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Nowcasting of precipitation by using radar and NWP model data

Z. Sokol, D. Rezacova, and P. Pesice
Institute of Atmospheric Physics, AS CR, Bocni ll, 1401, 141 31 Prague, Czech Republic

Abstract. Three models (REG, REGC and NN) for now- lightning and numerical models were used as predictors in a
casting of 1-h and 2-h accumulation of precipitation are de-statistical model by Kitzmiller (1996). The statistical regres-
veloped and compared on data from the warm season. Thsion model was developed at real data by application of the
models use predictors derived from radar data and NWRechnique, which is very similar to the model output statis-
model outputs to forecast mean area precipitation in squaretics (MOS; Glahn, Lowry, 1972). To better simulate diurnal
10x10kn?. REG is a linear regression model. REGC con- variation of precipitation processes different models were de-
sists of several linear regression models and which is appliedeloped for different daytimes.

depends on a simple decision tree. NN is a 3-layer neural

network of the perceptron type. The accuracy of the fore- Another approach to nowcasting of heavy precipitation

cast depends on the daytime, however all models yield sig;g represented by NIMROD (Golding, 1998), which utilises

nificantly better results than the forecast based on a simple .. - -+ acho extrapolation and numerical model precipi-

advection. The results for morning and night (01-12 and 22_tation forecasts. For shorter time periods the primary weight

24 UTC) are quite satisfactory. Large errors in forecastmgis given to extrapolation of the existing precipitating field,

afternoon precipitation show that the models are not able Quhich is derived from satellite and radar data. With increas-
satisfactorily describe the development of convective stormsing forecast time the weight shifts to the numerical model

The perfo”."?”‘%e of REG and REGC is.similar, however forand becomes almost totally dependent on the model for the
larger precipitation amounts and especially for 2-h accumu-

lation REGC shows slightly better results. NN yields the best6 h forecast.

forecasts for morning and night, and for 2-h accumulations.

For afternoon 1-h accumulation NN results are not satisfac- Different approach is presented by an automated nowcast-
tory. ing system of convective precipitation GANDOLF (Pierce et
al., 2000) that attempts to model storm development. It con-
tains a precipitation model, which incorporates a conceptual
) model of the life cycle of shower clouds. Using satellite and
1 Introduction radar data and a variety of forecast products from a numer-

) o ) ical weather prediction (NWP) model, convective cells are
For some hydrological applications, especially flash flood;qentified and their development is forecast.
warning and urban drainage management, the 0-6 h fore-

casting (nowcasting) of heavy precipitation is required. At ) ) ] o

present most of nowcasting methods is based on an extrap- [N this paper nowcasting technique similar to that used by
olation of radar echo. The methods based only on a simpld<itzmiller (1996) is applied to the forecast of mean 1-hr and
extrapolation technique (e.g. Dixon, Weiner, 1993; Johnsor?-Nr Precipitation in squares 10 by 10 kniThe forecast re-

et al., 1993; Mecklenburg et al., 2000) loose rapidly their 910N includes the territory of the Czech Republic and is well
accuracy with the lead time. As they do not consider stormcovered by the Czech radar network. The main differences
initiation, growth and dissipation the simple extrapolation is P€tween the proposed method and Kitzmiller's approach are
usually applicable up to 30—60 min. Radar data including ex-the forecast quantities and the models describing the relation-

trapolated radar echo together with other data from satelliteShiP between the input data and forecast precipitation. Three
different models are developed and compared. The model

Correspondence taZ. Sokol evaluation is mainly focussed on the forecast of large precip-
(sokol@ufa.cas.cz) itation.
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Fig. 1. Scatterplots of the observed and forecast values of 1-h preFig. 3. The same as Fig. 1 for the daytimes 01, 02 and 03 UTC and
cipitation for the daytimes 01, 02 and 03 UTC. The plots a)—-d) cor- 2-h precipitation.

respond to the ADV, REG, REGC and NN models. The solid line is

the perfect fit.
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Fig. 2. The same as Fig. 1 for the daytimes 19, 20, and 21 UTC. Fig. 4. The same as Fig. 3 for the daytimes 19, 20 and 21 UTC.

