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Abstract. Stochastic weather generator is developed to simulate synthetic
time-series of daily precipitation totals, minimal and maximal temperatures. At
the first step daily precipitation model is developed consisting of two compo-
nents to describe the occurrence and intensity series, respectively. Binary logis-
tic autoregression is used to fit the occurrence data, and the intensity series is
fitted by gamma autoregressive model, conditional on atmospheric derivatives.
At the second step the minimal and maximal daily temperatures are fitted to his-
torical data by autoregressive models conditionally on precipitation occurrence
and atmospheric derivatives. The daily time series from Kneja and Sadovo sta-
tions in Bulgaria are analyzed. Standard software for generalized linear models
is used to perform the computations. Some potential difficulties are outlined.

PACS codes: 92.60.-e, 02.50.Ga

1 Introduction

This paper is about development of stochastic weather generators (WGs). It is a
continuation of our paper [1] concerning development of stochastic daily precip-
itation model for Bulgaria. Stochastic weather generators are a popular means
for producing synthetic sequences of daily weather variables, particularly min-
imum and maximum temperature, wind, solar radiation, humidity and precipi-
tation amount according to [2]. WGs provide a means of simulating synthetic
weather time-series with statistical characteristics corresponding to the observed
statistics at a site, but which were long enough to be used in an assessment of risk
in hydrological or agricultural applications. They are useful tool of extending the
∗The work was presented at the 3rd National Congress of Physical Sciences, 28 September – 2

October, 2016, Sofia, Bulgaria.
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simulation of weather time-series to unobserved locations, through the interpo-
lation of the weather generator parameters obtained from running the models at
neighboring sites. The simulated sequences of meteorological variables are typ-
ically used as inputs into complex environmental and ecosystem models, crop-
climate models to study the effect of climate variability on crop yields. The goal
is to capture the basic statistical features of daily weather variables, especially
temporal dependence for individual variables and contemporaneous dependence
between variables. They have a wide range of applications in environmental,
hydrological, agricultural and management.

Models for generating stochastic weather data are conventionally developed in
two steps. The first step is to model daily precipitation and the second step
is to model the remaining meteorological variables of interest conditional on
precipitation occurrence. A comprehensive list of models for annual, monthly
and daily climate variables at a single site are discussed in [2, 5]. The links
between downscaling approaches and WGs can be found in [3, 4] with a focus
on the connection between circulation patterns and local atmospheric variables
at the daily scale. A detailed discussion about multisite weather type models is
given in [6].

In this paper, we show that the Generalized Linear Models (GLMs) approach
[7] can be applied to parametric WGs, modeling more than one daily weather
variable at a given site simultaneously. The basic form of the weather generator
originally proposed by Richardson in [8] and further developed in [9] is adopted.

2 The Tmin and Tmax models

The data available for this study are daily precipitation, Tmin and Tmax records
for the period 1960-2000 at Kneja and Sadovo stations from the network of
stations of the National Institute of Meteorology and Hydrology, Bulgarian
Academy of Sciences. These two temperature series are modeled using sepa-
rate first-order autoregressive AR(1) processes with predictors, which are cou-
pled through the introduction of lagged values of the respective other tempera-
ture variable as a covariate. We assume that the conditional distribution of the
temperature variables at time t depends only on their value at time t− 1 and
also given some appropriate covariates such as a seasonal cycle and some atmo-
spheric variables, they are normally distributed. These two stochastic models we
consider are conditional on the daily precipitation occurrence model discussed
in [1]. The coupling approach is a simplified way to introduce dependence be-
tween Tmin and Tmax. This allows to consider other types of covariates more
easily than in a classical multivariate setting as in [10]. LetXt denote Tmin and
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Yt denote Tmax on day t, then we write the coupled model as

Xt = µX,0 + µX,1Jt + φXXt−1 + ψXYt−1

+

l∑
k=1

[µX,2k−1S(tk) + µX,2kC(tk)] + βX,3Z
′

t + εX,t; (1)

Yt = µY,0 + µY,1Jt + φY Yt−1 + ψYXt−1

+

l∑
k=1

[µY,2k−1S(tk) + µY,2kC(tk)] + βY,3Z
′

t + εY,t, (2)

where the error terms εX,t and εY,t are uncorrelated, zero-mean normal errors
with constant conditional variances σ2

