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ABSTRACT

This paper presents a new multiple linear regression (MLR) approach to updating the hourly, extrapolated precipitation
forecasts generated by the INCA (Integrated Nowcasting through Comprehensive Analysis) system for the Eastern Alps.
The generalized form of the model approximates the updated precipitation forecast as a linear response to combinations of
predictors selected through a backward elimination algorithm from a pool of predictors. The predictors comprise the raw
output of the extrapolated precipitation forecast, the latest radar observations, the convective analysis, and the precipitation
analysis. For every MLR model, bias and distribution correction procedures are designed to further correct the systematic
regression errors. Applications of the MLR models to a verification dataset containing two months of qualified samples,
and to one-month gridded data, are performed and evaluated. Generally, MLR yields slight, but definite, improvements
in the intensity accuracy of forecasts during the late evening to morning period, and significantly improves the forecasts
for large thresholds. The structure–amplitude–location scores, used to evaluate the performance of the MLR approach,
based on its simulation of morphological features, indicate that MLR typically reduces the overestimation of amplitudes and
generates similar horizontal structures in precipitation patterns and slightly degraded location forecasts, when compared with
the extrapolated nowcasting.
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1. Introduction
Rigorous demands have always been placed on the accu-

racy of strength, location and time for the very short-term (or
nowcasting) quantitative precipitation forecasts (QPFs) that
are widely used in many public service areas, including avia-
tion, road services, construction, outdoor entertainment, agri-
culture, and public safety. The traditional radar-based precip-
itation nowcasting methods, concerned with current weather
conditions and the changes over the next few tens of minutes
to the ensuing 3 h, are largely based on the temporal extrapo-
lation of trends derived from radar quantitative precipitation
analysis or estimations.

In recent years, significant achievements have been
made in using numerical weather prediction (NWP) mod-
els for nowcasting applications, with the development of so-
phisticated assimilation of radar observations, convection-
permitting NWP, and rapid updated cycling techniques (Sun
et al., 2014). But, for very short-term forecasts, especially
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with a lead time of 1–2 h, the extrapolation methods can gen-
erally produce accurate forecasts, and the NWP results still
usually have little chance to outperform (Lin et al., 2005; Wil-
son et al., 2010; Mandapaka et al., 2012; Hwang et al., 2015),
although the accuracy reduces rapidly thereafter (Austin and
Bellon, 1974; Browning and Collier, 1989; Golding, 1998).
That is also an underlying reason to develop blending tech-
niques of radar echo extrapolation with NWP, to generate a
seamless 0–6-h forecast (Sun et al., 2014).

It should also be noted that, although more organized
convection systems such as squall lines and super cells can
be successfully extrapolated for longer time periods (Wilson
et al., 1998), the quality of extrapolation-based nowcasting
for the 1–2-h lead time is not yet up to the desired level of
accuracy for scales of thunderstorms and flash floods. One
important reason is that the precipitation structures are often
assumed persistent in a Lagrangian framework and lack the
mechanistic detail required to account for the rapidly chang-
ing conditions associated with the initiation, growth and dis-
sipation of convection systems (Fox and Wilson, 2005).

To resolve the problem, Mandapaka et al. (2012) men-
tioned that statistics will be a practical way to introduce the
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information about the growth and dissipation of convection
systems in Meteo Swiss. Wilks (2011) suggested that purely
statistical forecasts are useful for lead times of up to a few
hours, i.e., nowcasting. However, the use of statistical meth-
ods as an alternative approach has received less attention in
the nowcasting literature (Wilson, 2003), and only a few stud-
ies on nowcasting statistical applications can be found. An
advective–statistical algorithm in the form of the Model Out-
put Statistics technique (Glahn and Lowry, 1972) was devel-
oped by Kitzmiller et al. (2001). This approach uses radar,
lightning, satellite data, and NWP forecasts as predictors of a
statistical regression model to forecast the probability that the
maximum 3-h precipitation will exceed certain thresholds. A
similar method was used by Sokol and Pesice (2012), which
is referred to as the Statistical Advection Model, to produce
1–3-h deterministic forecasts of precipitation amounts.

Unlike the common nowcasting systems that are based
solely on a Lagrangian persistence algorithm of radar echo
tracking, assuming the precipitation patterns will continue
to move with a single, steady velocity derived by cross-
correlating previous consecutive analyses without any growth
or decay (Turner et al., 2004), INCA [Integrated Nowcasting
through Comprehensive Analysis (Haiden et al., 2011)] is a
system capable of providing the present analysis, nowcast-
ing, and short-term operational QPF over the Eastern Alps,
and supports a wide range of applications in multiple areas.
However, the nowcasting part of the 1-h INCA precipitation
forecast is produced by the phase shift based on motion vec-
tors estimated using two or more consecutive previous anal-
yses; and therefore, its performance in nowcasting the evolu-
tion and decay of precipitation not caused by advection, es-
pecially for thermally induced convection, needs further im-
provement.

