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FORECASTING MAXIMUM TEMPERATURES VIA FUZZY NEAREST
NEIGHBOUR MODEL OVER DELHI

A.K MITRA t, SANKAR NATH t, §

ABSTRACT. This paper introduces nearest neighbour based fuzzy model (NNFM) based on
membership values for forecasting the daily maximum temperature at Delhi . Fuzzy mem-
bership values has been used to make single point forecasts into the future on the basis of
past nearest neighbours. Compared with other statistical method and artificial neural network
(ANN) technique, this approach has the advantages of faster and highly automated model syn-
thesis as well as improved prediction and forecasting accuracies. The NNFM model developed
using daily temperature data of 15 years (1991 to 2005) that were used to predict the maximum
temperature for the next days. The model forecast has been tested with the actual observation
of the independent data sets of 2006 and also the results are compared with the method of
persistence and ANN technique. The overall performance statistics shows that the proposed
model is capable to produce good results with independent cases, providing about 91% correct
forecast within £2°Cof the observed values for the next day along with a positive value of skill
score over persistence method as well as ANN technique. The method is found to be promising
for operational application.
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INTRODUCTION

Various authors have carried out studies on maximum temperatures. Kendall et al [1] and
Panofsky and Brier [2] provide detailed description of various forecasting techniques based on
statistical methodology, including the widely used technique of multiple regression analysis.
Klein and Hammons [3] suggested many predictors for prediction of maximum/minimum tem-
perature. Mohanty et al. [4] have developed a statistical model for prediction of minimum
temperature during winter and maximum temperature during summer at Delhi. It has been re-
alized that statistical techniques have limited capabilities when modeling time-series data, and
more advanced methods including neural networks have been frequently used (Azoff [5]). Re-
cently, many conventional statistical techniques such as autoregressive (AR), adaptive filtering
and AR-Integrated Moving Average (ARIMA) models have been extensively used for temper-
ature forecasting (Adel-Aal and Elhadidy [6] ; Delugio [7] ; Singh and Jaipal [8] ; Suresh [9]).
Intelligent systems (IS) using artificial intelligence techniques have been used to forecast severe
weather and other climatological conditions. The IS modelling approach is complementary to
the NWP (Numerical Weather Prediction) scheme that uses computationally intense dynami-
cal, thermo dynamical and statistical algorithms to produce large-scale weather forecasts. Many
case-based techniques have been proposed for prediction of weather and weather parameters.
These methods use different pattern-recognition techniques. Riordan and Bjarne [10] proposed
a fuzzy case-based system for weather prediction. Following the approach of case based rea-
soning; Singh et al [11] proposed the nearest neighbour model for prediction of weather at a
station in terms of snow day/no snow day and the expected snowfall amount under different
well-established snowfall categories.
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Farmer and Sidorowich[12] state that local approximation and nearest neighbour techniques
can be used in forecasting to give results several orders of magnitude better than conventional
statistical techniques and climatology. During recent years other methods such as fuzzy modeling
( Zadeh[13]; Tatli and en[14]), neuro-fuzzy (Abraham et al[15]), and pattern recognition method
(Lai et al.[16]), temporal recurrent neural networks (Tatli et al.[17]; Dibike and Coulibaly [18])
has been widely applied for handling complex and non-linear problems.

In this paper, nearest neighbour with fuzzy membership values is employed for one day ahead
forecasting of maximum temperature of Delhi. The NNFM model is compared with ANN model
as well as persistence method. The ANN model is based on Multi Layer Perceptron ( MLP)
which trained and tested with same period of data-set as NNFM. The ANN algorithm used in
this study is described in detail in Hayati [19] et al. (2007)

1. METHODOLOGY AND DATA

1.1. Methodology. The model proposed here for predicting maximum temperatures, 24 h in
advance, is based on identifying the relationship between current and past values with reasonable
accuracy. A nearest neighbour method is usually based on the identification of several historic
neighbours that may be then used in forecasting by either averaging their contribution or using
an extrapolation method. The accuracy of the method is directly dependent on the ability
to identify good neighbours. For developing the model for predicting maximum temperatures,
15-year of maximum temperature data (1991-2005) for the months of January—December have
been utilized. To obtain good model, it is important to ensure that the development set is a
good representation of the problem space. For instance, in a development set, temperature data
derived from only one season would not produce an adequate module for use over the whole
year. Twenty-four hour lead-time has been chosen for issuing the forecasts. All the data taken
for model development are recorded before the time of issue of the forecast. The individual data
gaps were filled up by using liner interpolation of the previous and subsequent observations of
meteorological parameters.

