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Abstract: The accurate prediction of heavy precipitation in convective environments is crucial be-
cause such events, often occurring in Italy during the summer and fall seasons, can be a threat for 
people and properties. In this paper, we analyse the impact of satellite-derived surface-rainfall-rate 
data assimilation on the Weather Research and Forecasting (WRF) model’s precipitation prediction, 
considering 15 days in summer 2022 and 17 days in fall 2022, where moderate to intense precipita-
tion was observed over Italy. A 3DVar realised at CNR-ISAC (National Research Council of Italy, 
Institute of Atmospheric Sciences and Climate) is used to assimilate two different satellite-derived 
rain rate products, both exploiting geostationary (GEO), infrared (IR), and low-Earth-orbit (LEO) 
microwave (MW) measurements: One is based on an artificial neural network (NN), and the other 
one is the operational P-IN-SEVIRI-PMW product (H60), delivered in near-real time by the EU-
METSAT HSAF (Satellite Application Facility in Support of Operational Hydrology and Water Man-
agement). The forecast is verified in two periods: the hours from 1 to 4 (1–4 h phase) and the hours 
from 3 to 6 (3–6 h phase) after the assimilation. The results show that the rain rate assimilation 
improves the precipitation forecast in both seasons and for both forecast phases, even if the im-
provement in the 3–6 h phase is found mainly in summer. The assimilation of H60 produces a high 
number of false alarms, which has a negative impact on the forecast, especially for intense events 
(30 mm/3 h). The assimilation of the NN rain rate gives more balanced predictions, improving the 
control forecast without significantly increasing false alarms. 
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1. Introduction 
The accurate quantitative forecasting of precipitation, especially during severe 

weather episodes, is one of the most important tasks of meteorological modelling and has 
a direct impact on the management of such events. Nowadays, operational numerical 
weather prediction (NWP) models have reached a reasonable level of realism for the 
quantitative precipitation forecast (QPF) [1], even if there are still difficulties in precisely 
forecasting the precipitation at local scales, especially in convective environments, for the 
many scales and processes that are involved [2,3]. At the same time, there is an increasing 
request for high-resolution precipitation forecasting for applications ranging from civil 
protection to water availability and to decision-making in many economic areas. 
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The difficulties in QPF-associated convective processes at local scales are related to sev-
eral factors, such as (a) model inaccuracies in both physical parameterisation and numerical 
formulation, (b) inaccuracies in the initial conditions, and (c) the chaotic behaviour of the 
atmosphere. In particular, inaccuracies in the initial conditions are believed to be crucial for 
the quality of the QPF in the short range [1,4,5]. A possibility to account for the issues of the 
initial condition inaccuracies and for the chaotic behaviour of the atmosphere is through the 
cycling of the data assimilation and forecast [6,7]. For convective-scale data assimilation, 
there is a need to have frequent and high temporal and spatial resolution observations to 
account for local phenomena and for the high resolution of NWP models [8]. 

Some satellite-derived rainfall rate products satisfy the above requirements, as they are 
available at a high temporal frequency (15–30 min) and at a high horizontal resolution (a 
few kilometres) [9]. In addition, even if there are concerns about the quality of the satellite-
derived precipitation products compared to other observations (e.g., rain gauges and ra-
dars), they are available over areas (including the sea) not covered by ground-based meas-
urements. The assimilation of the rain rate has been used since the early 1990s. Krishnamurti 
et al. [10,11] assimilated the satellite-estimated rain rate in the tropics because of the lack of 
conventional observations in this area and because errors in the humidity field can introduce 
significant errors in the forecast of the latent heat release and in the atmospheric circulation. 
Of course, rainfall cannot be assimilated directly in the meteorological model, as it is not a 
prognostic variable. Krishnamurti et al. [10,11], in particular, used an inversion of the con-
vective parameterisation scheme proposed by Kuo to assimilate the surface rain rate and 
obtained good results for the precipitation forecast and for the reduction in the spin-up time. 
Manobianco et al. [12] implemented a scheme to assimilate satellite-derived precipitation in 
a regional-scale model. In this approach, the model heating profiles were modified propor-
tionally to the differences between observed and predicted rainfalls, taking into account sat-
ellite-derived latent heat nudging (LHN). This method was further refined and applied by 
Jones and Macpherson [13], Stephan et al. [14], and others. 

