
Ecological Modelling 138 (2001) 255–263

Spatio-temporal interpolation of climatic variables over
large region of complex terrain using neural networks
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Abstract

Empirical models for seven climatic variables (monthly mean air temperature, monthly mean daily minimum and
maximum air temperature, monthly mean relative humidity, monthly precipitation, monthly mean global solar
irradiation and monthly potential evapotranspiration) were built using neural networks. Climatic data from 127
weather stations were used, comprising more than 30000 cases for each variable. Independent estimators were
elevation, latitude, longitude, month and time series of respective climatic variable observed at two weather stations
(coastal and inland), which have long time-series of climatic variables (from mid last century). Goodness of fit by
model was very high for all climatic variables (R�0.98), except for monthly mean relative humidity and monthly
precipitation, for which it was somewhat lower (R=0.84 and R=0.80, respectively). Differences in residuals around
model were insignificant between months, but significant between weather stations, both for all climatic variables.
This was the reason for calculation of mean residuals for all stations, which were spatially interpolated by kriging and
used as a model correction. Similarly interpolated standard deviation and standard error of residuals are estimators
of the model precision and model error, respectively. Goodness of fit after the averaging of monthly values between
years was very high for all climatic variables, which enables construction of spatial distributions of average climate
(climatic atlas) for a given period. Presented interpolation models provide reliable, both spatial and temporal
estimations of climatic variables, especially useful for dendroecological analysis. © 2001 Elsevier Science B.V. All
rights reserved.
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1. Introduction

The explanation of the dendrochronological
variability and building of the dendroecological
models usually requires time-series of climatic
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O. Antonić et al. / Ecological Modelling 138 (2001) 255–263256

data (see e.g. Chang and Aguilar, 1980; Friend
and Hafley, 1989; Devall et al., 1991). Ideally, a
site-specific topoclimatic data (reflecting influence
of local relief) are required, which enable both
temporal and spatial dendroecological analyses.
This kind of climatic data are usually not avail-
able. Temporal analysis can be done using the
data obtained at the nearest weather station (if it
is close enough to the site of interest). If time-se-
ries from a nearby station are not long enough,
they can be extrapolated using the regression
models, with respective time-series from distant
weather stations as independent estimators (e.g.
Antonić et al., in press). Spatial topoclimatic vari-
ability can be ignored (e.g. using the averaging of
the tree ring time-series of different trees) or in-
cluded in the analysis using estimators derived
from digital elevation model (DEM, e.g. Antonić,
1996).

When the nearest station is too distant, a spa-
tial interpolation of the climatic variables is neces-
sary to provide reliable data. If the network of
weather stations is satisfactorily dense for the
existing spatial climatic variability and/or given
scale-dependant purpose, an ordinary kriging
(Robertson, 1987; Isaaks and Srivastava, 1989)
can be used (see e.g. Phillips and Marks, 1996).
This approach is unsatisfactory when interpola-
tion over large regions of complex terrain is
needed and when the weather station network is
too sparse to describe influence of elevation. In
this case, the spatial interpolation of the macrocli-
matic parameters usually include: (1) calculation
of the elevation lapse rates using the regression
model; (2) standardisation to the sea level using
the regression lapse rates to separate regional
trends from elevation; (3) spatial interpolation at
the sea level to the whole area of interest (using
e.g. approach of Franke (1982) or Mitas and
Mitasova (1988)); and (4) reprojection of the in-
terpolated values to actual elevation using regres-
sion parameters and spatial distribution of
elevations (usually DEM). This kind of interpola-
tion technique was applied by, e.g. Hutchinson
and Bischof (1983), Mitchell (1991), Daly et al.
(1994), Lennon and Turner (1995) and Thornton
et al. (1997).