In this paper, we describe a method based on the similar
framework of Statistical Advective Method— Radar (SAMR)
(Sokol et al., 2013) to find the optimal algorithms for pro-
viding improved nowcasts through integrating posterior radar
observations and real-time convective analysis, with the aim
to improve the 1-h precipitation extrapolation nowcasting
performance of the INCA system over the Eastern Alps dur-
ing the summer season. Within the current operational im-
plementation at ZAMGa, every INCA 1-h precipitation now-
cast beginning at T UTC finishes almost simultaneously, with
the radar volume scanning beginning at T + 10 min (T + 0.16
h). Therefore, an instant, “posterior” correction of the 1-h
precipitation nowcast is possible using the latest two radar
volume scans valid at T + 5 min and T + 10 min, assuming
a further improvement of the 1-h precipitation nowcast valid
from [T , T + 1 h] with the latest information about the onset,
duration, and intensity of convections introduced. Further-
more, not only could the real-time radar products be included
as predictors, but the latest convective diagnostic analysis, in-
cluding the convective available potential energy (CAPE) and
convection inhibition index (CIN), valid at T UTC, could also
be regarded as candidate predictors, with the goal of incor-

porating more information regarding the convective potential
within the nowcasting period.

The remainder of this paper is organized into four parts.
The operational INCA system and its nowcasting module are
briefly described in section 2. The development of the instant
posterior statistical model is presented in more detail in sec-
tion 3. In section 4, cross validation, significance of different
predictors, applications and evaluation results are discussed.
The results from pre-implementation tests using independent
datasets, including verification scores and case studies, are
also examined. Finally, our conclusions are presented in sec-
tion 5.

2. INCA precipitation nowcasting
The INCA system is a multi-parameter analysis and now-

casting tool that has been in operational use at ZAMG for al-
most a decade, and is under continuous development (Haiden
et al., 2011). The INCA precipitation module consists of
the following three parts: analysis, nowcasting, and blend-
ing with an NWP model. For the analysis part, INCA com-
putes a weighted combination of rain gauge and radar data,
taking the reduced visibility of radar in mountainous areas
into account. The elevation dependence of precipitation is
also considered by applying the parameterization described
in Haiden and Pistotnik (2009). The nowcasting range is 6
h. In the first 2 h, the precipitation fields are predicted by an
extrapolation based on Lagrangian persistence. From T + 2
h to T + 6 h, the nowcast fields are smoothly merged with an
NWP model such that, for lead times greater than 6 h, INCA
essentially provides downscaled NWP information, or a com-
bination of different NWP models. In the operational setting
used at ZAMG, a weighted combination of the ECMWF and
ALARO5 (the operational limited area model) models are
used for the forecast. INCA runs on a regular 1 km ×1 km do-
main that covers Austria and parts of neighboring countries
(see Fig. 1). The temporal resolution and update frequency
are both 15 min. INCA analysis and forecast fields are pro-
vided in near real-time, with only a few minutes’ computation
time.

The radar dataset used in this study is a composite of data
from the Austrian radar network, which consists of five C-
band weather radars (see Fig. 1) operated by Austro Control
(Kaltenboeck, 2012). Ground clutter has been removed from
the data using Doppler processing and multi-temporal/multi-
parameter statistical filters. A series of radar-derived prod-
ucts are provided with a temporal resolution of 5 min, and
these products will be described in more detail in section 3.

3. Development of statistical models
3.1. Statistical models

In this study, a multiple linear regression (MLR) ap-
proach, which is both robust and easily applicable, is used
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Fig. 1. Topography (unit: m) and the locations (triangles) of the five operational C-band weather radar
sites that constitute the Austrian radar network (the data from the radar displayed as the white triangle
are unavailable in this study). The entire INCA domain, with 700×400 1-km2 grid cells, is decomposed
into 2800 small-scale patches of 10× 10 grid points. The center of each small patch is marked with a
black +.

to estimate the relations between predictors and predictands.
MLR seeks to summarize the linear relationship between the
predictand and multiple predictor variables and is ultimately
expressed as a linear combination of K predictors that can
generate the least error for the prediction of ŷ given observa-
tions of each predictor xi from the training dataset, as follows:

ŷ = β0 +

K∑

i=1

βixi (1)

where βi is the coefficient determined by the regression. The
MLR models are developed independently for 1-h INCA pre-
cipitation forecasts initiating from 0000, 0100, . . . ., 2300
UTC, respectively.

Screening the regression, i.e., selecting a high-quality set
of predictors from a pool of potential predictors to avoid the
problem of over-fitting and to remove redundant predictors,
is an important step in the statistical prediction procedure
(Wilks, 2011). In this study, the predictors are selected using
backward elimination (Wilks, 2011), and the relative impor-
tance of the selected predictors is discussed in section 4.

