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Abstract: The military operations and activities are affected by weather conditions. Relevant information from area
interest is necessary. Because of irregularly distributed information the interpolation must be used. Two method:
interpolation were developed and they are introduced in this article. The methods have considered not only horizo
dependence but also vertical dependence of values. Their fruitfulness for interpolation of SYNOP observations
Central Europe was tested by cross-validation and backward interpolation. The usage of the methods for interpole
of climate data is also discussed.

Key-Words: dnterpolation, kriging, inverse distance weighting, verification, SYNOP report, least-square method.

1 Introduction amount of precipitations from synoptical station

The weather affects people and human activities. ThdSYNOP report) _

aim of the research was an impact of weather on militaryTh€ backward interpolation was tested as well. The
activities, such as traffic, health, usage and functionalityvalues were interpolated into regular grid with horizontal
of electronic equipment etc. ([4]{7]). It is important to resolu'tlon about 30 km. Vglues for station positions were
be able to obtain relevant information for area of interest?ack interpolated from grid values. The effect of grid
from available weather data. Two different types of datgdistance was testeql for selected quantities on both the
are considered. The first type are real observed data, tha0 km and 15 km grids.

are mostly very important in cases of military activity,

e.g. temperature, precipitation etc. The second type are

climate data that are important for planning and2 |nterpolation methods

preparation phase of the activity. The main differenceThe geographic projection was defined by the following
between these types is spatial variability (larger forequaions:

current values in comparison with mean values). X=r [ﬂlat - IatO)

The difference between interpolated quantities could be y = rtos(at) [ﬂlon—lonO)

very significant because of their distribution and above ] ] ; i
mentioned spatial variability. We tried to find a where lat is latitude,lon longitude,r radius of the Earth

relatively simple, fast and universal method for (6371.1 km),lat0 andlonO reference latitude (49.5 N)

interpolation of surface meteorological quantities. The@nd longitude (15.0 E). _ _
vertical dependence is obvious for most of quantities.TN€ area of interest covering the Czech Republic and

Two interpolation methods were developed considering2diacent territory was selected with respect to data
not only horizontal dependence but also possible verticafivailability and aspiration to analyze the accuracy for
dependence. The vertical profile can be obtained bydifferent types of relief. In Fig. 1 white represents the
employing of theoretically derived relations, radiosonde'oWlands and black represents highest places (High
measurements, climate profiles etc. These approachekairas, Alps). The altitudes of stations varied from
cannot be used universally for different quantities. 116 M t0 2635 m above MSL and average distance
Vertical relationship was derived directly from analyzed P&tween stations were approx. 50 km.

data in the considered methods.

The final product was an interpolation to regular grid

with horizontal resolution of approximately 5 km. The

cross validation was used for verification of interpolation

methods. The value for each station was interpolated

from all other stations and this value was compared to

the real value. The considered quantities were

temperature, wind, relative humidity, visibility and
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values z; are considered to be a function of position
The measured (functional) values are organized into the
vectorz' = [z1 zn]. The goal is to determine the

vector of estimate valuesz™ =[2, ... 2,]| for

general points.

Linear regression in form following form is used at the
first step

z=a,ta x+ta, x+a, x+r,.

The equation could be expressed in matrix convention
for n known points (meteorological stations).

z=Xa+r,,
. . . where
i AR N BT B S . A L 1 1 2 3
Fig. 1: Area of interest - orography X X X
1 2 3

The first method (M1) was inspired by approach X = .
described in [3]. The method consists of the following
steps: 1 *x, °x, °x,

1) The vertical gradient was calculated by means ofy/ector of parametera of linear regression is derived by

three-dimensional first-order polynomial - se of jeast square method solving the equation
approximation using the least-square method. The

-1
gradient was calculated for stations with minimum a:(XTX) X'z,
of 5 other stations in the vicinity of 300 km. The _ _ g A
elimination of gradient that differed more thers4- Which fulfils conditionr,r, = min.
from mean value was found useful. Using the linear regression function in the second step

2) The vertical gradient was interpolated by inversethe valuesz,, (Zg :[z01 ZOn]) are computed for

distance weighting (IDW) for those stations where it : . .
could not be derived. The weight decreases Wi,[hknown meteorological stations and for general points of

square of distance. interpolationz,, (ZoT =z .. ZOm])'

3) The vertical recalculation of analyzed values to theThe purpose of linear regression is to reduce dependence
selected referential level was performed by usingof the functional valueg onthe coordinates. Difference
these vertical gradients. The median of consideredf function values and values derived by linear
station altitudes (mostly about 360 m above MSL) regression on known points is denotécs, = z, — z,,, .
was used as a reference value.