X and σ2
Y (i.e. independent of t), a sea-

sonal cycle defined by a finite Fourier series of order l (C(tk) = cos(2πtk/365),
S(tk) = sin(2πtk/365)), additional atmospheric covariates or their summaries
are given by the vector Z

′

t, µ, φ, ψ and β are unknown parameters. The pa-
rameters µX,1 and µY,1 allow for the mean Tmin and Tmax, respectively, to be
dependent on whether or not precipitation occurs, i.e., Jt = 1 or Jt = 0. The
parameters φX and φY allow for dependence on the same temperature variable
on the previous day, they correspond to first-order autocorrelation coefficients
conditionally on all the other variables in the models. The parameters ψX and
ψY allow for dependence between Tmax and Tmin, they correspond to the lag
1 cross correlation for Tmin and the lag 0 cross correlation for Tmax condi-
tionally on all the other variables in the models. The influence of the covariates
Z
′

t on the temperature variables and the interpretation of the coefficients in the
vectors βX and βY is rather complex. For example, the influence of Z

′

t on Xt is
described by βX but there is indirect influence via φX , ψX and βY as well.

The assumption about constant variances of the model errors of (1) and (2 ) can
be relaxed. Instead of the above two separate first-order autoregressive AR(1)
Tmin and Tmax mean models with covariates two additional Tmin and Tmax
variance models have to be specified, i.e., explicit modeling of the variances
as [11].

We note that, the modeling strategy differs from the formulation of the Richard-
son model [8]. For instance, we include predictors and therefore systematically
model seasonal cycle and atmospheric variables effect as opposed to fitting sep-
arate models for each month. As Tmin is observed in the very early morning
hours of each day t and Tmax usually in the early afternoon so Tmax is mod-
eled subsequently to Tmin. This means that the Tmin of day t is closer in a
sense of temporal distance to the Tmax of day t− 1 than the Tmax of day t is
to the Tmin of day t − 1. A potential disadvantages of the coupled modeling
approach, compared to a classical multivariate approach, is that covariates need
to be selected separately for Tmin and Tmax, possibly leading to two different
sets of covariates. Again, for the two separate models, the BIC criterion is used
for model selection and the selected covariates do not need to be the same as for
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precipitation occurrence or intensity. Another weakness of this approach is that
it does not guarantee that Tmax is higher than Tmin. However, the occurrence
of days for which the simulated Tmin is higher than the simulated Tmax is
very rare and we chose to retain the simpler model and deal with this issue in an
ad-hoc way.

2.1 Fitting the minimum and maximum temperature

Various Tmin and Tmax models fits are given through Tables 1–4. The esti-
mated coefficients of the selected models can be found in Table 5 and Table 6.

Let us at first consider the seasonal cycle, i.e., an intercept and two harmon-
ics as covariates of the Tmin model. The deviance analysis of this model is
given in Table 1. Each row of this table represents the effect of adding an extra
term to the model. The estimated null deviance equals 837338 on 10949 de-
grees of freedom whereas the residual deviance is 186768 on 10945 degrees
of freedom. According to the p-value given in the last column the reduc-
tion is statistically significant (p = 0.0 < 0.05). So we can conclude that
there is a strong seasonal improvement against the model based on the inter-
cept. The BIC criterion value of this model is 62186. In the next step we ex-
tended the seasonal Tmin model incorporating the variables Jt, and the atmo-
spheric derivatives, comprising the Zt variable, that had been already included
in the precipitation model as predictors: nesw.slp, nwse.slp, ew.h700 –
the northeast-southwest, northwest-southeast and west-east gradients; up.t700
is the vertical temperature gradient (a measure of the vertical instability of the
air mass; convection precipitations in the warm season are associated with air
mass instability); ew.t850 the horizontal temperature west-east gradient at 850
hPa is a measure of the presence of the frontal zones and represent the dom-
inant directions of the movement of the fronts over Bulgaria; laplas.prate
and laplas.prwtr characterized the cloud systems nwse.h.t.850 and
nesw.h.t.850 are the geostrophic advections of air.850 in southwest-
northeast and northwest-southeast directions; adv.u.t.850 and adv.v.t.850
are the advections at level 850 hPa in westeast and southnorth directions (mea-

Table 1. Station Kneja: analysis of deviances of the Tmin model. Signif. codes:
‘***’ — 0.001; ‘**’ — 0.01; ‘*’ — 0.05; ‘.’ — 0.1.