Falkovic et al. [15] developed a method for assimilating the rain rate in the tropics to 
improve the initial humidity field in the National Centers for Environmental Prediction’s 
(NCEP’s) medium-range forecast model. Different from latent heat nudging, humidity is 
assimilated in place of the temperature, and the correction is proportional to the difference 
between the simulated and observed rain rates. This method avoids perturbing the tem-
perature, which sometimes may result in unbalances and shocks in model simulations. A 
similar method was used by Sokol [16] and Davolio et al. [17,18] with positive results. 

In this paper, we use a different approach to assimilate the rain rate. This method is 
suitable for convective environments, and it is based on the increase in the water vapour’s 
mixing-ratio content when/where the rain rate is observed above a threshold. The satellite-
based surface rain rate is used to select convective areas and there the atmosphere is sat-
urated between the lifting condensation level (LCL) and the −25 °C isotherm. This simple 
cloud model was applied with success to short-term forecasts (0–6 h) of intense convective 
events over Italy and the surrounding Mediterranean Sea, using flashes as an indicator of 
deep convective areas [7,19,20]. In this study, the method, similar to humidity nudging, is 
based on the assimilation of the rain rate through the variation in the water vapour profile. 

The quality of the observations used in data assimilation is also very important [21]. 
This is especially true for the assimilation of the satellite-estimated rainfall, as results show 
that NWP models outperform the standard satellite estimates of precipitation in cold-season 
environments (e.g., during mid-latitude winter). However, warm-season performance stud-
ies tend to favour satellite techniques because these can capture the convective nature of the 
precipitation better than existing NWP models [22]. This indicates that the satellite-derived 
rain rate can be used to improve the NWP forecast in convective environments, which are 
the focus of this paper. To study the sensitivity of the forecast performance to the quality of 
the retrieved rain rate, the results of the assimilation of two different satellite products are 
analysed, exploiting precipitation estimates derived from both microwave (MW) sensors 
and the high spatial and temporal resolutions of the Meteosat Second-Generation (MSG) 
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Spinning-Enhanced Visible and Infrared Imager (SEVIRI) infrared (IR) measurements: The 
first is the operational EUMETSAT Satellite Application Facility in Support of Operational 
Hydrology and Water Management’s (HSAF’s) product P-IN-SEVIRI-PMW (H60), available 
in near-real time (NRT) (10–15 min after each MSG SEVIRI acquisition), while the second is 
based on the use of an artificial neural network. Therefore, this paper has two objectives: 
The first is to determine if the assimilation of the satellite-based rain rate can be used to 
improve the quality of the precipitation forecast in convective environments; the second is 
to show if assimilating a rainfall retrieved using a machine-learning approach can outper-
form an NRT-specific operational product (H60) based on a multi-sensor MW/IR technique 
[9]. 

This paper is organised as follows: Section 2 introduces the WRF model configura-
tion, the neural network algorithm description, the methods for the assimilation of the 
satellite-derived rain rate, and the procedures for the evaluation of the impact of the rain-
rate data assimilation. In Section 3, we present the results, showing the impact of the rain-
rate data assimilation on the WRF precipitation forecast. Finally, the discussion and con-
clusions are given in Section 4 and Section 5, respectively. 

2. Data and Methods 
2.1. WRF Model Configuration and Experimental Set-Up 

For the data assimilation experiments, we used the Weather Research and Forecasting 
model with advanced WRF dynamics (WRF-ARW) version 4.1.3 [23].  

The main physical parameterisations considered for the WRF run are the following: 
The Thompson scheme [24] was employed as a microphysics scheme; the Mellor–Yamada–
Janjic turbulence kinetic energy scheme [25] was used as the boundary layer scheme, and 
the Dudhia scheme [26] and rapid radiative transfer model (RRTM) [27] were applied as 
shortwave and longwave radiative schemes, respectively.  

We considered one grid (Figure 1a), covering the Italian territory and parts of the Cen-
tral Mediterranean and Central Europe, with 635 × 635 grid points in the N–S and W–E di-
rections, a 3 km horizontal resolution, and 50 vertical levels, reaching the model’s top at 50 
hPa. 

 
Figure 1. WRF model domain and rain gauge stations’ altitude (a); simulations’ scheme using the 
very short-term forecast approach (b). 
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The model was initialised using the 3-hourly operational analysis/forecast cycle at 
0.25° from the European Centre for Medium-Range Weather Forecast’s (ECMWF’s) Inte-
grated Forecast System (IFS), starting at 12 UTC on the day before the day to forecast.  