3.2. Candidate predictor specification
Assuming that the initial time of each MLR forecast

model is valid at t = T UTC, the candidate predictors are pro-
vided from the four following sources:

(1) QPF: INCA hourly operational extrapolation precipi-
tation forecast itself, valid at time T +1 h UTC (i.e., the fore-
cast accumulated precipitation from [T , T +1 h] UTC), which
is based on the Lagrangian persistence.

(2) The radar products [(i)–(iii) below]: products de-
rived from composite measurements of five C-band (5.33 cm)
radars covering the INCA domain valid at [T + 0.16 h] UTC.

(i) MAXCAPPI: Analysis of the maximum constant-
altitude plan position indicator above sea level. A CAPPI
(constant altitude plan position indicator) and a MAXCAPPI
(maximum CAPPI) product are provided every 5 min on a
Cartesian grid with a spatial resolution of 1 km. Both prod-
ucts are reduced to 14 reflectivity classes (“no rain”, 11.8,
14.0, 19.5, 22.0, 26.7, 30.0, 34.2, 38.0, 41.8, 46.0, 50.2,
54.3, and 58.0 dBZ). The MAXCAPPI product in combi-
nation with the Marshall–Palmer relationship is Z = 200 r1.6

(Marshall and Palmer, 1948) and is used for the estimation
of precipitation, where Z is the sum of six powers of drop
diameters in unit volume, and r is the rate of rainfall.

(ii) VIL: Vertically integrated liquid water content. This
product can be used as a measure of severe weather potential,
such as an indicator of the size of prospective hail and the
potential amount of rain during a thunderstorm (Greene and
Clark, 1972). It is derived from the CAPPI product by inte-
grating the liquid water content calculated from reflectivity
within a vertical column.

(iii) ECHOTOP: The radar echo top defined as the maxi-
mum height where a reflectivity of at least 4 dBZ is recorded.
It is an estimate of the top of an area of precipitation that
gives an impression of the intensity of updrafts. The vertical
resolution of ECHOTOP in this study is limited to 1 km by
the resolution of the CAPPI data.

(3) The INCA convective parameter analysis valid at time
T UTC, including (i) the CAPE, (ii) the CIN, and (iii) the
moisture convergence (MCONV). The areas with positive
MCONV values (convergence of moisture flux) indicate the
potential for convective forcing, whereas negative values in-
dicate divergence on the ground and thus subsidence in the
air mass above.

(4) QPE: The INCA hourly operational precipitation anal-
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ysis valid at time T UTC; i.e., the analyzed accumulated
precipitation from [T − 1, T ] UTC acquired from the com-
bination of radar, rain gauge information, and the inclusion
of a parameterization of elevation effects in mountain areas.
This analysis comprises the precipitation truth 1 h ahead of
the current forecast time. This predictor represents the pos-
sible correlation of persistent precipitation between the two
consecutive time periods of [T − 1, T ] UTC and [T , T + 1]
UTC.

The list of predictor variables is given in Table 1, and the
generalized form of Eq. (1) can be rewritten as Eq. (2), with
all potential predictors and β representing the model coeffi-
cients (Table 1):

QPF(T + 1) = β0 +β1QPF(T + 1) +β2QPE(T ) +

β3MCAPPI(T + 0.16) +β4VIL(T + 0.16) +

β5ECHOTOP(T + 0.16) +β6CAPE(T ) +

β7CIN(T ) +β8MCONV(T ) (2)

3.3. Sample collection strategy
In this paper, the historical radar composite products,

INCA analysis and forecasts, which are available every 5 and
15 min, are from three summer seasons (June to September)
over the period 2012–14. For every MLR model constructed
for each initiating forecast hour, the total 12-month dataset is
divided into the following two parts: the training dataset and
verification dataset. The training part contains 10 randomly
selected months of data from which the regression equations
are derived. The remaining two months, August 2013 and
July 2014, make up the verification part, which will be used
to validate the forecast performance of the MLR.

In this study, on a grid point basis, the number of qualified
precipitation events is still limited in order to be statistically
significant. Therefore, an alternative method to construct a
sample dataset and derive a regression model for a cluster of
N ×N grid points has been applied. Here, we set N as 10, as
this value is large enough to ensure that the samples collected
grid-by-grid may reach a significant value, but small enough
to be representative of the local orographic and precipitation
features. Therefore, the entire INCA domain with 700×400

1-km2 grid cells is decomposed into 2800 small-scale patches
of 10× 10 grid points (Fig. 1). For every patch domain, a
common sample dataset is constructed by collecting quali-
fied samples (QPF > 0) from each of the 100 grid points; and
thereafter, a common MLR equation is then derived using the
dataset, and will be assigned to all points within the domain.
Overall, the sample size of the training dataset for each patch
domain is approximately 5000–10 000.