Df Dev. Resid. Df Resid. Dev. Pr(> |χ2|) Sign.

NULL 10949 837338
S(t) 1 34699 10948 802639 0 ***
C(t) 1 615666 10947 186974 0 ***
S(2t) 1 27 10946 186946 0.205739
C(2t) 1 178 10945 186768 0.001230 **
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Table 2. Station Kneja: Tmin model analysis of deviances. Signif. codes: ‘***’ — 0.001;
‘**’ — 0.01; ‘*’ — 0.05; ‘.’ — 0.1.

Df Dev. Resid. Df Resid. Dev. Pr(> |χ2|) Sign.

NULL 10949 837338
Jt 1 0.1096 10948 837338 1
Xt−1 1 730183 10947 107155 0 ***
Yt−1 1 18345 10946 88810 0 ***
adv.u.t.850 1 2964 10945 85846 8.997e-104 ***
adv.v.t.850 1 3027 10944 82820 6.104e-106 ***
nwse.h.t.850 1 500 10943 82320 6.635e-19 ***
nesw.h.t.850 1 272 10942 82048 5.556e-11 ***
nesw.h.500.1000 1 572 10941 81476 2.110e-21 ***
adv.v.r.700 1 1047 10940 80429 7.667e-38 ***
adv.v.prate 1 20 10939 80409 7.388e-02 ***
adv.u1.prwtr 1 1049 10938 79359 6.478e-38 ***
adv.u2.prwtr 1 215 10937 79145 5.889e-09 ***
adv.v.prwtr 1 390 10936 78755 4.376e-15 ***
nesw.slp 1 518 10935 78237 1.507e-19 ***
ew.slp 1 1568 10934 76669 8.744e-56 ***
laplas.slp 1 445 10933 76224 5.237e-17 ***
ew.h700 1 22 10932 76202 6.419e-02 ***
ew.t850 1 2 10931 76200 1
ampl.t 1 247 10930 75953 4.226e-10 ***
S(t) 1 50 10929 75903 4.870e-03 ***
C(t) 1 6582 10928 69321 5.484e-228 ***
S(2t) 1 19 10927 69302 8.515e-02 ***
C(2t) 1 101 10926 69202 6.580e-05 ***

sure of the heat transport); adv.u.r.700 and adv.u.r.700 are the advec-
tions of relative humidity (rhum) at 700 hPa in westeast and southnorth direc-
tions; nesw.h.500.1000 and nwse.h.500.1000 are the termic advections
in northeast-southwest and northwest-southeast directions; adv.u1.prate and
adv.u2.prate adv.u1.prwtr and adv.u2.prwtr adv.v.prwtr are the
wind components. The definitions about these derivatives are given in [1].

The output of the fit is presented in Table 2. From this table it is seen that both
Tmin and Tmax temperatures of previous day significantly reduce the deviance
from 837338 to 88810. However, the inclusion of Jt in the Tmin model is
not statistically significant as the associated p–value is very high. Further, the
derivatives of the atmospheric variables decrease significantly the residual de-
viance to 69202 on 10926 degrees of freedom. The corresponding BIC criterion
value of this model is 51488. The parameter estimates of the Tmin model are
presented in Table 5.
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Table 3. Station Kneja: analysis of deviances table of the Tmax model. Signif. codes:
’***’ 0.001, ’**’ 0.01, ’*’ 0.05, ’.’ 0.1.

Df Dev. Df Resid. Pr(> |χ2|) Sign.
Resid. Dev.

NULL 10949 1278771
S(t) 1 63179 10948 1215592 0 ***
C(t) 1 925374 10947 290219 0 ***
S(2t) 1 534 10946 289685 4.158e-06 ***
C(2t) 1 14032 10945 275653 3.514e-123 ***

Table 4. Station Kneja: Tmax model analysis of deviances table. Signif. codes: ‘***’ —
0.001; ‘**’ — 0.01; ‘*’ — 0.05; ‘.’ — 0.1.