The WRF model was run in four different configurations, depending on the assimi-
lation application, the assimilated product, and the minimum threshold chosen for start-
ing the assimilation (For a discussion on the choice of the thresholds, see Section 4.). The 
four configurations are summarised in Table 1. 

Table 1. Simulation types used in the numerical experiments. 

Simulation Type 
Rain Rate  

Assimilation 
Assimilated Product 

Minimum Threshold 
for the Assimilation 

CTRL No None None 

NN_3th Yes 
Rain rate derived 

from neural network 
3 mm/h 

NN_1th Yes 
Rain rate derived 

from neural network 
1 mm/h 

H60_3th  Yes 
Rain rate derived 
from HSAF H60 

product  
3 mm/h 

For all four model configurations, we simulated 15 days for summer 2022 and 17 days 
for fall 2022. These two seasons are the most suitable for checking the capability of the rain 
rate assimilation to impact the precipitation forecast because of the predominant convec-
tive nature of their rainfall events [28]. Specifically, the year 2022 was characterised by 
several convective events in summer and fall. The days for the simulations were selected 
for events with observed moderate or intense precipitation (as registered by rain gauges), 
and the corresponding dates are reported in Table 2.  
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Table 2. Days selected for the experiment. 

Summer 2022 
June 7; 8; 9; 10; 17 
July 7; 8; 26; 27; 29 

August 9; 12; 17; 18; 19 
Fall 2022 

September 15; 17; 22; 24; 25; 26; 29; 30 
October 10; 13 

November 4; 15; 16; 19; 22; 26; 29 

The simulations were performed following a very short-term forecast (VSF) approach 
(Figure 1b). In particular, each simulation was run in a 12 h period. The first 6 h are used 
as a spin-up time and for the assimilation of the NN_3th, NN_1th, and H60_3th rain rates, 
while the second 6 h are the forecast period. In the assimilation phase, one analysis per 
hour is produced, with a total of 7 analyses, i.e., the simulation starting time and the fol-
lowing 6 h. For each day, four different runs were executed, starting at 00, 06, 12, and 18 
UTC. The model precipitation outputs are verified over the forecast period, considering 
two 3 h time intervals: the hours from 1 to 4 (1–4 h phase, i.e., times from 07 to 10 in Figure 
1b, which is the sum of the precipitation recorded between 07 and 10) and the hours from 
3 to 6 (3–6 h phase, i.e., times from 9 to 12 in Figure 1b, which is the sum of the precipitation 
recorded between 9 and 12) after the last assimilation time. 

For the 1–4 h phase, verification starts from one hour after the end of the assimilation 
phase. In this way, the model output for the first of the three hours would be available for 
each run about half an hour before the occurrence of the real hour, making the results 
applicable in an ideal operational context. Supposing that rain rate products are available 
in near-real time (less than 20 min from the acquisition time) and considering the compu-
tational time needed for the last analysis and for the following 4 h run, it is reasonable to 
have the model output for the three hours composing the 1–4 h phase ready before the 
real occurrence of the 1–4 h phase. In other words, considering times as reported in Figure 
1b, the prediction for the hour between time 07 and time 08 can be available at time 06:30, 
while the prediction for the three hours between time 07 and time 10 can be available 
before time 07. The 3–6 h phase is useful for studying the duration of the impact of the 
assimilation a few hours later. Even if there is a superimposition of one hour between the 
1–4 h and 3–6 h phases, we choose to consider the results in periods with the same time 
length, i.e., in 3 h intervals, so that the results are directly comparable. 

2.2. Rain Rate Products 
We assimilated the rain rates estimated from two different products: a neural-net-

work-based rain rate estimate (hereafter, NN) and the HSAF H60 product.  
The H60 product is based on a blended rapid-update MW/IR technique 

(https://hsaf.meteoam.it/Products/ProductsList?type=precipitation, accessed on 13 May 
2024; see also the H60 product user manual for details [29]; note that H60 was recently 
updated to H60B), where MSG SEVIRI IR images are combined with passive MW (PMW) 
precipitation estimates available from all the available PMW sensors (SSMIS, 
AMSU/MHS, AMSR-2, AMTS, and GMI). This product is provided at regular time inter-
vals of 15 min in NRT (timeliness < 15 min), and its spatial coverage is the MSG full disc 
and includes Europe and the Mediterranean Basin, Africa, and the South Atlantic Ocean. 
The spatial resolution varies from 4.8 to 8 km, and the spatial sampling is consistent with 
the SEVIRI IR measurements (3 km at the nadir). Over the area considered in this study, 
the spatial resolution is about 5 km. 