The data used for development and verification of the now-
casting procedures were selected from the terms with signif-
icant hourly precipitation from the warm season 2002. We
The nowcasting technique used two sources of data: meaalso included preceding and following hourly terms into the
sured radar reflectivity and prognostic data from a NWPdata sets to study the development and dissipation of precip-
model. Precipitation amounts were derived from radar meaitation. Basic statistics of 1-h and 2-h accumulated precipi-
surements only. Small number of rain gauges and theittation are shown in Table 1.
highly irregular distribution in the area did not allow us to ap-
ply an adjustment of radar derived precipitation to rain gauge
measurements.

2 Forecast region and data used
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Table 1. Mean value [mm] of observed 1-h and 2-h precipitation and the number of cases when a given threshold is exceeded [%] in
dependence on the daytime.

UTC Meanl-hr >05mm >5mm Mean2-hr >1mm > 10mm

1-3 1.15 39.0 5.9 2.23 41.8 4.9
4-6 1.45 47.0 8.0 2.87 47.8 7.9
7-9 0.95 39.4 3.5 2.06 44.2 3.2
10-12 0.88 31.0 4.1 1.72 335 3.6
13-15 1.22 34.9 6.4 2.37 38.8 5.9
16-18 1.30 37.4 6.5 2.57 41.4 6.7
19-21 1.62 43.2 9.2 3.24 46.6 9.6
22-24 1.10 41.7 54 2.33 45.8 5.0

The Czech radar network consists of two weather radargl  Forecast models
Brdy and Skalky, which measure in C band and the inter-
val of radar scans is 10 min. Precipitation amounts are cal-The forecast models were developed by using the approach
culated by integration in time of rain intensities, which are very similar to MOS. The model parameters were calculated
derived from the maximum column radar reflectivity by us- on a developmental data set and then applied to an indepen-
ing the Marshal-Palmer relationship (Hamek, Kétmar,  dent data set. As precipitation is significantly influenced by
1996). Precipitation amounts are calculated for each radafliurnal course, 8 sets of the model parameters were derived
separately in 256256 pixels, where each pixel represents anfor the forecast belonging to 1-3UTC, 4-6 UTC etc. The
area of %2 kmP. The pixel values are smoothed by using the data consisted of 24 000 values of predictands and they were
median from %3 nearby pixels. This modification improves divided into 3 subsets with the same size. Two of them were
radar precipitation when compared with the gauge measuredsed as the calibration (historical) data to develop the models
ments (K&Emar et al., 1998). Maximum of two radar esti- and the remaining subset served for verification. By choos-
mates is applied in the overlapping pixels to obtain precipi-ing different combinations of the data subsets the indepen-
tation estimate in the forecast region. Using the aforemendent forecast was produced for all data.
tioned algorithm 20 min precipitation amounts were calcu- Three models were developed and tested: linear regres-
lated and used as basic precipitation data. The forecast resion model (REG), classified regression model (REGC) and
gion was divided into squares consisting of 5 by 5 radar pix-neural network (NN). The classified regression consisted of
els (10x 10 km?). For these squares the mean pixel values ofseveral linear regression models and which one was applied
1-h and 2-h precipitation amounts (predictands) are forecastdepended on a simple decision tree. The intention of this
) approach was to develop separate models for different data.

I?rognostlc outputs from the NWP model ALADIN_/LACE' . It increases the number of parameters, which can better de-
which is operated by the Czech Hydrometeorological Insti-gyine |arge variability of precipitation data. The division was
tute (CHMI) are used. ALADIN/LACE NWP modelis a hy- 4564 on one or two values of predictors and “if then” con-
drostatic limited area modglwnh the horizontal resolution of ¢\, ction. The selection of threshold values resulted from
12km. The model integration starts every 12 h and prognosg, eral tests.
tic fields are recorded every 6 h.

4.1 Linear regression model

The multiple linear regression model (e.g. Wilks, 1995) was
in the form of

3 Predictors y=ag+aix1+axx2 + ... +anxy, Q)
whereas,..., ay are model parameters, y is the predictand
The list of the predictors is given in Table 2. The NWP model value andx;, j=1,..N, are predictor values. The predictors
outputs were interpolated in space and in time to get predicwere selected by the stepwise screening algorithm with the
tor values for individual squares and forecast times. For amaximum p-value for a predictor to be added 0.05, and mini-
given square, precipitation predictors were obtained from themum p-value for a predictor to be removed 0.1 (Wilks, 1995).
same place but previous times and from areas obtained by &he maximum number of predictors was restricted to 7 as
backward advection in time. Prognostic wind fields at thethe tests shown that additional predictors did not improve the
level 700 hPa were used to advect precipitation fields withforecast. The REG outputs significantly underestimate heavy
the time step 20 min. precipitation because they are rare in the data set. This is the
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Table 2. The list of predictors divided into radar and NWP predictors. Advection means that the quantity was advected by the NWP model
wind field at 700 hPa. For the forecast issued at time T, precipitation amounts were accumulated from the iite?¥al$-1h>, <T-1h,
T> and also immediate intensity of precipitation at T was used. The NWP model predictors corresponded to T.