Df Dev. Resid. Df Resid. Dev. Pr(> |χ2|) Sign.

NULL 10949 1278771
Jt 1 44895 10948 1233876 0 ***
Xt−1 1 936170 10947 297706 0 ***
Yt−1 1 178951 10946 118755 0 ***
adv.u.t.850 1 1295 10945 117460 1.868e-33 ***
adv.v.t.850 1 0.07024 10944 117460 1
nwse.h.t.850 1 47 10943 117413 2.232e-02 ***
nesw.h.t.850 1 143 10942 117271 6.316e-05 ***
nesw.h.500.1000 1 1434 10941 115837 7.382e-37 ***
adv.v.r.700 1 647 10940 115190 1.569e-17 ***
adv.v.prate 1 3 10939 115187 1
adv.u1.prwtr 1 601 10938 114585 2.128e-16 ***
adv.u2.prwtr 1 352 10937 114233 3.317e-10 ***
adv.v.prwtr 1 7 10936 114227 3.887e-01 ***
nesw.slp 1 442 10935 113785 1.927e-12 ***
ew.slp 1 2 10934 113783 1
laplas.slp 1 2587 10933 111196 4.350e-65 ***
ew.h700 1 156 10932 111039 2.832e-05 ***
ew.t850 1 754 10931 110286 3.692e-20 ***
ampl.t 1 33 10930 110253 5.593e-02 ***
S(t) 1 79 10929 110174 2.920e-03 ***
C(t) 1 11181 10928 98993 8.556e-275 ***
S(2t) 1 72 10927 98921 4.422e-03 **
C(2t) 1 1545 10926 97376 1.408e-39 ***

The interpretation of Tmax deviance analysis presented in Tables 3-4 are al-
most the same as Tmin model. However, comparing the decrease in the resid-
ual deviance when introducing precipitation occurrence of the same day and
seasonal cycle indicates that for Tmax the precipitation is the stronger signal
(the deviance residual equals to 44895, the associate p-value is 0.0) than sea-
sonal cycle (the deviance residuals sum due to the two harmonics equals to
12856 = 79 + 11181 + 72 + 1545), whereas for Tmin it is the contrary. Some
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Table 5. Station Kneja: Tmin model parameter estimates for the period 1960–1990.
Signif. codes: ‘***’ — 0.001; ‘**’ — 0.01; ‘*’ — 0.05; ‘.’ — 0.1.

Coefficients: Estimate Std.Error z value Pr(> |z|) Signif.

(Intercept) 9.159e-01 1.369e-01 6.688 2.38e-11 ***
Jt 2.333e-01 6.345e-02 3.676 0.000238 ***
Xt−1 6.153e-01 7.580e-03 81.174 < 2e-16 ***
Yt−1 1.130e-01 6.945e-03 16.274 < 2e-16 ***
adv.u.t.850 -8.532e-03 4.790e-03 -1.781 0.074920 .
adv.v.t.850 7.323e-03 3.581e-03 2.045 0.040862 *
nwse.h.t.850 2.402e-03 2.638e-04 9.103 < 2e-16 ***
nesw.h.t.850 -1.382e-03 3.523e-04 -3.921 8.86e-05 ***
nesw.h.500.1000 -3.525e-05 1.002e-05 -3.519 0.000435 ***
adv.v.r.700 -7.165e-04 3.060e-04 -2.341 0.019242 *
adv.v.prate -4.027e+01 4.154e+01 -0.969 0.332367
adv.u1.prwtr -1.426e-02 1.163e-03 -12.256 < 2e-16 ***
adv.u2.prwtr -1.158e-02 1.185e-03 -9.771 < 2e-16 ***
adv.v.prwtr -7.871e-03 9.373e-04 -8.398 < 2e-16 ***
nesw.slp 2.654e-03 1.066e-04 24.889 < 2e-16 ***
ew.slp 1.996e-03 2.410e-04 8.282 < 2e-16 ***
laplas.slp -1.794e-04 5.775e-05 -3.107 0.001894 **
ew.h700 1.351e-02 2.934e-03 4.603 4.21e-06 ***
ew.t850 -1.010e-01 2.717e-02 -3.719 0.000201 ***
ampl.t 1.317e-02 7.530e-03 1.750 0.080218 .
S(t) -6.184e-01 4.370e-02 -14.150 < 2e-16 ***
C(t) -2.848e+00 9.249e-02 -30.794 < 2e-16 ***
S(2t) 5.850e-02 3.523e-02 1.661 0.096792 .
C(2t) 1.494e-01 3.743e-02 3.991 6.62e-05 ***