The artificial neural network’s rain rate is based on satellite measurements from the 
GPM constellation (global precipitation measurement) and MSG SEVIRI, adopting the 
methodology proposed by Sist et al. [30]. The data from the GPM constellation used in 

https://hsaf.meteoam.it/Products/ProductsList?type=precipitation
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this work are provided by GMI, DPR, MHS, and SSMIS. This approach involves the im-
plementation of two neural networks with an MLP (multilayer perceptron) architecture. 
The first (NN1) is designed to generate the rain mask, while the second (NN2) is respon-
sible for estimating the precipitation rate. NN1 has as input the MSG SEVIRI cloud mask 
product [31] to obtain information on cloudy pixels within satellite imagery with high 
confidence (cloud mask product user guide [32]), and it is trained using the precipitation 
from the GPM (in millimetres per hour). The output of NN1 is the set of all the rainy 
pixels, which represent the input of NN2. NN2 is trained using the precipitation rate ob-
tained from the GPM, and it produces the precipitation map used in the assimilation al-
gorithm described below. According to Sist et al. [30] the two neural networks have dif-
ferent inputs from daytime and nighttime, but they have the same structure. In particular, 
all the NNs are based on MLP feedforward with 30 input neurons (or nodes), two hidden 
layers (with 80 nodes in the first and second layers for daytime and nighttime in NN1 and 
100 nodes in the first and second layers for daytime and nighttime in NN2), and one out-
put node. The activation functions for the hidden layers are a ReLU (rectified linear unit) 
and for the output, a sigmoid for NN1 and linear for NN2. The model has been trained 
using the samples indicated in Table 3, which refers to the dates used in [30], i.e., 5 June, 
8 July, and 12 October 2015 and 20 February 2016. The training dataset was built using 
events from different days with respect to the day selected for the experiment, as indicated 
in Table 2; however, the WRF simulations using the ANN and those using H60 were con-
ducted on the same days and verified against the same rain gauge data, making the com-
parison of the results fair. In addition, NNs and H60 use similar inputs (MSG IR and GPM 
PMW observations); however, they compute the rain rate in different ways, giving differ-
ent estimations.  

Table 3. Samples used for NNs, depending on daytime and nighttime datasets. 

NN Time 
Total  

Samples 
Training  
Samples 

Validation 
Samples 

Test  
Samples 

NN1 day 24,471 17,129 3671 3671 
NN1 night 22,512 15,758 3377 3377 
NN2 day 8516 5960 1278 1278 
NN2 night 7774 5441 1167 1166 

The final results, obtained with 1000 epochs, have an accuracy of 68.49% for NN1 
nighttime and 87.03% for NN1 daytime. The MAE (mean absolute error) is 0.61 mm/h for 
NN2 nighttime and 0.78 mm/h for NN2 daytime. The final outputs of this NN approach 
consist of the rain rate (in millimetres per hour) for a given geographical area and a time 
interval. Its spatial and temporal resolutions depend on the MSG-SEVIRI product, e.g., 3 
km at the sub-satellite point and 5 km at mid-latitudes, every 15 min. The outputs of the 
NNs were produced on demand for the cases reported in Table 2, but this methodology 
could be run in near-real time, similar to H60, with a time delay only due to the availability 
of the EUMETSAT data.  

2.3. Rain Rate Data Assimilation Method 
Rain rate data are assimilated through 3DVar. The 3DVar tool employed in this paper 

was developed at CNR-ISAC and was first used in combination with the RAMS@ISAC 
model [33] and then adapted to be used coupled with the WRF model. This 3DVar system 
has the capability to assimilate different kinds of observations: lightning data [34,35], ra-
dar reflectivity from ground-based radar [7,34] and from satellites [36], zenith total delay 
[37], and satellite-derived rain rate data [38].  

In this paper, we use the following cloud model: We remap satellite rain rate estima-
tions to a model grid, and we check the rain rate value at each grid point. For grid points 
where the estimated rain rate is above a certain threshold, we generate a relative humidity 
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pseudo-profile, which is saturated along the atmospheric column in the layer between the 
LCL, estimated from the model output and the −25 °C isotherm (cloud top), and which 
has no data elsewhere. The minimum threshold used to activate the saturation is 3 mm/h 
for H60_3th and NN_3th or 1 mm/h for NN_1th. The choice of the threshold was made 
after conducting some experiments for each of the assimilated products, considering dif-
ferent thresholds. The best minimum threshold is a trade-off between correctly forecasting 
as many events as possible and limiting false alarms. A brief discussion about this choice 
will be reported later in this paper when discussing the results.  

