainfall. A predictive model (R2 = 0.91)
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with six climatic variables (maximum relative humidity,
sunshine duration, vapour pressure and minimum air
temperature at different periods) was developed
(Vijayakumar et al., 1989). This model could predict
the yield for a given year by the middle of May in the
year before harvest. These models do not attempt to take
into account the non-linear dynamic relationship between
the independent variables (weather data) and the
dependent variable, the yield.

Artificial neural networks (ANN) are gaining
increasing popularity as an alternative to statistical
methods for complex modeling. Infact neural network
is a series of layers with nodes and weights that represent
complex relationships among input and output variable
with an objective to obtain optimal weights to give a
best value for the nodes of the output layer. Further, for
input data to ANN, where the independent variables are
attributes and are vaguely formulated and also even
though these attributes are precisely defined, however,
in practice they retain a strong flavour of qualitative
ambiguity. Data mining tools are beginning to show value
in analyzing massive data sets from complicated systems
and providing high-quality information (Liu et al., 2001).
An artificial neural network (ANN) is an attractive
alternative for building a knowledge-discovery
environment for a crop production system. An ANN can
use yield history with measured input factors for
automatic learning and automatic generation of a system
model. In the past few years, several yield simulation
models have been built. Fuzzy sets, however, admit the
possibility of partial membership, so they are
generalizations of crisp sets to situations where the class
boundaries are not or cannot be sharply defined
(Burrough, 1989). A fuzzy logic expert system was used
to predict corn yields with promising results (Ambuel et
al., 1994). The functional relationship using the fuzzy
logic expert system was expressed linguistically instead
of mathematically. The membership function of fuzzy
sets defines how the grade of membership of x in A is
determined. The fuzzy membership value of independent
variable will be used as input layer for ANN.

In our study an attempt has been made to devise a
coconut yield prediction model using fuzzy membership
value and ANN.

Materials and Methods

Location of the site

The experimental site is located in the Central
Plantation Crops Research Institute, Research Centre at
Kidu in Dakshin Kannada district of Karnataka state in

India. The experimental site has a gradient of 28° towards
east. The mean daily maximum temperature varies
between 29.3 and 38.5° C. The average annual rainfall
is 2700 mm. The soil is laterite classified as
Oxic haplustults. The soil characteristics are given in
Table 1. The soil moisture content at water holding
capacity, permanent wilting point, 0.03 MPa, 0.2 MPa
and 1.5 MPa were estimated using pressure plate
apparatus. The soil was analysed for its mechanical
composition, pH (1:2.5) and organic carbon using
standard procedures (Jackson, 1967).

Description of the model

Coconut is a highly cross pollinated crop. The
coefficient of variation for the yield in the population
ranges from 20 – 30 %. Year to year fluctuation in
coconut is a common feature. In any large population, it
is possible to see large number of palms that are biennial
in their bearing habits (Jacob Mathew and Jose, 1991).
Yield data was collected for eleven consecutive years
from 1990-2000 on an individual palm basis, from a
coconut plot having 200 West Coast Tall (WCT) palms.
Yield variation over years is a function of genetic make
up of the palm, field scale soil  variability and weather
condition prevailing during those years. To over come
the variations from the above mentioned factors, the palms
were ranked from 1 – 200 every year based on yield. Yield
data of only those five palms ranking amongst first 25
ranks in all the years were selected for the study.

Daily climatic variables viz., rainfall, mean air
temperature, relative humidity, sunshine hours and open
pan evaporation were collected from the class B
meteorology observatory of Rubber Research Institute
of India, Substation, Kadaba adjacent to the research
centre. The data collected were for the period 1990-2000.
Missing values were estimated as described in the WEPP
weather generator – CLIGEN (Nicks et al., 1995).

Table 1. Soil characteristics

Sl. No. Soil characteristics Values

1 Depth (cm) 125
2 Sand (%) 45
3 Silt (%) 9.95
4 Clay (%) 35
5 pH (1:2.5) 5.45
6 Organic carbon (%) 0.41
7 Soil moisture at 0.03 MPa (% v/v) 29.9
8 Soil moisture at 1.5 MPa (% v/v) 18.2
9 Soil moisture at 0.2 MPa (% v/v) 23.4
10 Soil moisture at permanent wilting point (% v/v) 15.6
11 Water holding capacity (% v/v) 42.9
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The climatic requirements of the crop have been
utilized to derive the fuzzy rule.