1.1. Aim and hypothesis

The aim of this study was to introduce a spatial
interpolation of climatic variables obtained at the
numerous meteorological stations over the large
region of complex terrain, simultaneously with
temporal interpolation during the long period
covered only by several stations. Each part of this
task (1 — spatial interpolation; 2 — involving
the elevations; and 3 — temporal interpolation)
can be solved separately using the above men-
tioned methods. This ‘step-by-step’ approach is
appropriate for the site-specific climatic study
such as presented by Antonić et al. (in press). But
this approach is hardly applicable when the cli-
mate of large area has to be interpolated into the
past, especially in the case of complex terrain, due
to the irregular number of working stations dur-
ing the time. Moreover, such separate spatial in-
terpolations for each time unit (e.g. month) of a
long period, lead to the output of numerous spa-
tial distributions, which is hardly manageable
within the geographic information system (GIS).

In this study, the hypothesis was that spatio-
temporal distributions of climatic variables ex-
pressed at the level of monthly statistics, could be
described as empirical functions of latitude, longi-
tude, elevation and respective climatic time-series
obtained at the limited number of weather sta-
tions. In other words, the existence of characteris-
tic spatial climatic patterns was assumed.
Expected complexity of these functions led to the
use of neural networks (NN) as the suitable mod-
elling tool.

2. Material and methods

2.1. Study area and climatic data

The study area was entire territory of the Re-
public of Croatia (56538 km2, Fig. 1). Croatia is a
country with large global climatic variability,
from the warm and dry Mediterranean climate to
the cold and wet mountainous climate (see Fig. 2,
compare also Fig. 1). Approximately half of the
area belongs to the karst region with extremely
rugged karst relief, which strongly affects local
climate.
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The first weather station in Croatia (Hvar, see
Fig. 1) was established in 1858. Until the end of
the 19th century another two stations were estab-
lished (Zagreb in 1861 and Osijek in 1899, see Fig.
1). Numerous weather stations were established
during the 20th century (Fig. 3). In this study,
climatic data from 127 weather stations were
used. Seven climatic variables were included: (1)
monthly mean air temperature; (2) monthly mean
daily minimum air temperature; (3) monthly mean
daily maximum air temperature; (4) monthly
mean relative humidity; (5) monthly precipitation;
(6) monthly mean global solar irradiation on hori-
zontal surface at ground; and (7) monthly poten-
tial evapotranspiration. The first five climatic
variables were taken directly from the weather
station chronicles. The last two variables were

modelled for each weather station as a function of
other climatic variables observed at the respective
station, using the model of Nikolov and Zeller
(1992) for global solar irradiation and the model
of Priestly and Taylor (1972) (see also Bonan,
1989) for potential evapotranspiration.

2.2. Data analysis

The basic idea was to estimate values of each
climatic variable observed at the majority of sta-
tions as an empirical function of latitude, longi-
tude, elevation, and respective values observed at
a limited number of selected stations which have
long time-series of climatic data. These stations
could be named as ‘anchorage stations’, because
their time-series are independent estimators in the

Fig. 1. The Republic of Croatia as a research area. Spatial distribution of altitude is stretched in the grey scale from white (0 m)
to dark grey (1762 m). Locations of the weather stations are marked as black points. Stations mentioned in the text are labelled with
full names. Latitude and longitude in degrees are superimposed.
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Fig. 2. An illustration of the spatial climatic variability in
Croatia. Solid line – Palagruza station, hatched line, Zavizan
station. Circles, monthly mean air temperature; squares,
monthly precipitation, both averaged for the period of 1956–
1995. Compare Fig. 1 for locations.

it was found that the use of Hvar (which has the
longest period of observations), as a single an-
chorage station, did not yield satisfactory results
for the inland region. Addition of Zagreb, as the
second anchorage station, yielded acceptable re-
sults for the entire Croatia (see below). Addition
of Osijek, as the third anchorage station, did not
improve the model significantly. Thus, the final
interpolation models were built using the two
anchorage stations: Hvar (representing the med-
iterranean climate) and Zagreb (representing the
inland climate).