4) Vertical gradient was interpolated into points of
interest (using IDW). It was also possible to reduce
the interpolated gradient values to defined range.

5) Values in reference level were interpolated into
points of interest (using IDW).

6) Afterwards the values corresponding to the real
(model) orography were calculated. The analyzed
values can be reduced to prescribed interval (e.g
0 % + 100 % for relative humidity).

The second method (M2) is described in following

paragraphs. Position of each point in space of dimensiol

D is given by vector

xiTz(lxi ’x; ... Dxl.) for i=1...,n

(meteorological stations), Al- d},3 A 3
T (1 2 D H—

X; —( x; Cx;o. xj) for j=1...,m (general

Fig. 2. The principle of selection of distances and

oints, grid points). X .
b grdp ) differences of functional values

The measured values. are known for each station. The
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Estimation of functional values on the general point is Assuming that the variance is a functidrof distance, it

then calculated by is possible to write for each group of sorted lengths
7=2% +02,, (s) =(@(d); for c=1....,q,
where but alsov, = ®(d,) for i,k=1...,n; j=1...,m,

AZ,; is the correction of values, where

ioj is the first approximation computed by use of linear v; is variance computed as a function of the distance

regression. between the general and known points.

Correction is computed wusing ordinary kriging A linear dependence was considered for our solution.
algorithm. Kriging is generally based on the assumptionParameters of linear regression for variance in the shape
that the functional value of a phenomenon is a functiong— hy+b (6 were calculated using least-squares

of the same type of phenomena in the vicinity and can be

calculated using the weighted average. In our case while assuming the following and't'onS:
1) variance must be non-negative,

n
Aé(x <): > p; Azmx H) for j=1...,m, 2) variance is constant or increasing with distance.
= J The next step is calculation of variance estimates (from
where derived equation of linear function) for each
X ;... location of general point; combination of lengths, i.e.:

s; = ®(d;) , respectively, =®d(d;) .

ij
After this step all the values for calculations are known.
station and general pointp;...weight of difference  Ordinary kriging interpolation requires complying with
the following matrix equation

HxUH=dU distance between the meteorological

Az and
D Su oS, 1l p Uy
_ _ K K 2 . . . . . .
dij—‘xij —\/Z( xj—xi). : - : . :f e|lp :V
= Sy S, 1llp,| |v,| |e" Olm| |1
Let us suppose that the weight of difference is inverselyl 1 -~ 1 0]m 1
proportional to the variance of function (measured)
values, ie. For m interpolated values on the general points the
const. , _ revious equation can be written as
% = — —— with requirement thad _ p, =1 P a
var@z, ) .

. . S “ee s p p cee pm U U “ee Um
The first step is to calculate the valuész, for each .ll - ln : 511 512 " l :ll S
conbination of meteorological stations. s, - S, 1Py D = P - v, U, v
For the same comblnatlo'ns of stations the distanceg ; 1 0|m, m, - m, 1 1 .. 1
d, are calculated. The differencAz, can thus be
assigned to any distance. Lengths and associategy
differences are sorted into non-descending sequence an 5 e P
divided to the appropriate numbeg) (of groups. For . ”} { T} :[ T}
each group we calculate the average length and e, O m Em
awverage variance, ; r (rin) Q  (uaim) G (nam
C_1=12d . where

c ik s ... variances calculated from the known (measured)

1 5 values at meteorological stations,

5 =val(Azik)=—Z(Azik —%ZAzik) , v ... variances in the general points calculated from the
¢ linear regression function,

where _ _ m ... Lagrange multipliers.