of the atmospheric indices, e.g, adv.v.t.850, adv.v.prate for Tmax and
ew.t850 for Tmin, although leading to a decrease in residual deviance, are of
lesser importance, their associated p-values are too high. Perhaps this is because
of a high correlation between these indices with remaining. The parameter esti-
mates of the Tmax model are presented in Table 6.

The positive values of the coefficients corresponding to the atmospheric deriva-
tives for both temperatures means that Tmin and Tmax are increased and for
negative values are decreased. For instance, the coefficients concerning precip-
itation indicate that Tmin is higher by about 0.2◦C when precipitation occurs
whereas Tmax is lower by about 1.6◦C.

Finally we note that results of a similar standard were obtained for the station
Sadovo.
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Table 6. Station Kneja: Tmax model parameter estimates for the period 1960–1990.
Signif. codes: ‘***’ — 0.001; ‘**’ — 0.01; ‘*’ — 0.05; ‘.’ — 0.1.

Coefficients: Estimate Std.Error z value Pr(> |z|) Signif.

(Intercept) 6.647e+00 1.625e-01 40.913 < 2e-16 ***
Jt -1.594e+00 7.526e-02 -21.173 < 2e-16 ***
Xt−1 5.867e-02 8.992e-03 6.524 7.13e-11 ***
Yt−1 6.547e-01 8.238e-03 79.476 < 2e-16 ***
adv.u.t.850 8.570e-03 5.682e-03 1.508 0.131555
adv.v.t.850 1.980e-02 4.247e-03 4.661 3.19e-06 ***
nwse.h.t.850 2.427e-03 3.129e-04 7.755 9.65e-15 ***
nesw.h.t.850 -1.388e-03 4.179e-04 -3.322 0.000897 ***
nesw.h.500.1000 -9.436e-05 1.188e-05 -7.940 2.22e-15 ***
adv.v.r.700 4.970e-04 3.630e-04 1.369 0.171030
adv.v.prate -4.025e+01 4.928e+01 -0.817 0.414133
adv.u1.prwtr -2.672e-03 1.380e-03 -1.937 0.052816 .
adv.u2.prwtr -4.908e-03 1.406e-03 -3.491 0.000483 ***
adv.v.prwtr -6.082e-03 1.112e-03 -5.470 4.61e-08 ***
nesw.slp 2.565e-03 1.265e-04 20.273 < 2e-16 ***
ew.slp 2.500e-03 2.858e-04 8.747 < 2e-16 ***
laplas.slp -6.174e-04 6.851e-05 -9.012 < 2e-16 ***
ew.h700 -1.100e-02 3.481e-03 -3.161 0.001577 **
ew.t850 5.495e-02 3.223e-02 1.705 0.088211 .
ampl.t -5.393e-02 8.932e-03 -6.037 1.62e-09 ***
S(t) -9.219e-01 5.184e-02 -17.784 < 2e-16 ***
C(t) -4.110e+00 1.097e-01 -37.459 < 2e-16 ***
S(2t) 1.273e-01 4.179e-02 3.046 0.002325 **
C(2t) -5.845e-01 4.440e-02 -13.164 < 2e-16 ***