In order to obtain a reliable forecast from NNFM, first we need to formalize time-series
analysis mathematically. In the formulation of the model we consider the time series as a vector
p = {p1,p2,...,pn} where n is the total number of points in the series. This series could also
be represented by a function of time e.g. p, = pt, pn—1 = pt+—1 and so on. The main aim of the
NNFM is to forecast p,,+1 when the time-series data {p1,pa,...,pn} is given. For this purpose,
proceed by identifying the nearest neighbors of p, and the same series movement around p,, in
the past data. A total of k- neighbors in a pattern, selected and represented as {q1, q2, - .. , gk }
where gy is the series value at time ¢;. The forecast py,; of actual p,i1, is based on either
the averaging or extrapolating of values {q1+1, @241, - .-, quk+1} (Singh [20]). The relationship
between a current series value p,and the past values p; (i = 1,2, ... ;n — 1) could be determined
by using a fuzzy membership function (Pal and Majumdar [21] ). The function value of one
(1) denotes the nearest of all neighbors whereas function values towards the tail end near zero
(0) denote poor neighbors. The model proposed here is that nearest neighbors are selected
when the series movement (up or down) in their range matches the series movement around
ppcorresponding fuzzy optimal membership threshold value of A\. Taking the current time-series
value as p, identify the membership of p, and past values . The proximity between p, and a
past value p; is calculated , Singh [20], as follows :

p(pi) =1/ 1+ {d (pi,pn) /0] (1)

In Equation 1, u(p;) denotes the fuzzy membership of p; and p, and d is the Euclidean
distance between p; and p,. The constant n is determined through experimentation to yield
minimal prediction error ((Pal and Majumdar [21] ). Scale the membership values within the
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[0, 1] in such a way that if p, =p;, i =1, ... ,n—1, then u(p;) =1, else 0 < p (p;) < 1 shown
in Figure 1.

i (p;) > X and same series movement (up or down) in their range matches the series move-
ment around p, where X is a threshold within the [0, 1] range set by the experimenter. As A
increases, a smaller numbers of nearest neighbours are selected. A total of k-nearest neighbours
selected from the past data is denoted as {qi1,qs2, ... ,qr}. Forecast for time step n+1 by
taking weighted average of the k nearest neighbours can be defined as:

Zlf Wiqti+i
=== (2)
D1 Wi
In Equation (2), w; is the corresponding normalized membership value. The basic purpose in
the development data set was to arrive at the threshold membership value and pattern, which
gave the least error both in APE and DOS error by varying within the [0, 1] range.

*
pn-i—l

1.2. Data. The daily maximum temperature at Delhi for the period of 15 years (1991 to 2005)
was obtained from India Meteorological Department for the study. The developed model is
tested with independent data set of 2006.

2. RESULTS AND DISCUSSION

NNFM Model developed for maximum temperatures are tested with independent data set
of year 2006. The error analysis of the forecasts for both the developmental sample and the
independent data sets is given in Table 1. The skill scores for forecast are estimated as

RMSE2,
RMSE?

Where RM SE,, and RMSE, stand for RMSE of the NNFM model prediction and persis-
tence or ANN respectively. A positive value of skill score stands for a better performance of
the NNFM model over persistence and ANN while a negative value of skill score indicates that
the model does not have skill even to match the persistence and ANN. Though there are few
occasions with the forecast errors of maximum temperature exceeding 4 C, the skill scores given
in Tables 1, clearly indicate that the developed model have positive skills and perform better
than the persistence and ANN with independent data sets.

Figure 2 shows the predicted (NNFM) and observed maximum temperature for the year 2006.
It is obvious that periodic pattern in the daily maximum temperature sequences is modeled
successfully with the proposed model in the development data set, the actual values and predicted
ones do not fall on each other and consequently the error amount is (pnﬂ -y +1). However, in
order to assess the validity of NNFM prediction it is necessary to have an overall measure of the
individual errors with the persistence forecasts and ANN technique. Tatli and en [14] found the
practical acceptable limit of APE for any model should not more than 10 %. It was seen that due
to significant changes in the meteorological parameters such as humidity and moisture increase
on local basis within the observation period, maximum temperature changes are significant.
From figure 2 and Table 1 it is found that 91% of the forecast is correct within +£2°C and about
94% of the forecast is within 3°C of the actual observed values with independent data set.