c is the number of lengths (differences) in a totaljof

groups. Weight matrix is calculated by formula

A total of q average lengths and variances is recelved.Q :I"lG_
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M1 described method No. 1
We obtain a total om weight vectorsp, that consist M1 L M1 results are modified to be in interval
from n elements. MatriX can be written also in the <D;H>. All values smaller than D are
form set to D and values greater than H to H.
P = [pl Py pm] Rest of values are unchanged.
’ M1 Og application of IDW in 2D (without
where consideration of vertical dependence)
pJT = lpjl pjnJ. with the same weight function as for M1
M1 Q M1, where vertical gradients are derived
Corrections of functional values are then calculated from only from the vicinity of 100 km
the formula M1 QL M1_Q results are modified to be in
interval <D;H>.
Az, =pTAz M2 described method No. 2
J V. M2_L M2 results are modified to be in interval
<D;H>.
Interpolated value of the function in the general point
equals to
z; =2y +0z;. 3 Verification of methods

The methods were tested for directly observed data from
Edimated standard deviation of correctiow,,is ~ Man synoptic terms (0, 6, 12 and 18 UTC) from August
. 2008 till May 2009 Data from several stations were for
computed according to . . .
some cases missing. The interpolation was performed for
cases with minimum of 50 available values (from 150

2,;=QG. possible). The considered quantities were:
e Temperature
The main diagonal of matrix2 ,, contains the estimates * Precipitation
of variances gy, of interpolated differenced\z; in * Wind o
, ! * Relative humidity
general points B . Visibility

Described interpolation method is suitable for .
interpolating variables whose change is continuous,
without ano_mal_ous values. . _ The following characteristics were used in verification:
The normalization of parameters (coordinates) improves  ia root mean square error (RMSE)
using of the method in a number of factors: ~
v  improves numerical stability of interpolation RMSE = \/iz(A -0,)?
algorithm (regardless of the selected type of N&G T ¢
interpolation); )
v parameters (coordinates), from which the euclidean N
distance d is calculated, have not the physical AVG :iZ(Ai -0))
dimension and their number may be changed (space N =
dimension Dis not limited); - maximum overestimate (MAE),
v normalized parameters partly respect importance of  JJAE = max(A, - 0,), for all i,
particular parameter for the interpolated value. - maimum underestimate (MIE)
Along with ordinary kriging method the same functional . .
values were calculated using algorithm based on radial MIE =min(A; =0,), for alli,
basis functions (RBF interpolation). Both methods - 2.5% aantile of difference (Q1),
provide almost identical results. The method of Kriging - 97.5% quantile of difference (Q2).

was selected for possibility to calculate the accuracy
estimates of interpolated values. The contingency table for threshold value and derived

Both described methods were compared with IDW statistical characteristics were considered as criteria of
method which did not consider vertical relation dangerous phenomena detection. The contingency table
(M1_0g). Some modifications of described methodscontains number of real observed/unobserved
were also used in tests. The list and explanation of testeghenomena (first index in matrix element notation, i.e.
methods is described below: 1/0) in case of analyzed/unanalyzed phenomena (second
index in matrix element notation, i.e. 1/0). Following

Cloud base.

systematic error (AVG),
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derived characteristics are considered:

- equitable score (EQS)

- false alarm (FAR),

EQS =a00 / @00+a01) +all/ (all+al0) — 1;

FAR =a01/ (a01+ all);
- probability of detection (POD)

Karel Dejmal, Vlastimil Kratochvil

Table 2. : Temperature interpolation accuracy

RMSE | MAE [MIE |AVG [Q1 | Q2
M1_Q 1.7| 56.4| -29.5 0.0| -3.0| 3.2
M1_0Og 2.7 16.5| -15.8| -0.2| -5.4| 6.8
M1 1.4| 13.8| -13.3] 0.0| -3.0| 3.0
M2 1.3] 115 -12.9] 0.0] -2.7| 2.9

K]

POD=all/ (all+ al0);
- bias (BIAS)

BIAS= (a01 + a11) / @11 + a10): As regards to relative humidity the interpolation was

made using the same methods. The interpolated values
should be inside of interval 0% - 100%. Therefore the