2.2 Model validation

Similarly to the transition probabilities for precipitation occurrence discussed
in [1], we predict the conditional means of Tmin and Tmax for the entire pe-
riod of years 1960-1990. For this purpose, we use the calculated unconditional
probability of rain π(t) = Pr(Jt = 1|Zt = zt) to get Jt for any day t of the
period 1960–1990. Then we predict the mean of both temperature variables for
the entire period of years by taking the estimated mean models. Thus we get 31
values for any day t of the year for any of the temperatures. We did the same for
the reserved period of years 1991–2000 and thus we get 10 values about Tmin
and Tmax for any day t of the year. In order to compare the modeled condi-
tional means of the temperature variables with the observed data we average the
modeled and observed data for each day of the year. The empirical means (tiny
circles) and smoothed modeled means (solid line) for stations Kneja and Sadovo
are presented on the upper and middle plots of Figures 1-2, respectively for the
training and reserved periods. The empirical and smoothed modeled means in
these figures show that for the temperature variables the principal shape of our
model agrees very well.
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Figure 1. Modeled daily temperature mean of Tmin (left) and Tmax (right) for the
period of years 1960-1990 and reserved period of years 1991-2000 are presented on the
upper and middle plots. Tiny circles: empirical means; Solid lines: weekly smoothed
modeled means values. The daily observed (white) and modeled (gray) box-plots of
Tmin (left) and Tmax data are given separately for each month of the year on the lower
plots; box height = interquartile range (lower to upper quartile); horizontal line within
box=mean; vertical lines extend to the most extreme data points.

To get an impression about the Tmin (left) and Tmax (right) monthly distri-
butions, separately for each month of the year the box-plots of daily observed
(white) and modeled (gray) data are presented on the lower plots of these figures.
We can conclude that the empirical and modeled distributions of both temper-
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Figure 2. Modeled daily temperature mean of Tmin (left) and Tmax (right) for the
period of years 1960-1990 and reserved period of years 1991-2000 are presented on the
upper and middle plots. Tiny circles: empirical means; Solid lines: weekly smoothed
modeled means values. The daily observed (white) and simulated (gray) box-plots of
Tmin (left) and Tmax data are given separately for each month of the year on the lower
plots; box height = interquartile range (lower to upper quartile); horizontal line within
box=mean; vertical lines extend to the most extreme data points.

ature variables are reproduced well on these plots. Obviously, our approach
for fitting Tmin (left) and Tmax is not specifically constructed to reproduce
observed extremes temperatures of greater magnitude. However, we believe a
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better treatment of extremes can be achieved. Instead of a single normal distri-
bution model in equations (1) and (2 ) one can use a heavier tailed distribution
in fitting Tmin (left) and Tmax models to observed data. A potential candi-
dates are the Student t-distribution, right skewed normal distribution or hybrid
of normal and generalized Pareto distributions [9,12,13]. This would take more
computational time but with the present computer facilities we can afford this.

3 Weather Series Generation

This section describes the algorithm required to generate arbitrarily long arti-
ficial sequences of daily weather data for a station whose precipitation, Tmin
(left) and Tmax models parameters have been estimated. For the generation of
weather series, we cycle through the following steps for each day t, for which
we desire to generate weather data. We use observed values of precipitation
occurrence and minimum and maximum temperature as starting values for this
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Figure 3. Scatter plot of observed versus fitted (left) and generated (right) Tmin and
Tmax daily temperature values for the period of years 1960-1990 plots.
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procedure. Thus the algorithm for generating weather series from the proposed
model is:

(1) Calculate π(t) according to the model and simulate precipitation occur-
rence Jt = 1 a wet day by generating a uniform [0,1] variate if u ≥ π(t)
or Jt = 0 a dry day otherwise;

(2) Generate Tmin on day t using the estimated coefficients, generated Tmin
and Tmax on t− 1 according to the seasonal model, the generated Jt and
the other covariates at t, and adding a normal noise with the estimated
standard deviation for Tmin;

(3) Generate Tmax on day t similarly to Tmin of previous step.

After having generated the entire series of precipitation occurrence and Tmax
and Tmin, we: (a) switch the values of Tmin and Tmax where Tmin > Tmax;
(b) generate precipitation intensity on the days for which precipitation occur-
rence has been generated.