Further, the persistence of maximum temperature is studied for the year 2006 and compare
with NNFM to see its effect on model predictions and is represented in Table 2. In most of the
cases it was found that the rapid movement of synoptic systems are associated with precipitation,
thunderstorm. when these system passes across the station in a time-frame less than the selected
range of forecast (24 h), the model output (NNFM) resulted in sudden change which led to such
large deviations. The overall performance analysis indicates that (Table-1 and Table-2), The
mean bias is very close to zero (between 0°C and 0.2°C) and a marked reduction of maximum
error compared to the persistence forecast and ANN technique with good correlation coefficient

Skill Score = (1 >*100% (3)
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(CC). This intern reveals that the performance of model is appreciably good over conventional
technique.

3. CONCLUSIONS

Prediction of meteorological parameters such as maximum temperature using NNFM has
found to be the most promising approach with successful test results. The accuracy of the
forecasts depends on the ability of the algorithm to detect good neighbors. The following are
the main conclusions drawn from the study.

e Maximum temperature are well predicted by the NNFM, as in 91% of the cases errors
are within & 2 along with direction of future change was 60%. In the Monsoon and Pre-
Monsoon season, APE was 4.66% and 4.46 % respectively. Similarly in winter and Post-
monsoon season, accuracies are around 55% with 7.33% and 4.82% APE respectively.

e The performance of the model indicates that in each of the cases and season there is
definite positive skill in the forecast produced by NNFM over the persistence.

e The forecasting accuracy of the NNFM is data dependent and therefore its optimization
parameters including threshold A and pattern should be selected through experimenta-
tion, based on season, time and location

e The nearest neighbour method will work better with large data sets where we have an
increased probability of finding good neighbors.

The NNFM method has the advantage of simple computational approach for prediction of
maximum temperature and non-linear data to the complex computations as well as simulation
of real weather events in dynamical models. As the data volume increases in near future, the
model performance will improve and stabilize. This method can be used for issuing aviation as
well as non-aviation forecasting of maximum temperature over Delhi during hot weather season.
The performance of the model developed so far is satisfactory with respect to the available
information and easy to implement operationally. On a few occasion, large deviation of the
forecast observed. These are mainly attributed to rapid movement of synoptic system in this
region. In the present study, only historical data have been used to develop the models. Further
work need to be done towards advanced Fuzzy-Neuro methods for weather forecasting. It is
important to utilize the ability of such methods in to well-established statistical methods and
numerical weather prediction (NWP) for better forecast.
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FIGURE 2. Observed and 24 h predicted maximum temperature for 2005.

Tablel. Error analysis and skill score for maximum temperature (24 h forecast)

AN Testing {Independant) data MINEM Testing (Independent) data

Ervor zange JE nMAM  JJIAS  OND JE MAM  JIAS  OND
2 4 35 47 36 a7 4 32
¥ 32 35 30 40 2 2@ 34
12 10 13 15 i3 3 16
4 5 7 & 7 7 7
2 3 3 4 g & E 7
038 010 03 021 002  -03 -D23 0.23
338 026 053 -003 048 020 063 -0.06
12 15 15 i3 16 16 17 14
RMSE ('C) 16 25 25 23 19 19 23 23
CC ) 071 073 082 08 077 092 087 079
DOS(%) 68 62 69 63 &0 64 & 35
APE{%) 701 412 436 411 733 24456 466 4E2
S (%) 1 2 4 9 15 ] 14 12

B. Ms=an Bia:z; 3DD, Standard deviadon difference; MAE Rezn absolure error; BMSE, Root mean
sguared error’s (CC, Comsladon Costficient; 5, Sl Score;
DOS, Direction of success
= Suecess whenp ) -p, ~Qandp* | -p, =0
or suceesswhenpg .y -F, = Qandp* . -p =0

L
lpeep*, .l
b2t I

Herep . . P oy s P¥yo izthe cument, acteal and forecasted value respactively
JE : Tamuary and February

hLAM: hiarch, Aprl and May

JTAS: Tune,
QOMD: Ocrobar,

APE, Abzolute percentage ermor - APE=

‘ovember and December
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Table2. Comparison between NNFM and persistence forecast for 2005

NNEM Persistence
JF MAM JJAS OND JF MAM JJAS OND
Maximum error, MXE 4.2 5.0 9.0 7.0 6.0 6.0 10 8.0
MSE, as in Table 1 3.8 3.9 54 4.9 4.5 4.0 5.6 53
Correlation Coefficient 0.77 092 084 079 0.71 089 081 0.72
Percentage number with
Absolute error <3°C  85% 87% 85% 82% 78% 81%  70% B85%

Absolute error =4°C 8% 6% 8% 7% 10% 8% 11% 10%