The characteristics were always derived from all o 0 ;
available measurement. Therefore stations with smallefesur[S of methods were also limited (0% for all negative
' alues, 100% for all values greater than 100%).

data amount affected results less then stations havinZé,he RMSE values are presented in Table 3 for selected

larger data set. methods and considered group of stations. The best

In order to study vertical dependence of interpolation . :
accuracy the stations were divided into 6 groups. Theresults were provided again by M2 followed by M1. The

groups with their notation are in Table 1. The Seasona|nterpolat|on is better for stations with lower elevation

: . again.
difference of accuracy was also the object of study. T?le analyzed values from method M1 Q often lay

outside a physically possible range mainly for the

Table 1.: Group of stations highest stations (compare M1_Q and M1_Q _L). The

Elevation [m] | Notation | Number analyzed values differ more then about 100% from
<200 D200 20 possible values. From this point of view the method M1
is better, however in some cases producing the value
201-350 D350 41 140% or negative values. The M2 never produced
351-500 D500 27 negative value and very rarely values significantly
500-700 D700 29 greater than 100%. The method M2 does not interpolate
outside of observed values very often, which is the main
701-1000 D1000 17 difference in comparison with M1. When we want to
> 1000 N1000 15 develop universal method this is convenient property.
Table 3. : Relative humidity interpolation
4 Results RMSE [%]
The statistical characteristics for temperature analysis are=550 M16 a N6|25 Ml—GO 96 M1—6Q3 Ml—QG—Ié
stated in Table 2. The most accurate method is M2 D350 7'2 7'1 8.2 7'2 7'1
followed by M1. The resulting error is less then 3 °C for D500 7'3 7'0 8.5 6.9 6.9
95% cases. The RMSE values are about 1.3 °C and it isto 8.1 8.5 9'3 7'9 7'9
an evident improvement in comparison with M1_0g. D1000 9.8 9.8 11'7 9'4 9'4
Vertical gradients from method M1 _Q vary in space NL1000 14'4 12'4 18'6 21.8 17'9
more than M1 and it can lead to bad forecast (maximum ) : : : :
error greater than 56 °C) and worse RMSE values. ALL 86| 83 10.3 10.0 9.1

The accuracy decreases with elevation. The big error i%’h ind veloci , lated b hni
evident in event of temperature inversions. TheIN€ Wind velocity was interpolated by two techniques.

significant error can be found for M1 in lowland (for The first techni_que was direct velocityintgrpolation. The
example in Hungary) where the elevation of station doessecqnd technique was a separate mterpolatlon of
not differ too much and when we use determinedme”d,'onal and zonal part of velocity and the final
gradient for station whose elevation differs significantly. elocity was computed from these results. Not only
The analyses are better at 18 and 12 UTC in compariso}ﬁeloc'ty but also direction is obtained using the second
with night or morning (0 and 6 UTC). However, the technique. However, the disadvantage is exclusion of
accuracy also varies in different mohths The’ mostmeasurements without defined direction (for example
accurate results come from March, the worst results frorﬁ’a”able wind). For enabling of comparison of these two
April (RMSE for M2 about 2.0 °C). This could be techr_uques these data were discarded. The results for
connected to higher variability or inversion presence ingorngdSered group of stations are presented in Table 4 and
this month, but the further study is needed. able o.
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Table 4. : Wind velocity RMSE [m/s] — direct
velocity interpolation

values of POD of this method. Nevertheless the results
of all methods are worse than desired, FAR (0.3; 0.5),