Because the parameter assimilated by the model is the water vapour mixing ratio, the 
relative humidity profiles are converted to the water vapour mixing ratio before applying 
3DVar. 

The 3DVar method consists of the minimisation of the cost function, given by 

𝑱𝑱(𝒙𝒙) = 1
2

(𝒙𝒙 − 𝒙𝒙𝑏𝑏)𝑇𝑇𝑩𝑩−1(𝒙𝒙 − 𝒙𝒙𝑏𝑏) + [𝒚𝒚𝑶𝑶 − 𝐻𝐻(𝒙𝒙)]𝑇𝑇𝑹𝑹−1[𝒚𝒚𝑂𝑂 − 𝐻𝐻(𝒙𝒙)],  

where x represents the state vector; 𝒙𝒙𝑏𝑏 is the background field; B and R are the back-
ground error matrix and the observation error matrix, respectively; 𝐲𝐲o  is the water va-
pour mixing ratio’s pseudo-profiles; and H is the observation operator, by which the water 
vapour mixing ratio’s profiles corresponding to the pseudo-observations are obtained. In 
the 3DVar formulation, the background error matrix (B) is decomposed in the three spatial 
directions: Bx, By, and Bz. The Bx and By matrices spread the analysis adjustment in the 
horizontal plane, applying a Gaussian decorrelation function, for which the length-scale 
depends on the level and is often computed with the NMC method [39]. In this paper, 
however, as we are assimilating water vapour corresponding to thunderstorms, the hori-
zontal Gaussian length scale (the standard deviation of the Gaussian) is fixed at 15 km for 
all the levels in both the W–E and N–S directions. The observation error matrix is assumed 
to be diagonal. The water vapour mixing error decreases with height, starting from 3 g/kg 
at the surface; it is 1.0 g/kg at a 3 km height, 0.5 g/kg at a 5 km height, and 0.1 g/kg at a 7 
km height. The vertical background error matrix takes into account the model error. The 
diagonal elements of Bz have twice the observation error at each level to give more weight 
to the observation than to the background in the analysis. Moreover, the error decorrela-
tion length scale in the Bz matrix is 500 m, following the results of Federico et al. [34]. 

The cost function is minimised by means of the conjugate gradient method.  

2.4. Verification Procedure 
The precipitation forecast performances of the four different types of runs are calcu-

lated considering the comparison of the precipitation forecast with the rain gauge meas-
urements of the Italian rain gauge network (Figure 1a). This network accounts for more 
than 4000 rain gauges over the Italian territory. Data are managed by regional administra-
tions and are collected nationwide by the Italian Civil Protection Department [40]. The 
model forecast corresponding to a given rain gauge is computed as follows. We consider 
all the model grid points in a radius of 2√2Δ𝑥𝑥, where Δ𝑥𝑥 is the model grid spacing (3 
km), and we select, among them, the grid point value in the best agreement with the ob-
servation. 

Scores are computed based on a 2 × 2 contingency table (Table 4) for dichotomous 
events that can have only two values (“yes” or “no” in this case). For each threshold, the 
event is “the precipitation exceeds or is equal to the threshold”.  

Table 4. Contingency table for dichotomous events. 

 
Forecast 

Yes No 

Observation 
Yes a c 
No b d 
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Considering the precipitation forecast and the corresponding rain gauge observation 
and a fixed rainfall threshold, a, b, c, and d in Table 4 have the following meanings: 
- hits (a): the precipitation forecast and rain gauge observation are both above or equal 

to the given threshold; 
- false alarms (b): the precipitation forecast is above or equal to the given threshold, 

while the rain gauge observation is below the given threshold; 
- misses (c): the precipitation forecast is below the given threshold, while the rain 

gauge observation is above or equal to the given threshold; 
- correct negatives (d): the precipitation forecast and observation are both below the 

given threshold.  
The following precipitation scores are then calculated: 

- Frequency bias (FBIAS), which is a measure of the frequency of predicted events 
above a certain rainfall threshold with respect to the observed frequency.  

𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 =
𝑎𝑎 + 𝑏𝑏
𝑎𝑎 + 𝑐𝑐

  

FBIAS varies between 0 and ∞, with the best value at 1; 
- Probability of detection (POD), which accounts for the number of correctly predicted 

events upon the number of observed events. The POD gives the capability to the model 
for forecasting the exceedance of a certain rainfall threshold in the domain. Values close 
to one indicate that the experiment has a near-perfect performance, while in contrast, 
values near zero show that the model cannot correctly forecast the events. 