The 2800 small patches are traversed to calculate regres-
sion coefficients and perform a backward elimination of pre-
dictors and statistical output correction. For the predictors
that fail to pass the backward elimination, their correspond-
ing coefficients will be set to 0.

3.4. Correction of statistical output
There are two different types of bias that need to be con-

sidered. The first is the systematic bias usually shown from
the regression models derived from the various fitting ap-
proaches (Roberts et al., 2015). The important source of bias
in MLR nowcasts is from the nonlinear nature of precipita-
tion. Therefore, both incomplete thermodynamic processes
and the linear approximation of the regression may contribute
to systematic errors in forecasts of the MLR models. Second,
because the phenomena that an MLR can linearly describe
are the characteristics of samples that concentrate near the
climatological mean of the training dataset, the behavior of
the MLR mostly depends on the probability of the predictand
in the training dataset. The precipitation record samples with
less probability, such as the observed large-amount precipi-
tation events, would be treated as outliers, although they are
correct. Regression often has difficulty replicating the occur-
rence of extremes as frequently as they are observed (Roberts
et al., 2015); therefore, it is also important to ensure that the
predicted precipitation has the correct relative frequency of
amounts.

In this study, the direct output from the application of
the MLR models to the training dataset reveals that statisti-
cal models usually tend to overpredict small amounts of pre-
cipitation but underpredict large amounts. As illustrated in
Fig. 2a, the direct outputs of the MLR models tend to sys-

Table 1. List of potential predictors.

Description Predictor ID

INCA Precipitation Nowcasting (Extrapolation)
INCA hourly operational precipitation forecast for T + 1 h UTC QPF
INCA Precipitation Analysis
INCA operational precipitation analysis valid at T UTC QPE
Radar Composite Measurements valid at [T + 0.16 h] UTC
Analysis of the maximum constant-altitude plan position indicator above sea level MAXCAPPI
Vertically integrated liquid water content VIL
Radar echo top, defined as the maximum height at which a reflectivity of at least 4 dBZ is detected ECHOTOP
INCA Convection Analysis valid at T UTC
Convective available potential energy CAPE
Convective inhibition CIN
Moisture convergence MCONV
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Fig. 2. Scatterplots of observed and fitted values of precipitation from the training dataset, including (a) without correction, (b) with
bias correction, and (c) with bias and distribution correction. Also shown are the probability density histograms of (d) observed pre-
cipitation, (e) fitted values without correction, (f) fitted values with bias and distribution correction, (g) fitted values without correction
minus observed precipitation, (h) fitted values with bias correction minus observed precipitation, and (i) fitted values with bias and
distribution correction minus observed precipitation. The red line serves as the 1:1 reference line. The black line is the line of best fit.

tematically underpredict the moderate to strong precipitation
events with intensities greater than 4 mm h−1. Also, a large
portion of 2–4 mm h−1 precipitation is also underpredicted to
0–2 mm h−1 while overpredicting weak precipitation events
below 1 mm h−1. Consequently, MLR overpredicts the fre-
quencies of the observed precipitation amount intervals be-
tween 1 and 2 mm h−1 but underpredicts those below 1 mm
h−1, which leads to a distorted probability distribution of the
MLR fitted values (Fig. 2e) compared with observations (Fig.
2d) and significantly non-Gaussian forecast errors (Fig. 2g).
To resolve the above two deficiencies, both bias and distribu-

tion corrections need to be performed.
To measure the goodness-of-fit of a regression, the coef-

ficient of determination, R2, can be computed from

R2 =

∑
(ŷ− ȳ)2

∑
(y− ȳ)2 = 1−

∑
r2

∑
(y− ȳ)2 , (3)

where y, ŷ and ȳ are the predictand, regression prediction and
the mean of the predictand, respectively; and r2 is the resid-
ual. R2 is the proportion of the variation of the predictand
that is described or accounted for by the regression. If no ef-
fective regression can be reached, R2 is equal to 0, while for
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a perfect regression R2 is equal to 1. In this way, R2 can be
used as an index to evaluate the quality of a linear regression
and quantify the nature and strength of the linear relationship
between the predictand and predictors (Wilks, 2011).

Pore et al. (1974) and Roberts et al. (2015) described a
bias correction approach by multiplying the MLR predictions
by the reciprocal of the multiple correlation coefficients, or
1/
√

R2, which is also equivalent to the square root of the co-
efficient of determination defined as Eq. (3). An identical
approach is used in this study. As shown in Fig. 2b, the bias-
corrected output of the MLR is generally pushed towards the
direction with larger fitted values. In this way, the under-
prediction for moderate observations is partly corrected, but
with the sacrifice of a higher overprediction for minor pre-
cipitation, which leads to the non-Gaussian distribution with
a higher frequency of positive forecast errors (Fig. 2h).