Interpolation models were derived as empirical
functions using the feedforward NN with multi-
layer perceptrons (MLP) which is appropriate for
regression problems (see, e.g. Bishop, 1995; Pat-
terson, 1996). Input layer contained the following
independent estimators: (1) month as a nominal
variable which was branched into 12 ‘dummy’
variables (Ott, 1993); (2) station latitude; (3) sta-
tion longitude; (4) station elevation; (5) value of
respective climatic variable observed at Hvar in
the same month of the same year; and (6) value of
respective climatic variable observed at Zagreb in
the same month of the same year. The output was
the value of respective climatic variable observed
at the respective station in the given month and
year. During the preliminary data analysis, differ-
ent NN architectures were tested, regarding the
number of hidden layers and their neurons. NN
architecture, finally accepted for all climatic
parameters, had two hidden layers, each with six
neurons (Fig. 4). Each neuron in the network,
excluding input layer neurons, calculates its out-
put value using the expression:

�=act
�

a+ �
n

i=1

bi�i
�

(1)

where � is neuron output value, �i is i-th neuron
input value, n is number of input connections, a
and bi are empirical parameters (a is neuron
threshold and bi is i-th input weight), and act is
activation function:

act(x)=
1

1+e−x (2)

The whole model can be described by expres-
sion (compare Fig. 4):

Fig. 3. Number of weather stations in Croatia which started to
work up to respective year. Temporary weather stations were
not counted.

interpolation model. It could be expected that
increase in the number of anchorage stations
should increase model reliability but decrease the
period which is covered by spatio-temporal inter-
polation. Initially, three candidates for the an-
chorage stations were examined: Hvar, Zagreb
and Osijek. During the preliminary data analysis,
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where ini is value of the input layer neuron
defined by:
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ht1,j are neuron thresholds in the first hidden
layer ( j=1 . . . 6), ht2,k are neuron thresholds in
the second hidden layer (k=1 . . . 6), ot is output
neuron threshold, iwi,j are weights of the connec-
tions between input layer and the first hidden
layer (i=1 . . . 17, j=1 . . . 6), hwj,k are weights of
the connections between the first and the second
hidden layer ( j, k=1 . . . 6), owk are weights of
the connections between the second hidden layer
and output (k=1 . . . 6), x� are input values of
independent estimators, y is output value (esti-
mated value of climatic variable for input values
x�) and act is logistic function.

In total, over 30000 cases for each climatic
variable were included in the model development,
namely 10000 randomly selected cases for NN
verification set and the rest for the NN training
(parameter estimation). Goodness of NN model
fit was estimated by correlation coefficient R
which was derived directly from observed and
estimated values using expression:

R= (1−Vr/Vt)1/2 (5)

where Vr is residual variance and Vt is total
variance. Total R (through all stations, years and
months) was calculated separately for the training
set and for the verification set, aiming to detect
possible overfitting (see e.g. Lawrence et al.,
1997). The model testing on the fully independent
data set was not undertaken, because the model is
basically designed for spatio-temporal interpola-
tion of existing climatic data, and not for spatial
extrapolation or temporal prediction of climatic
variables. Analysis of variance (ANOVA, Ott,
1993) was used to test the differences in the
residuals around model between months and also
between weather stations. Separate correlation co-
efficients for particular stations were also
calculated.

Data sets used for the model development were
unbalanced, i.e. particular stations were repre-
sented with different number of cases, due to the
different starts of work. Balancing of the data set
would significantly decrease the number of avail-
able cases or the number of included weather
stations. Consequently, t-test (Ott, 1993) was used
to test does the number of cases per station
increase goodness of fit. For this purpose, two

Fig. 4. Architecture of used neural network. x1 is month, x2 is
station latitude, x3 is station longitude, x4 is station elevation,
x5 is value of respective climatic variable observed at Hvar in
the same month of the same year, x6 is value of respective
climatic variable observed at Zagreb in the same month of the
same year, ii is input layer neuron, h1,j is the first hidden layer
neuron, h2,k is the second hidden layer neuron, o is output
neuron, y is output value (estimated value of climatic variable
for input values x�, �=1 . . . 6), iwi,j, ht1,j, hwj,k, ht2,k, owk and
ot (i=1 . . . 17, j=1 . . . 6, k=1 . . . 6) are empirical parame-
ters (thresholds and weights, compare Eq. (3)).
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Table 1
Correlation between values estimated by the interpolation model and observed valuesa