Soil moisture deficit has been calculated on daily
basis as per equation (1) (Bailey and Spackman, 1996):
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d
          (1)

Where SMD
d
 = Soil moisture deficit on daily

basis; d is the day in question; AE is actual
evapotranspiration; R is rainfall; I is irrigation; D is
drainage from the root zone and r is runoff.  All variables
are expressed in millimeters (mm). The actual
evapotranspiration (AE) for coconut has been worked
out as per the equation (2) (Bailey and Spackman, 1996)

AE = kPE
 
                                                                       (2)

Where PE is potential evapotranspiration (mm)
and k is a coefficient dependent on the soil moisture
deficit and the potential transpiration rate. Potential
evapotranspiration has been calculated as per equation
(3):

PE = k
c
E

o
                                                          (3)

Where k
c
 is the crop coefficient (k

c 
for mature

coconut is 0.8). E
o
 is open pan evaporation in mm.

Available soil moisture(ASM) in the root zone of one
meter depth was estimated on daily basis as per equation
(4).

ASM
d
 =ASM

d-1
-SMD

d                                                                  
(4)

A fuzzy set is most commonly used for
classifications of objects or phenomena in continuous
values, where the classes do not have sharply defined
boundaries. It deals with a class with a continuum of
grades of memberships (Zadeh, 1965). A fuzzy set A may
be defined as follows in the equation (5).

A = {x, µ
A
(x)} x ε X                                        (5)

Where X = {x} is a finite set (or space) of objects
or phenomena, µ

A
 (x) is a membership function of X for

subset A. Therefore, a fuzzy subset is defined by the
membership function (MF) that defines the membership
grades of fuzzy objects or phenomena in the ordered
pairs, consisting of the objects and their membership
grades. The MF of a fuzzy subset determines the degree
of membership of x in A (Burrough, 1989). There are
several ways to generate a fuzzy membership function.
For environmental applications, there are two different
but complementary approaches to grouping individuals
into fuzzy sets or classes (McBratney and Odeh, 1997).
The first is the Similarity Relation model (SR), and the
second is based on the Semantic Import model (SI). This

SI model approach is adopted in this study. The SI model
(see Burrough, 1989) is comparatively simple to use,
because it utilizes an a priori membership function (MF)
for individual variables under consideration (Burrough,
1989). Examples can be seen in Burrough (1989),
Burrough et al. (1992), and Davidson et al. (1994). With
this approach, the attribute values considered are
converted to common membership grades (from 0 to 1.0),
according to the class limits specified by the analysts
based on experience or conventionally imposed
definitions (McBratney and Odeh, 1997). If MF(x)
represents individual MF values for property x, then,
the basic SI model function can be defined as fuzzy
membership function has been worked out for sunshine
hours, relative humidity, available soil moisture and
mean air temperature as per the equation (6) (Burrough,
1989).
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Where F (x) is the fuzzy membership value of x;
a defines the value of x at the central concept or optimum
for the coconut, and c is parameter governing the shape
of the function.

The fuzzy membership values derived are used
as input layer for the ANN. The description of ANN
models are available elsewhere (Gautam et al., 2000;
Grönroos, 1998; Sajikumar and Thandaveswara, 1999;
Šima, 1998). Multi-layer feed forward neural network
has been used for the coconut yield prediction by
providing input-output training sets and minimizing the
objective function (error function). Sixty per cent of the
data set is used for training and 20 % each for the test
and evaluation. The back propagation network simulator
was implemented in the Visual C++ as per the algorithm
described by Rumelhart et al. (1986). Input data are
normalized in the range of 0.1-0.9. The output data are
also normalized in the range of 0.1-0.9 since logistic
activation function is used.

The accuracy of the trained ANN was evaluated
by calculating an individual modeling error for each of
the examples reserved for testing. Individual prediction
errors were calculated as:

Predicted  – Observed
yield            yield

Prediction error = ————————— X 100 %   (7)
Observed yield
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Using equation 8, positive errors indicate over-
predictions, while negative errors indicate under-
predictions. To obtain an overall accuracy measure for
the 60 test examples, the RMS error was calculated:

RMS error =            (8)

Results and Discussion

Fuzzy membership function

It is generally assumed that the optimum
temperature for coconut is about 27° C, and the mean
diurnal variation between 5-7° C. Normally, an absolute
low temperature of 0° C for a short spell will not kill a
palm. One cold spell with temperatures below 15°C
lasting 57-75 days had seriously damaged coconuts and
losses of upto 90 per cent of the nuts occurred during
two consecutive years. Relative humidity is one of the
factors determining the transpiration rate and,
consequently, the water and nutrient uptake by the palm.
Even in the case of sufficient water supply from the soil,
low relative humidity of the air may induce stomatal
closure in the palm, reducing its photosynthetic capacity.