Radar predictors:

Precipitation amount

Precipitation amount

Precipitation amount (advection)

Precipitation amount (advection)

NWP model predictors:

Temperature, relative humidity, vertical wind speed and geopotential at 925, 850, 700, 500 hPa
Surface relative humidity, temperature, wind speed, total precipitation, convective precipitation
Mean column temperature, relative humidity and vertical velocity (925-500 hPa)

Vertically integrated specific humidity from 925 to 500 hPa

K index, wind shear 700-500 hPa, 850-500 hPa and 925-500 hPa

reason for a posterior correction of REG outppts They 5 Results
are corrected according to the formula
The accuracy of the forecast was evaluated by root-mean-

Peori =api+B i=1 ., n (2)  square-error (RMSE), bias (BIAS) and correlation coeffi-
wherea minimizes the function cient (CC):
F(a) = ; — ap)? 3 "
(@) ,~y§ Gi—ap @) RMsE= 13y - p2. R
s YisPi> i=1

and the sum is over all data i, where whetlyeror p; are
greater than a given value M. After determiniaagg is cal- - ‘ i ‘ ®)
culated by the following iterative procegs<l,..kuax): is

O =L i()’i —api) 4)
a n n n
Pl =max(api + Y, 0) i =1, . n, 6 €= — (yi - %,glyj) (pi - %Elp’)/
e ., 2, 2
plHD _ gk 4 %El(yi - p& ). (6) )3 (y,- 1 f:ly]) 3 <pi 1 ilp]) , )
i=1 J= i=1 J=

The steps (5) and (6) are repeated several timgs, 5 it-

erations are used in this study) afids assigned to the last Wherepi, yi were forecast and observed values of predic-

gkmax) - For M>0 the value ofx is greater than 1, which tands. As the forecast was focussed on large precipitation,
results in the overestimation of the forecast. The iterative apRMSE and CC were calculated in dependence on observed
plication of (4-6) reduces this overestimation. Values 0, 1,Précipitation amounts, i.e. only those pairsppfandy; were

... 15 of M were tested in (3). used in (7) and (9) wherg exceeded a given threshold. The
applied crossvalidation technique can cause that BIAS sig-
4.2 Neural network model nificantly differs for individual verification subsets, however,

the total BIAS in the whole data set is close to 1. Therefore
We used the multilayer feedforward neural network modelBIAS was separately calculated at each verification subset
(NN) with 3 layers (Demuth and Beale, 2000). The input and averaged. The model results were compared with a ref-
layer used all predictors from Table 2 and the predictanderence method which was the forecast obtained by advection
value was the output. The inner layer contained 5 neuronsby NWP wind at 700 hPa (ADV).
The number of the neurons was subjectively selected based The quality of the forecast essentially depended on the
on several test calculations. The inner neurons used the logdaytime. The forecast values were apparently less scattered
sigmoid function while the output neuron used the lineararound the perfect fit for the terms 01-03, 04-06, 07-09,
transfer function. NN was trained with the backpropagation10-12 and 22-24 UTC than for the remaining terms. It
algorithm and mean square error was the performance funds illustrated by Figs. 1-4 for 01-03UTC and 19-21 UTC.
tion. The comparison of Fig. 1la and Fig. 3a with Fig. 2a and



448 Z. Sokol et al.: Nowcasting of precipitation by using radar and NWP model data

Table 3. RMSE of ADV, REG, REGC and NN models for 1-hr Table 5. CC of model forecast with observed 1-hr precipitation in

precipitation in dependence on the daytime [UTC]. Only observeddependence on the daytime [UTC]. Only observed vait@& mm
values>5 mm are considered. are considered.