A validation of the of daily series of various aspect of the precipitation model
has been discussed in previous paper.
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Figure 4. Scatter plot of observed versus fitted (left) and generated (right) Tmin and
Tmax daily temperature values for the period of years 1960-1990 plots.
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Therefore a validation of our weather model through generation of weather se-
ries of the same length as the data series, for which we calculated various types
of statistics and compare those to the respective statistics of the data series. Thus
the upper and lower scatter plots in Figures 3 and 4 are about the observed ver-
sus fitted (left) and generated (right) Tmin and Tmax daily temperature values
for Kneja and Sadovo stations for the period of years 1960-1990. On the upper
and lower plots of Figures 5 and 6 are presented separately for each month of the
year the box-plots of the observed (white) and generated (gray) Tmin and Tmax
of daily values for the period of years 1960-1990. It is evident from these plots
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Figure 5. Box-plots of observed (white) and generated (gray) Tmin and Tmax daily
values for period of years 1960-1990 are given separately for each month of the year
on the upper and lower plots; box height = interquartile range (lower to upper quartile);
horizontal line within box = mean; vertical lines extend to the most extreme data points.
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that the generated extremal Tmin and Tmax values in the series is insufficient
as not having a heavy enough tails.

We note that the overall percentage of days for which the generated Tmax is
lower than the generated Tmin is 0.03% total in 30 years of generated data.
Therefore, we conclude that this situation occurs too rarely to be a reason to
change our modeling strategy as dramatically as it would be necessary to over-
come this problem. As a quick and simple solution we switch Tmin and Tmax
values whenever the deficiency occurs. The means per month of both tempera-
ture variables are reproduced very well by the generated series.
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Figure 6. Box-plots of observed (white) and generated (gray) Tmin and Tmax daily
values for period of years 1960-1990 are given separately for each month of the year
on the upper and lower plots; box height = interquartile range (lower to upper quartile);
horizontal line within box = mean; vertical lines extend to the most extreme data points.
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4 Conclusion

We have demonstrated that an approach based on GLMs can provide a general
modeling framework for stochastic weather generators. In particular, this ap-
proach permits the inclusion of annual cycles as well as other atmospheric vari-
ables as predictors. One advantage of this technique is that the determination of
whether or not a given predictor ought to be included in the model essentially as
straightforward as in multiple regression analysis.

In this GLMs-based weather generator, an improved treatment of extremes is
needed. The simulation of extreme precipitation amounts or temperatures could
be improved by, instead of using the gamma density distribution or normal
AR(1) autoregressive mean model, substituting heavier tailed distributions for
precipitation intensity or Tmin and Tmax temperatures. Moreover, mixture of
a gamma and heavier tailed distribution can be used to model high precipitation
intensity; Student t distribution, right skewed normal distribution, mixture of a
normal and heavier tailed distributions can be used for the Tmin and Tmax.
Such improvements can be achieved without completely abandoning the GLMs
framework and/or the statistical modeling of extreme values methodology rely-
ing on the well developed methodology and software for fitting finite mixture of
distributions to data.

Also this weather generator is enable to produce enough variability in seasonal or
annual aggregated weather statistics for both precipitation and temperature. This
over-dispersion phenomenon is a well-known weakness of stochastic weather
generators more generally. In theory, this tendency to underestimate variances
can be reduced through the inclusion of additional predictors in the model, not
only regional indices of atmospheric circulation, but also large-scale indices like
NAO or AO.

For many applications in climate impact assessment, daily weather sequences
at multiple sites are required. Our work in this paper was focused on the case
of only two single sites. A well known deficiency of the at-site precipitation
models is that they are not capable to generate synchronized daily precipitation
occurrence sequences at multiple sites. The extension of the GLMs approach to
multi-site stochastic weather generators is considered in [14]. However, instead
of binomial the beta binomial distribution to account the spatial correlation be-
tween sites is used by these authors. An alternative approach could rely on the
usage of the non-homogeneous hidden Markov precipitation model (NHMM),
conditional on the atmospheric circulation. The advantage of using NHMM is
that it can simulate stochastically the effects of large-scale atmospheric circu-
lation on local weather at multiple gauge stations. For this reason the NHMM
multi-site daily precipitation model developed in [15] for the territory of Bul-
garia can be used to get such synchronized daily precipitation occurrence se-
quences. In this way downscaling of some other climate variables as minimum
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and maximum temperature, wind, solar radiation and humidity at multiple sta-
tions can be done, conditional on the downscaled daily precipitation amount
data.
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