METMP MITMP MATMP RLHUM PRECP GLRAD EVAPR

Total data set statistics
32 774 32 920 33 41234 006 34 092N 33 733 31 970

0.9936R – training set 0.9837 0.9955 0.8497 0.8151 0.9951 0.9920
0.9828 0.9955 0.8443 0.8043 0.9949 0.9922R – verification set 0.9933
1.4576 0.6259 1.30271.0310 0.6020F – ANOVA (month) 1.2087 1.7280

0.4151P (F) – ANOVA (month) 0.1399 0.8083 0.2154 0.8288 0.2745 0.0610
469.676 54.781 105.606 27.710 73.564F – ANOVA (station) 77.166297.934
0.000 0.000 0.000 0.0000.000 0.000P (F) – ANOVA (station) 0.000

Mean statistics through the all stations after correction
175 175.5 176.5179 180N – median 176 174

R – mean left of N – median 0.99200.9960 0.9953 0.6939 0.7324 0.9944 0.9917
0.9920 0.9951 0.75080.9959 0.7482R – mean right of N – median 0.9962 0.9929

0.2317t −0.0657 0.3101 −2.0133 −0.6268 −3.4119 −1.2180
0.9477 0.7570 0.0463 0.5320P (t) 0.00090.8172 0.2255

Mean statistics through the 21 stations with full 40-year data set after a�eraging of months between years
0.9994 0.9993 0.9895 0.9773 0.9995 0.9991R – mean 0.9998

a METMP, monthly mean air temperature; MITMP, monthly mean daily minimum air temperature; MATMP, monthly mean
daily maximum air temperature; RLHUM, monthly mean relative humidity; PRECP, monthly precipitation; GLRAD, monthly
mean global solar irradiation; EVAPR, monthly potential evapotranspiration. N is the number of cases, R is the correlation
coefficient, F is the proportion of between-group and within-group variance, P (F) is probability of F-statistics, t is the value of
t-statistics, P (t) is probability of t-statistics. Bold values indicate differences significant at the probability level of P=0.05.

distributions of correlation coefficients were com-
pared: (1) obtained at stations with number of
cases less than median number of cases for all
stations; and (2) obtained at stations with number
of cases greater than the median.

Number of 21 weather stations with full 40-year
data sets (1956–1995) of all examined climatic
parameters were selected to calculate total R after
the averaging of the estimated and observed
monthly values between the years. This was done
to test how the interpolation models, which are
primarily spatio-temporal, estimate spatial pattern
of interannually averaged climatic parameters
only.

3. Results and discussion

Statistical results for all climatic variables are
summarised in Table 1. In total, goodness of fit
was very high for the monthly mean air tempera-
ture, monthly mean daily minimum and maxi-
mum air temperature, mean monthly global solar

irradiation and monthly potential evapotranspira-
tion, and somewhat lower for the monthly mean
relative humidity and monthly precipitation. The
last could be explained by the additional impact
of topography which cannot be described by the
elevation only (see e.g. Antonić, 1996).

Verification set and training set had almost the
same goodness of fit for all climatic variables.
According to ANOVA, differences in residuals
around models between months were insignificant
for all climatic variables (Table 1) and they can be
ignored.

On the contrary, the differences in residuals
between stations were significant for all climatic
variables (Table 1), which could be explained by
the influence of the local climatic peculiarities.
Due to this fact, mean residual for each weather
station and for each climatic variable was calcu-
lated. Yielded mean residuals were accepted as
locally specific corrections of the model and they
were spatially interpolated over the entire study
area using kriging (e.g. Robertson, 1987; Isaaks
and Srivastava, 1989). All kriging interpolations
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were done with a Gaussian semivariogram model
and maximum of eight nearest neighbour support-
ing points (weather stations) within a radius of
100 km from the subject grid point.