ModelUTC 1-3 4-6 7-9 10-12 13-15 16-18 19-21 22-24 ModelUTC 1-3 4-6 7-9 10-12 13-15 16-18 19-21 22-24

ADV 523 515 531 744 1035 1115 923 555 ADV 050 053 051 045 024 018 038 055
REG 420 444 517 638 844 982 767 432 REG 067 066 052 059 051 043 050 064
REGC 399 432 49 635 825 981 747 417 REGC 066 068 059 059 054 042 056 060
NN 352 352 391 559 794 790 603 370 NN 077 078 074 069 061 061 071 075

Table 4. The same as Table 3 for 2-h accumulation of precipitation Table 6. The same as Table 5 for the 2-h precipitation and 1 mm
and observed datal0 mm. threshold.

ModellUTC 1-3 46 7-9 10-12 13-15 16-18 19-21 22-24 Model/UTC 1-3 4-6 7-9 10-12 13-15 16-18 19-21 22-24

ADV 1139 1031 1080 1351 1781 1915 1679 1247 ADV 020 039 033 036 010 008 020 040
REG 925 849 975 1202 1559 1633 1505 954 REG 053 061 044 051 033 033 036 061
REGC 899 811 872 1118 1467 1563 1372 9.08 REGC 055 064 054 056 039 038 046 0.66
NN 717 662 665 962 1301 1420 1128 755 NN 071 075 072 067 051 046 062 074

Table 7. BIAS of the model forecast for 1-hr precipitation in de-
Fig. 4a confirms that development and dissipation of con-pendence on the daytime [UTC].

vective cells, which is not captured by ADV, is important
for afternoon precipitation (13—21 UTC). The models REG,
REGC and NN vyield better forecast than ADJ mainly be- Model/lUTC 1-3 4-6 7-9 10-12 13-15 16-18 19-21 22-24
cause they corr.ect_ false heavy precipitation forecasts. The ADV 102 100 099 104 102 106 105 102
performance criterion (mean square error) causes that NN peg 102 100 099 104 102 106 106 102
does not forecast more than 23 mm for 18-21 UTC and 1-h rgge 102 1.00 099 104 103 106 108 096
precipitation (Fig. 2d). Similar or even worse results would NN 1.04 1.02 102 104 105 103 104 105
have been obtained by REG and REGC if the correction (3—
7) had not been applied.

All REG, REGC and NN models yield apparently lower
RMSE and higher CC than ADJ for all ranges of thresh-g conclusion
olds. Examples of RMSE for precipitation (thresholds 5 and
ilno'lr'zl rk;;(;rsl-;nznf ;nz pcr:%C'iﬁ'tiggll'srzsgﬁgt'geIx)lt?]fuzzotwhre]The REG, REGC and NN models yield essentially better
performance of REG and REGC is similar, for larger precip- forecast for 1-h and 2-h precipitation than simple advec-

D ) ? ion. Th Its f i ight (01-12UT
itation amounts, and especially for 2-h accumulation, REGCtlon e results for morning and night (0 UTC and

- ) 2-24 UTC) are quite satisfactory. For this daytime the best

Sho(\jNSI beltter refsulltst.. Thhe dgg.l';slor; ttrr]ee mfREGC Lﬁﬁd IN\NII%esults are obtained by NN model. For afternoon hours the
;nsoo Epva _llj_re]s otrela tl'v ?I Em' " ' yla € fsg[wasc; or 3 c g ?"IZ quality of the forecast is significantly worse. Both regression

NN hosv.eve? easssgré;?ioynezsagg\yeestr?e foreca;nof 1h };(?cu odels as well as neural network models are not able to satis-
- ’ ) : I ¢ il ibe th I issipati f .
mulation for 18-21 UTC is not satisfactory. BIAS signifi- actorily describe the development and dissipation of storms

. o o ) The results confirm that neural network could be an appropri-
cantly differed for individual verification subsets, especially pprop

. ate tool for description of complicated and essentially nonlin-
in case of the REG model. In general, as Table 7 shows for 1- b P y

h precipitation, there are no significant differences betweenear relationships between predictors and predictands.

the models. The general tendency to overestimate precipita-

tion forecast can be caused by the selected data, on the othacknowledgementsThe work was supported by the grants
hand the fact that negative forecast values are set to zero als$8042101 GA ASCR and 205/04/0114 GA CR. The data were

contributes to the overestimation. kindly provided by the Czech Hydrometeorological Institute.
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