Distribution correction is performed after bias correction
by compulsorily constructing the distribution of the output
of the MLRs to be close to that of the corresponding pre-
dictand (Sokol and Pesice, 2012). First, for the observed
predictand Ok,k = 1, . . . ,M and its direct MLR forecasted
counterpart yk,out,k = 1, . . . ,M from the training dataset, their
percentile values of 0.01,1,2, . . . ,99, and 99.9, denoted as
Oi, i = 1, . . . ,101 and Yi, i = 1, . . . ,101, can be obtained and
archived as look-up tables for each MLR equation. The mod-
ified value yk,mod,k = 1, . . . ,M can be calculated using linear
interpolation as follows:

yk,mod = Oi +
yk,out−Yi

Yi+1−Yi
(Oi+1−Oi) , (4)

where Yi 6 yk,out 6 Yi+1, O0 = 0 and O102 = 100 mm are set
to ensure that for any yk,out, the corresponding Oi and Oi+1
exist.

After applying the two-step corrections, the probability
frequency distribution of forecast values (Fig. 2f) looks sim-
ilar to those of the observations, and the distributions of the
forecast errors are closer to Gaussian (Fig. 2i). It should be
noted that some slight negative forecasted values generated
by the statistical models (Fig. 2a), which partly contribute
to the distortion of probability frequency (Fig. 2e), are also
corrected after the distribution correction taken. This result
demonstrates that the correction procedures will significantly
improve the quality and distribution of the model outputs.

3.5. Summary of development and implementation steps
for the MLR models

The MLR models are developed for the predictand (T +1
h precipitation), initiating every hour at 0000, 0100, . . . ,
2300 UTC. With the entire domain decomposed into square
patches with N × N grid points (N = 10 in this study), the
MLR models are constructed using the training dataset for
each patch domain as follows:

(1) MLR regression equations are derived and optimized
using a backward elimination technique.

(2) For each patch domain, the MLR regression coeffi-
cients are updated by multiplying by the reciprocal of the
multiple correlation coefficients for bias correction, and the

look-up tables containing the percentile values of the predic-
tand Oi and fitted values Yi of the MLR model are then ob-
tained for distribution correction.

(3) The identical configuration of the regression coef-
ficients and its corresponding percentile look-up table are
shared with all grid points inside the current patch domain.

(4) Regression coefficients βi, i = 0,1, . . . ,K in Eq. (1) of
every grid point of the entire domain are then assigned, with
all patch domains traversed.

In an operational environment, the implementation of the
MLR model must fit the operation of the INCA system and
the radar data update frequency. Assuming the current time
is [T + 0.16 h] UTC, the predictors that can be obtained are
as follows: (i) the latest radar products valid at [T + 0.16 h]
UTC; (ii) a 1-h precipitation analysis valid at T UTC (with
precipitation from [T −1 h, T ] UTC); (iii) a 1-h extrapolated
precipitation forecast valid at T + 1 h UTC; and (iv) convec-
tive analysis fields from T UTC. With the above data, the pre-
pared MLR models will be implemented using the following
steps:

(1) Calculation of predictor values and forecasts with the
MLR models.

(2) Bias and distribution correction of the updated fore-
casts of the MLR with the look-up tables from Eq. (4).

The above implementation procedure can be completed
within 1 min. Therefore, the updated T + 1 h precipitation
forecasts made by the MLR models can be issued with only
a very short delay.

4. Results and discussion

4.1. Cross-validation analysis

The robustness of all MLR models is tested by perform-
ing a cross-validation analysis, which simulates predictions
for the future using unknown data by repeating the fitting
procedure on data subsets and then examining the predic-
tions on the data portions left out of each of these subsets
(Wilks, 2011). If the deterioration in forecast precision (e.g.,
the unavoidable increase in mean squared error) is judged to
be acceptable, the equation can be regarded as robust.

In this paper, for all MLR models at 0000, 0100, . . . , 2300
UTC, we perform a 10-fold cross-validation (Markatou et al.,
2005), in which a random holdout of 10% of the training
dataset is used for validation and the non-overlapping remain-
ing 90% of the data are used to train the models with the fixed
predictors of the MLR model. This procedure is performed
repeatedly, 10 times in total, until all available data have been
used as the training and validation subset once. We use the
R2 shrinkage (dR2 = R2|MLR − R2|CV) and RMSE inflation
[dRMSE = (RMSE|MLR − RMSE|CV)/(RMSE|MLR) × 100%],
where the subscripts of MLR and CV represent MLR and
the cross-validation, respectively, to quantitatively measure
the performance difference between the MLR model and its
cross-validation results. The MLR model is more stable as
dR2 and dRMSE get closer to zero.

Figure 3 illustrates the box-and-whisker plots of dR2 and
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Fig. 3. Box plots of R2 shrinkage and RMSE inflation for MLR models at 0000,0100, . . . ,2300 UTC.

dRMSE for the MLR models of every hour at 0000, 0100, . . . ,
2300 UTC. The most significant differences of R2 and RMSE
between MLR and its cross-validation occur in the afternoon,
corresponding to the active convection period, whereas the
changes are minor, as even the largest amplitude of R2 shrink-
age is less than 0.01, and the RMSE inflation does not exceed
0.8%. From the cross-validation results, the overall robust-
ness of the MLR models can be considered satisfactory and
worth testing in future operational implementation.