The same procedure was used for spatial inter-
polation of standard deviation and standard error
of residuals calculated for each weather station.
Yielded spatial distributions were accepted as esti-
mators of the model precision and model error,
respectively, for the entire study area.

Thus, spatio-temporal interpolation model for
one climatic variable consists of: (1) neural net-
work; (2) spatial distribution of locally specific
corrections; (3) spatial distribution of model pre-
cision; and (4) spatial distribution of model error.

Using such an interpolation model, a monthly
value of a chosen climatic variable can be esti-
mated for the entire study area and for specific
year and month, within the period covered by
observations at the anchorage stations Hvar and
Zagreb (see Fig. 5 for example). This enables
reliable estimation of the long time-series of cli-
matic variables, monthly (Fig. 6) or annually
based (Fig. 7), for any point in Croatia.

Results of t-test (Table 1) show that mean
correlation coefficients obtained at stations with a
number of cases greater than the median are not
significantly higher than the mean correlation co-
efficients obtained at stations with a number of
cases less than the median, for all climatic vari-

Fig. 5. Monthly mean air temperature for April, 1862, estimated by the interpolation model on the grid with resolution of 300×300
m. Values are stretched in the grey scale from 2.5°C (dark grey) to 16.7°C (light grey). Standard deviation contours (black line and
labels) and standard error contours (white line and labels) are superimposed.
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Fig. 6. Correlation between values estimated by the interpola-
tion model (lines) and observed values (symbols) for the
monthly mean air temperature (solid line, squares), monthly
mean daily minimum air temperature (dotted line, circles) and
monthly mean daily maximum air temperature (hatched line,
rhombs) for Osijek station and for the first decade in the 20th
century.

data sets (1956–1995), after the averaging of
monthly values between the years, is very high for
all climatic variables (Table 1). This suggests us-
ability of presented interpolation models for the
construction of spatial distributions of average
climate (climatic atlas) for the given period cov-
ered by observations at the anchorage stations
and for the entire Croatian territory.

The conclusion could be made that presented
interpolation models provide reliable, both spatial
and temporal estimations of climatic variables.
Almost all spatial and temporal climatic variabil-
ity over a large region of complex terrain is
explained by the neural network as a function of
observations obtained at two weather stations and
DEM. Spatial and temporal interpolation errors
do not depend on the spatial density of weather
stations.

Presented interpolation models could be ap-
plied to the particular localities for the purpose of
reconstruction of climatic time-series, monthly or
annually based, for the long period. This is partic-
ularly useful for site-specific dendroecological
studies. Additionally, the models could be applied
to calculate spatial distribution of climatic vari-
ables for the area of interest, for specific month
and year or averaged, using needed spatial resolu-
tion. This could be combined with more detailed
topoclimatic modeling based on DEM (see e.g.
Antonić, 1996). For instance, spatial distribution
of global solar irradiation on horizontal surface at
ground is needed as input variable for the calcula-
tion of the topographic solar irradiation (Antonić,
1998, see also Dubayah and Rich, 1995). Further-
more, the models could be used for complex
spatio-temporal climatic analysis, e.g. in the re-
search of climatic changes. Usability of the mod-
els for spatial extrapolation and temporal
prediction of climatic variables have to be tested
in the future.

General applicability of NNs as a tool for
spatial interpolation has to be also tested in the
future in comparison with the other interpolation
methods. This has not been the subject of this
research, which has been focused on overcoming
the lack of data in the past, a problem unsolvable
by ordinary spatial interpolation.

Fig. 7. Correlation between values estimated by the interpola-
tion model (lines) and observed values (symbols) for the mean
annual air temperature (squares), mean annual daily minimum
air temperature (circles) and mean annual daily maximum air
temperature (rhombs) for Osijek station and for the period of
1950–1990.

ables except the relative humidity and global radi-
ation. For these two variables influence of the
unbalanced data set could be assumed.

Correlation between values estimated and ob-
served at 21 weather stations with full 40-year
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