M1 M2 M1 Og M1 Q POD (0.2; 0.5). Large space and time variability of
D200 1.7 1.8 1.9 1.7 visibility appeared to be a major problem. The variability
D350 1.8 1.7 2.1 1.7 can not be affected by available measurement density.
D500 15 1.4 1.7 1.4 The additional information is probably needed for
D700 1.8 1.8 2.3 1.7 significant improvement.
D1000 3.1 2.9 3.8 2.9
N1000 4.4 4.4 5.8 5.8 Table 7. . Statistical characteristics for
ALL 2.3 2.3 2.9 2.6 visibility
Char. | Thre.val. M1 M2 | M1 Q| M1 Og
Table 5. : Wind velocity RMSE [m/s] — 0.5 km 0.19 0.24] 0.24] 0.02
composition of meridional and zonal wind 1 km 0.21 028/ 0.25 0.05
M1 M2 | M10Og| M1Q EQS| 3um 0.31 041 034 0.21
D200 1.8 1.8 1.9 18 5 km 042 050/ 045 0.34
D350 1.8 1.7 2.0 1.7 05km | 053 038 051 055
D500 1.5 L5 1.6 1.4 1km | 051 035 046 053
D700 1.9 1.7 2.2 1.7 FAR
D1000 31 59 3.7 30 3 km 0.39 033 037 041
N1000 4.7 4.2 6.1 5.8 5 km 0.29 0.28] 0.29] 0.34
ALL 24 213 29 26 0.5 km 0.21 0.25] 0.26] 0.02
POD 1 km 0.23 0.30f 0.27{ 0.05
No significant difference between used techniques was 3 km 0.3 045 038 0.23
found. The methods M1 and M2 are comparable and it iS 5 km 0.47 0.56] 0.50] 0.39
evident improvement in comparison with M1_0g. The 0.5 km 0.47 041 052 0.05
improvement of method M1_Q is not evident. 1 km 047 046 051 0.11
The RMSE value is significantly larger for stations with BIAS | S 057 066 061l 040
higher elevation. This is caused by frequent values 5 km 067 079 o071 o059

underestimation. The RMSE values are larger in winter
than in summer months.

The zonal and meridional part of wind vector T : e
interpolation accuracy is stated in Table 6. There is notThe 24 hour precipitation interpolation was verified. The

o . . method M1 according to RMSE gives the best results
significant difference between zonal and meridional part , .

. (Table 8). But the difference between all considered
of velocity. The best results came from M1 and M2

methods is not significant. Methods fail mainly for

again. hi -
ighest stations.
] . The ability to analyze limit values of precipitation was
Table 6. : RMSE.for veIOC|ty. - - studied. As the limit values were 1, 10 and 20 mm. The
Zonal velocity Meridional velocity computed characteristics are again very similar for all
[m/s] [m/s] considered methods. The EQS values decrease from 0.8
M1 Q 27 25 for 1 mm threshold to 0.4 for 20 mm threshold, the FAR
- ' ' values from 0.2 to 0.4 and POD from 0.9 to 0.4. The
M1_0g 2.6 2.7 precipitation analyses are better than visibility analyses
M1 2.3 2.3 but the additional information from other sources (radar
M2 29 23 measurement, etc.) could improve analyses significantly.
The accuracy of visibility interpolation was assessed by Table 8. : Daily precipitation RMSE [mm]
7 S M1 M2 M1_Q M1_0g
use of statistical characteristics EQS, FAR, BIAS and D200 50 51 50 51
POD that were determined for four limits of visibility — ' : ' '
D350 2.2 2.1 2.2 2.4
0.5, 1,3 and 5 km. D500 50 53 50 53
Interpolated values were often overestimated. The EQS D700 2'3 2'4 2'2 2'5
(Table 7.) increases with threshold value. The best D1000 2.8 '1 2' 2.8
results are provided by method M2, whilst the worst NL000 5'4 2'2 7'3 5.6
thod is M1_0 hich i inl db Il : : : :
method is _0g which is mainly caused by sma ALL 28 3.0 33 29
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network.
To simplify the problem the cloud base was processe®) The interpolated values were interpolated back to
without considering the amount of clouds. Computed  point of observation.
characteristics for two threshold values, 300 m andThe grid resolution 30 km was considered (corresponds
600 m above surface, are in Table 9. Comparing tao the order of the average distance between stations).
visibility, these results are better. The best results ard-urther tests were carried out with finer grid resolution
provided by method M2 but other methods are 10 km and 15 km. The analyses were computed only for
comparable and a little better than method M1_0Ovg. Thewo months. The first was January 2009, which
method M1 _Ovg fail for groups of station N1000 and represents cold period and the second August 2008,
D1000 and threshold value 300 m. In this case the EQSvhich represent warm part of year.
is lower than 0.15. Generally for all methods, results forThe influence of grid distance is discussed firstly. This

stations with lower elevations are better. experiment is carried out only for the M2 for the
temperature range in the months of August and January.