4.2. Significance of predictors
The optimized combination of predictors for every MLR

model on every patch domain and lead time is obtained from
the screening algorithm of backward elimination. For most
MLR models, not all potential predictors pass the screening
procedure, and the most commonly selected predictors are
those directly related to the precipitation amount, i.e., the ex-
trapolated precipitation forecast (QPF), MAXCAPPI, and the
precipitation analysis at the initial time (QPE).

To identify the relative importance of each predictor, all
MLR models are reconstructed with the standardized sam-
ples simply by subtracting the sample mean of the training
dataset and dividing by the corresponding sample standard
deviation. In this way, the derived normalized linear regres-
sion coefficients directly indicate the relative importance of
each predictor (Wilks, 2011).

Figure 4 shows the distributions of the normalized lin-
ear regression coefficients of the most commonly selected
predictors for 0100 and 1300 UTC, corresponding to local
nighttime and afternoon, respectively. The diurnal cycle and
geographic characteristics related to convective precipitation
can be identified over the Eastern Alps as well. Obviously,
QPF is the most important and even the predominant predic-
tor, especially in the area beyond radar coverage and at night.
MAXCAPPI is the predictor with the second highest impor-
tance, especially during the afternoon, and is almost as signif-
icant as QPF itself within the radar coverage area; however, at
0100 UTC, it is much less important than at 1300 UTC in the
mountainous area of western Austria. For QPE, the 1-h accu-
mulated precipitation valid at the initial time, its positive co-
efficients are significant on the northern slopes of the Eastern
Alps, revealing that precipitation occurring in this region is
more persistent and non-convective, which is consistent with
the conclusion that the orographic effects of the Alps may
enhance the precipitation advected from westerly and north-
westerly directions (Seibert et al., 2007; Yaqub et al., 2011).
The distributions of convective-parameter predictors, such as
CAPE and CIN, also correspond well with the isolated dis-
tribution of the negative values of the QPE coefficients, es-
pecially over northern Italy and the eastern part of the do-
main, implying the orographic and thermally induced con-
vection driven by the southerly flows brings humidity from
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Fig. 4. Distributions of the normalized linear regression coefficients for CAPE, CIN, MAXMCAPPI, QPE, and QPF at
0100 UTC (left) and 1300 UTC (right).

the Mediterranean (Yaqub et al., 2011).

4.3. Application and evaluation using the verification
dataset

The MLR models used to predict precipitation initialized
at 0000, 0100, 0200, . . . , 2300 UTC with a 1-h lead time are

first applied to the verification dataset that comprises the two
months of sample data from August 2013 and July 2014. The
experiments INCAOP and INCAMLR represent the original
operational QPF nowcasting from INCA and the MLR pre-
dicted counterpart, i.e., the QPF and predicted QPF in Eq.
(2).
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Since the verification dataset comprises samples collected
from discrete grid points, the forecasts from INCAOP and
INCAMLR are evaluated using standard measures, includ-
ing root-mean-square error (RMSE), mean absolute error
(MAE), bias error (BIAS), correlation coefficient (CC), crit-
ical success index (CSI), and bias score (BS), in terms of
the contingency table. The scores from INCAOP and IN-
CAMLR display diurnal variations, with maximum and mini-
mum values at 1500 and 0500 UTC, respectively. INCAMLR
has lower quantitative errors, as described by the RMSE and
MAE, which is more obvious for forecasts initiated during
the local afternoon to early evening between 1200 and 1700
UTC. There is a slight but definite improvement during the
late evening to morning between 0300 and 0800 UTC. IN-
CAMLR also has BIAS values much closer to 1, i.e., the

amount of overprediction of the extrapolated precipitation
forecasts is significantly reduced in the MLR forecasts over
the entire 24-h period.

The CSI and BS scores are calculated for thresholds of
1, 5, and 10 mm h−1. For 1 mm h−1, the CSI scores of IN-
CAMLR generally degrade slightly, and this result can be at-
tributed in part to the slight area overprediction yielded by
INCAMLR with the slightly larger BS values. However, the
BS scores of INCAMLR for 5 and 10 mm h−1 reduce signif-
icantly to approximately 1 when combined with comparable
and larger CSI scores throughout the majority of the 24-h pe-
riod, which indicates that the MLR approach leads to better
performance with a more reasonable distribution and more
reasonable amounts for higher thresholds (Fig. 5).