It was observed that coconut reduces its stomata opening
when relative humidity drops below 60%, even if soil is
close to field capacity (Ohler,1999). It is observed that
when RH is more than 85% for three or more consecutive
days outbreak of pest and disease occurred causing yield
reduction. It is generally accepted that the coconut palm
requires at least 2,000 hours of sunshine per year to
exploit its production potential fully estimated to be  120
hours of sunshine per month would be favourable for
coconut. Coconut can tolerate six months or more of
drought, yields are seriously affected when the water
deficit amounts to more than 300 mm per year. In general
crop is affected when available soil moisture reduces
below 50 % (Ohler, 1999). Based on these optimum
climate and soil conditions fuzzy rule set were framed
for the membership function and given in Table 2.

Table 2. Rule set for fuzzy membership function

Membership function         Description of criteria

Temperature < 15ºC affects fruit setting adversely

Relative humidity < 60 % - affects stomata opening
> 95 % - crop affected by pest and diseases

Sunshine hours < 4 hours - affects the coconut growth

Available soil moisture < 50 % of available soil moisture
content affects nutrient uptake

Fig. 1. Membership functions of selected parametrs: Mean air temperature (a), Relative humidity (b), Sunshine hours (c),
and Available soil moisture (d)



C. Palaniswami, R. Dhanapal, A.K. Upadhyay, C. Manojkumar and K. Samsudeen

28

The coefficients ‘a’ and ‘c’ for the different fuzzy
membership functions have been derived using the rule
set as shown in Table 2. The coefficient values are given
in Table 3. The fuzzy membership functions are given
in Figure 1.

of modulus 4 in the range of 0-1, it is divided by 3. To
avoid overfitting, the termination of the learning process
is controlled by the stopped training method.

Multilayer FNN was run for 10 epochs for the
training set for different FNN topology, as 10 epochs
gave the least root mean prediction error with 200
iterations. The final topology, which gave the least mean
square error (0.21) has 145 nodes in the input layer
(previous 36 months CF(x) values for the selected
variables viz. RH, temperature, available soil moisture
in the root zone and sunshine hours and alternate bearing
habit of coconut), two hidden layers with 180 and 60
nodes and output layer with five nodes. The predicted
output layers under all the years of study are given in
Figure 2. The nut yield, both observed and predicted are
given in Figure. 3. The FNN model during the evaluation
stage predicted the coconut yield adequately in the year
1999 compared to the observed values. The overall root
mean square error for the simulation of entire data set is
0.21 in the output layer. The coconut yield was predicted
to a higher degree (R2 =0.98) by this model where even
the non-linear relationship between the input and output
were taken into account. As shown in Figure 4, a
histogram of the yield prediction errors, the RMS error
was 11.77%. The RMS error is the result of inter year
variation in the yield, since the random selection of the
initial weights had some influence on the RMS error.
As expected, the histogram approached a normal
distribution, except that there was one very large over-
prediction of yield.  However, in the year 2000, the model
gave an overestimate of the nut yield for the palm
numbers P4 and P5. This may be because only 10 years
data was taken for the study. Taking more number of
years of data set might improve the FNN model for better
yield prediction.

Table 3. Coefficient values for fuzzy membership functions

  Membership function Coefficient a Coefficient c

Temperature 27 12
Relative humidity (<= 85 %) 85 25
Relative humidity (> 85 %) 85 10
Sunshine hours (<= 4 hours) 4 2
Sunshine hours (> 4 hours) 4 90
Available soil moisture 299.2 5140.89

The fuzzy membership value (F(x)) obtained on
daily basis were cumulated to monthly as per the equation
(9). The cumulative fuzzy membership values will be
unity, if that particular parameter is optimum for all the
days in the month.

CF(x ) = 
n

xF
n

∑
1

)(
                                           (9)

Where CF(x) is cumulative fuzzy membership
value on monthly basis and n is number of days in the
month.

Neural network

The input layer consists of cumulative fuzzy
membership values (CF(x)) of each parameter for
varying periods. Further, to include the alternate bearing
habit of coconut, modulus 4 of the reporting year divided
by 3 is used. The cumulative fuzzy membership values
range from 0-1 for climatic variables so, to have the value

Fig. 3. Fuzzy – neuro system predicted coconut yield (Observed
(O) and  predicted (P) nut yieldFig. 2. Observed and predicted output layers
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Conclusion

The coconut yield can be predicted to a higher
degree of accuracy by using neural network and fuzzy
membership functions, because non linear relationship
between independent (climatic and irregular bearing
habit) and dependent(nut yield) variables is mapped. The
studies have also established that previous 36 months of
prevailing weather data influences the coconut yield.
This shows that, by using this approach we can simulate
the impact of different factors (climate and soil and water
conservation practices) on coconut yield, however, the
model developed has to be validated. This approach can
also be extended to different varieties under different
management practices for predicting the yield.  Further,
coconut grown in different situations/ conditions (like
monocrop, mixed / inter crop and mixed farming) and
their yield predictions with different input variables can
be taken up in the future to have a clear understanding
of the effect of differential input variables.
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Fig. 4. Error histogram for the FNN model
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