Table 9 : Statistical characteristics for cloud base Test results for temperature are in the Table 10 and for

analysis the visibility in Table 11. For two months we get a

M1 M2 |M1Q|M10g similar increase in the RMSE values with grid distance
200m | 040 | 046 | 042 | 034 increase. Considering all the stations irrespective of

EQS altitude, the values increase with the square root of grid
600m | 0.56 | 0.56 | 0.56 | 0.51 distance (for temperatures slightly faster than for
FAR 300m | 039 | 044 | 041 | 0.42 visibility). The accuracy obtained in cross-validation is

600m | 031 | 033 | 032 | 0.34 comparable with grid resolution approximately 80 km if
this dependence was considered. This roughly
pop | 300m | 0.46 | 054 ) 0.49 | 0.40 corresponds to twice the distance of the considered
600 m 0.71 0.73 0.71 0.67 stations.

For other methods and variables was performed
gggm ggg cl)g; ggi ggg backward interpolation only for the grid distance 30 km.
i ' i i But the backward interpolation for this net resolution
o was computed for all methods as cross validation. The
But the errors could be very large. The overestimation ofesylts of interpolation are, as expected, better than of
C|0ud base, Wh|Ch iS common fOl‘ a” methOdS, eVidentchross_Validation_ |mprovement for each Station iS
grows with station elevation. Great error for highest strongly influenced by distance from the grid point. For

stations in winter period could be caused by presence ofj| methods except for M2 (and its variants) is the same
low inversion cloudiness. The value interpolated from gpserved and analyzed value (for all points with

surrounding of stations with lower elevation (below gpservation), therefore accurate.

inversion) is low but in reality there are only higher For the best cross-validation methods M2 and M1

clouds or there is no cloudiness at all. The cloud basggzckward interpolation is usually worse than the other

analysis can be affected by observation accuracy (similapethods. This fact may be due to the fact that the

as for visibility). Most observations are provided by resulting fields are strongly influenced by nearest

equipment with possibility of human correction but for stations. The resulting field is then smoother and absents
some stations and time the raw data from equipment arg, him great extremes and therefore the better results are
reported. The problem is also with accuracy andoptained for cross-validation. The nearest station is

representativity of measurement. The amount oOfcrycial for other methods. Therefore, in cross validation

cloudiness could be included into analysis to receiveests are better, but again failed to interpolation to points
more usable results. farther from observation points.

BIAS

5 Backward interpolation

Interpolation error is dependent on the density of
stations. The distance to which must be interpolated is
larger in cross-validation with comparison to real density
station because of omitting station. The resulting errors
are therefore larger than would correspond to an
interpolation error using all stations. The following
approach was chosen for estimate of this effect:

1) Values of all stations were interpolated to a regular

ISSN: 1790-5079 150 Issue 2, Volume 6, February 2010



WSEAS TRANSACTIONS on ENVIRONMENT and DEVELOPMENT

Karel Dejmal, Vlastimil Kratochvil

Table 10: RMSE for backward interpolation and cross 6 Qther usage and examples
validation for temperature and method M2 [°C]

January
2009

Group\grid| 10km | 15km | 30km C\ng—
D200 0.4 0.5 0.7 1.4
D350 0.4 0.5 0.9 15
D500 0.3 0.5 0.8 1.3
D700 0.6 0.7 1 1.6
D1000 0.7 0.9 14 1.8
N1000 1.2 1.7 2.2 1.8
All 0.6 0.8 1.1 1.6

August

2008
Group\grid| 10km | 15km | 30km C\r/gjss—
D200 0.3 0.4 0.6 1.2
D350 0.3 0.4 0.7 1.1
D500 0.2 0.4 0.6 1,0
D700 0.4 0.5 0.8 1.4
D1000 0.6 0.7 11 15
N1000 0.9 1.2 1.6 1.7
All 0.5 0.6 0.9 1.3