The prevailing precipitation type probably accounts for

Fig. 5. Evaluation of the hourly precipitation forecasts by INCAMLR and INCAOP using the verification dataset: (a) RMSE;
(b) absolute error; (c) bias; (d) correlation coefficient; (e) CSI; and (f) BS scores.
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Fig. 6. Evaluation of hourly precipitation forecasts by INCAMLR and INCAOP for the period of 1–31 July 2014: (a) CSI and
(b) BS scores for T + 1 h.

the diurnal cycle of the evaluation scores. Precipitation oc-
curring at night and in the early morning is less convective
and more persistent than daytime rainfall, which is the favor-
able type for extrapolation to predict, and extrapolation itself
is the dominant predictor. Moreover, for the active convec-
tion period, such as the afternoon and early evening, QPF
is a less important predictor, but other radar and convection
predictors introduce more statistically acquired information
about the evolution of convection, which leads to both better
amounts and a more realistic spatial distribution of the pre-
cipitation forecast.

4.4. Application and evaluation of data from July 2014
The second application of the MLR models is a 1-month

experiment with all predictors prepared within the entire do-
main, rather than from qualified samples on grid points that
meet certain screening criteria, as for the verification dataset.
July 2014 represents a typical month characterized by active
convection and is selected for further implementation and de-
tailed evaluation. The implementation of the MLR statistical
models is performed hourly with all gridded predictors. In
addition to the classical point-verification measures outlined
above, the object-oriented spatial verification and structure–
amplitude–location (SAL) (Wernli et al., 2008) methods are
applied for further evaluation and comparison of INCAOP
and INCAMLR. In a pre-specified region of interest where
the SAL scores are evaluated, objects are identified as coher-
ent areas of grid points in the observed and predicted pre-
cipitation fields with precipitation amounts greater or equal
to a given threshold. The structure score S describes the
quality of the forecasted size and shape of the precipitation
and varies from −2 to 2, indicating the predicted precipita-
tion from too small/peaked to large/flat. The amplitude score
A corresponds to the normalized difference of the domain-
averaged precipitation values of the model and the observa-
tions. Its quantity varies between −2 and 2, with values of −2
and 2 indicating underpredicted and overpredicted total pre-
cipitation amounts, respectively. The location score L quan-
tifies whether the predicted precipitation objects are situated

at the correct location, and it ranges from 0 to 2, measuring
whether the precipitation objects are predicted at the correct
position or not. For all three scores (i.e., S, A and L), a perfect
forecast would yield values of zero. The operational precipi-
tation analysis from INCA is provided as the gridded “truth”
against which all evaluations are performed.

The verification scores of the INCAMLR and INCAOP
forecasts and their comparison by CSI and BS are shown
in Fig. 6 for the T + 1 h forecasts from every hour. Gener-
ally, the comparison of the diurnal variations of INCAMLR
and INCAOP performances for the three thresholds show
less variability than the results from the verification dataset.
From the SAL scores, it is found that the location score
shows a similar diurnal variation for both experiments and
for most of the analysis period (Fig. 7), and the amplitude
score of INCAMLR is closer to 0, indicating that the regres-
sion model reduces the overestimation of INCAOP, which is
consistent with the verification results from the CSI/BS com-
bination scores. However, the larger negative structure score

Fig. 7. SAL evaluation of 0–1-h hourly precipitation forecasts
by INCAMLR and INCAOP for the period 1–31 July 2014.
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reveals that INCAMLR degrades the distribution forecast
performance. A similar impression can be acquired by sub-
jective comparison, as INCAMLR may yield more scattered
or discontinuous small-scale precipitation due to the correc-
tion procedure after the regression forecast.

4.5. Case studies

Two types of convection cases, locally initiated and a
squall line, are selected to further demonstrate the effects of
the application of the regression model. Generally, there are
no substantial differences between the two experiments, but
evident improvements can still be identified in the structure
and strength of the precipitation forecasts; and in particu-
lar, the more detailed small-scale structures of scattering cells
are supplemented by the incorporation of the latest radar and
convection information. For the local convection case, IN-
CAMLR is able to capture more scattering convective cells at

the initiation stage than INCAOP, e.g., 1100 and 1400 UTC
7 July 2014 (Fig. 8). For the squall line case that occurred
between 1600 and 2100 UTC 16 July 2014 (Fig. 9), the line-
organized structure is reproduced almost as well as in IN-
CAOP, but the strength of the convection in some areas is
modified to become closer to the truth. This result demon-
strates that INCAMLR tends to smooth out the large precip-
itation centers predicted by INCAOP, and these results ex-
plain why INCAMLR yields BIAS values much closer to 1
and lower RMSE scores, since it is more sensitive to large
outliers.