Table 11: RMSE for backward interpolation and cross
validation for visibility and method M2 [km]

January
2009

Group\grid| 10km 15km | 30km C\r/gjss—

D200 1.7 2.3 3.4 7.0
D350 1.7 2.2 3.5 7.1
D500 2.1 29 4.5 8.6
D700 2.3 3.3 5.1 10.2
D1000 5.3 6.3 9.7 13.1
N1000 14.1 16.8 22.5 22.3
All 5.2 6.3 8.7 111

August
2008

Group\grid| 10km 15km | 30km C\r/gjss—

D200 3.9 5.0 7.6 1.7
D350 4.5 5.8 8.8 1.7
D500 3.4 5.1 8.1 2.1
D700 3.8 5.4 8.3 2.3
D1000 6.8 8.1 11.6 5.3
N1000 13.8 15.1 19.0 14.1
All 6.1 7.3 10.3 5.2

ISSN: 1790-5079

Some examples of final output of described methods will
beintroduced in this section. The methods have not been
used only for quantities described in test but they have
been used also for interpolation of climate data. These
fields are usually slighter in comparison with term
measurements and therefore the methods are relatively
successful. The results of quantities were visually
compared with results in climate atlas [8]. There was
used bigger amount of stations and longer period (mostly
all 30-year period). Structure of our results mostly is
comparable with structure of “real” fields.

The example of temperature analysis is shown. The
results of methods M1 and M2 are depicted in Fig. 2 and
Fig. 3. The analysis produced by numerical weather
prediction (NWP) model ALADIN is in Fig. 4. All tree
fields are similar. Larger differences are in north east
part of the area, where are no observations. The
distribution of uncertainty as a product of method M2 is
in Fig. 5. The dependence on stations distribution is
obvious.

Fig. 2: Temperature analysis by method M1"{3@igust
2008, 12 UT) in °C.
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7 Conclusion
The tested methods M1 (based on inverse distance
weight) and M2 (based on ordinary kriging) were used
for interpolation of selected measured quantities. Not
only horizontal dependence but also vertical dependence
was considered in these methods. Both of them offer
significant interpolation improvement for most of
selected quantities in comparison with inverse distance
method without consideration of vertical dependence.
i The method M2 does not extrapolate values too much
outside of measured interval. That is not obvious for M1
and it can lead to big errors and physically nonsensical
values.
o The results of immediate temperature, wind,
precipitation and relative humidity seem to be
Fig. 3: Temperature analysis by method M2 "(30 comparable with local NWP outputs. Unfortunately, the
August 2008, 12 UTC) in [C]. visibility interpolation is not sufficient. The methods
seem to be usable for interpolation of climate data,
which are smoother.
The correction of analyses could be made only manually
by user. This possibility will be offered in software
which use methods described in this article and which is
currently being developed. The methods based on
assimilation of the additional information are promising
way for improvement. The NWP model outputs, radar
data and model data could be included in future.
The significant motivation for interpolation was short
range visibility forecast. Visibility is crucial quantity
which affects military operations and which is not
routinely forecasted by NWP models. Actual visibility is

20

N— . o a good predictor. It seems to be better way to derive
Fig. 4: Temperature analysis by NWP model ALADIN relation between visibility change and changes of others
(30" August 2008, 12 UTC) in °C. weather quantities rather than to forecast directly

16 visibility from them. The persistent forecast could be
often better then such forecast. The interpolation of time

1.4 values of visibility has been shown to be unusable. The
interpolation could be sometimes improved with satellite

1.2 data enabling detection of areas with fogs. But there is

limitation because these areas could be detected only in
case without cloudiness. The other possibility, more
promising, is combination with climate data. The field of

11.0

10.8 MR .
selected monthly characteristic is smoother in
10.6 comparison with measured data. The question is if
average or median of values could be considered because
10.4 of visibility distribution. The analyzed values would be
climate fields corrected using measured values. The
10-2 advantage is that the evident nonsense, e.g. for highest

stations with high elevations, could be eliminated on

Fig. 5: Distribution of temperature analysis uncertainty cimate data more easily than using time data.

by method M2 (39 August 2008, 12 UTC) in °C.
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