5. Conclusions
This paper describes an MLR approach used to update the

hourly nowcasting extrapolated precipitation forecast from
the INCA system over the Eastern Alps. The method ap-

Fig. 8. Time series of T + 1 precipitation forecasts by INCAOP (left) and INCAMLR (middle). The right-hand column shows
the corresponding precipitation analysis, valid from 1100 to 1400 UTC 7 July 2014 (Unit: mm h−1).
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Fig. 9. Time series of 0–1-h precipitation forecasts by INCAOP (left) and INCAMLR (middle). The right-hand column is the
corresponding precipitation analysis, valid from 1600 to 2100 UTC 11 July 2014 (Unit: mm h−1).
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proximates the updated precipitation forecast as a linear re-
sponse to combinations of predictors selected through a back-
ward elimination algorithm from a pool of potential predic-
tors comprising the raw output of the extrapolated precip-
itation forecast, the posterior radar observations, the latest
convective diagnostic analyses, and the precipitation analy-
sis. For every MLR model, bias and distribution correction
steps are taken to further correct the systematic regression er-
rors. The bias correction is achieved by multiplying the MLR
coefficients by the reciprocal of the multiple correlation coef-
ficients. To ensure that the MLR behavior follows the clima-
tological probability density distribution, look-up tables con-
taining percentile values of the predictand Oi and fitted values
Yi of the MLR models are obtained and are used for further
distribution correction of the regression output.

The significance of the different predictors is also dis-
cussed. The diurnal cycle and geographic characteristics of
the normalized linear regression coefficients reveal that the
extrapolated precipitation forecast itself is the most impor-
tant, and even the predominant predictor, especially in ar-
eas that are outside radar coverage. MAXCAPPI is almost
as significant as QPF in areas with radar coverage. For the
predictor QPE to be valid at the initial time, its coefficients
are more significant during nighttime because precipitation
at that time is more persistent and of non-convective charac-
ter than daytime precipitation, and vice versa in the case of
convection-related predictors.

The MLR approach is applied to the verification dataset
containing two months of qualified samples, and in one-
month gridded data; the results are then evaluated. The fol-
lowing conclusions are drawn:

(1) Compared with the extrapolated results, MLR yields
lower quantitative errors (as described by the RMSE and
MAE). Slight, but definite improvements can be identified
between late evening and morning. The BIAS values of IN-
CAMLR are much closer to 1, i.e., the amount of overpre-
diction in the extrapolated precipitation forecasts is reduced
slightly by using the MLR forecasts throughout the 24-h fore-
cast period.

(2) The category scores of CSI and BS combinations re-
veal that, in general, INCAMLR slightly degrades the perfor-
mance of INCAOP for small amounts of precipitation (< 1
mm h−1). However, the improvements for large-threshold
precipitation (e.g., 5 and 10 mm h−1) are more pronounced,
especially during the daytime. The SAL scores, used to
evaluate the morphological features, indicate that INCAMLR
mostly reduces the amplitude of the overestimation of IN-
CAOP and shows similar location scores. However, the larger
negative structure score reveals that INCAMLR deteriorates
the spatial distribution of the precipitation slightly.

(3) Two different types of convection cases are presented
for further discussion. Our subjective comparison indicates
that, for local convection, INCAMLR is able to capture more
scattering convective cells at the initiation stage than IN-
CAOP, and does not affect the structure forecast by INCAOP.
The strong precipitation centers in some areas are smoothed
and modified and, for most of the time, INCAMLR has the

more accurate results when compared with observations.
The MLR method can be applied as the final correction

step before the extrapolated precipitation products are re-
leased to nowcasting end-users. However, some issues for fu-
ture implementation in an operational environment still need
to be addressed. First, the MLR models can be only applied
at grid points meeting the condition of QPF > 1, to avoid
its negative impact on the performance for small amounts
of precipitation (< 1 mm h−1). As shown in Figs. 8 and 9,
some “mosaics” can be identified from the MLR precipita-
tion forecasts due to the discontinuous predictions generated
from different MLR models of neighboring domains. A blur-
ring/smoothing method needs to be developed, and hopefully
the problem will be finally resolved, with the MLR models
constructed point-by-point, in the future. Finally, it is impor-
tant to closely synchronize the operation of INCA and radar
nowcasting systems to effectively use the latest available data.

It is important to note that, although these results are
promising, uncertainties remain because of the limited sam-
ple size. Experiments using various combinations of training
and verification data will be carried out in the future if suf-
ficiently large training samples can be used to develop the
MLR models. In addition, according to the results of re-
gression quality control, linear models cannot always explain
a large proportion of the variance in the observations from
the training datasets; therefore, the possibility of incorpo-
rating additional nonlinear thermodynamic predictors with a
more sophisticated statistical technique (e.g., neural networks
or a nonlinear regression model) is worthy of consideration.
More data sources, e.g., convection-resolving NWP forecasts
or satellite data, especially for the initiation of cells before
precipitation begins, will also be considered as potential pre-
dictors for statistical models to benefit the nowcasting of the
initiation and decay of convective precipitation in the fu-
ture. Finally, a comparison of such a statistical model with a
convection-resolving NWP (e.g., the High-Resolution Rapid
Refresh (HRRR)) will be very interesting in the medium-term
future.
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