𝑃𝑃𝑃𝑃𝑃𝑃 =
𝑎𝑎

𝑎𝑎 + 𝑐𝑐
  

- Threat score (TS), which is the ratio between the number of events correctly predicted 
and the sum of the observed and predicted events. 

𝑇𝑇𝑇𝑇 =
𝑎𝑎

𝑎𝑎 + 𝑏𝑏 + 𝑐𝑐
  

- False-alarm rate (FAR), which provides a measure of the fraction of rain forecast 
events that did not occur; therefore, a value of one signifies that only false alarms and 
no correct events were forecast; a value of zero denotes that only correct events and 
no false alarms were forecast. 

𝐹𝐹𝐹𝐹𝐹𝐹 =
𝑏𝑏

𝑎𝑎 + 𝑏𝑏
  

POD, TS, and FAR can assume values in the [0, 1] interval. POD and TS have 1 as the 
best value, while for the FAR, the best value is 0. 

The above-mentioned scores are related each other and can be summarised through 
the widely used performance diagram [41]. The x-axis of this diagram is defined as the 
success ratio (SR = 1 − FAR); the y-axis is the POD; the straight lines from the origin rep-
resent FBIAS, and the hyperbolic branches are the TS. The upper-right corner corresponds 
to the perfect score. 

3. Results 
3.1. A Case Study 

In this section, we show the impact of the rain rate data assimilation on the precipi-
tation forecast for a case study. We focus on the 1–4 h phase after the assimilation, as it is 
the phase when the data assimilation impact is higher. The considered event occurred on 
18 August 2022 in the time range between 07 and 10 UTC. Therefore, the simulation started 
at 00 UTC on the same day and assimilated rain rate data until 06 UTC. In Figures 2 and 
3, we show the rain rate estimates and the relative humidity innovations, i.e., the differ-
ences between the analyses and the background field, at the time of the last analysis as-
similated in the WRF model (06 UTC). In Figure 2, we report the NN-derived rain rate 
estimate (Figure 2a) and the relative humidity innovation fields at a 2094 m height a.s.l. at 
06 UTC for the NN_3th (Figure 2b) and for the NN_1th (Figure 2c) simulation types. 
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Precipitation cells are mainly around Corsica Island, Northern Sardinia, and the sur-
rounding sea, with rainfall swaths also over Liguria and Piedmont regions and on the 
Italian border with Austria and Switzerland. As a consequence of these signals, significant 
variations in relative humidity are found for NN_3th and NN_1th after the analysis. The 
higher-precipitation area, around Corsica Island, produced an increase in the relative hu-
midity of more than 50% in both cases and over a more extended area for NN_1th. The 
H60 estimate (Figure 3a) also detects rainfall around Corsica and Northern Sardinia and 
over Liguria. Precipitation swaths over Northwestern Italy and over Northeastern Italy 
and Western Austria are shifted to the east compared to the NN product. The H60 rain 
rate values are higher compared to the NN estimate. The maxima reach more than 18 
mm/h for H60 and less than 8 mm/h for the NN estimate. The H60_3th analysis produces 
relative humidity variations of 50–60% over the sea surrounding Corsica Island, covering 
a wider area compared to Figure 2b,c.  

 
Figure 2. Rain rates estimated by the neural network (in millimetres per hour) (a), and the relative 
humidity innovation fields at 2094 m a.s.l. at 06 UTC on 18 August 2022 for the NN_3th (b) and the 
NN_1th (c) model configurations (in percentages). 

 
Figure 3. Rain rates estimated by H60 (a) and relative humidity field innovation (b) at 06 UTC on 18 
August 2022 at 2094 m a.s.l. for the H60_3th configuration. 

The impact of the rain rate assimilation on the precipitation forecast between 07 and 
10 UTC on 18 August 2022 is shown in Figure 4. 

Precipitation is located mainly over Liguria and Tuscany regions, as recorded by rain 
gauges (Figure 4a). The precipitation is, overall, moderate, with some intense peaks of 
more than 50 mm/3 h over Liguria. The control simulation (Figure 4c) predicts up to 40 
mm/3 h over Liguria, but the simulated precipitation is about 80 km further west than the 
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observed one, and the covered area is smaller than that in the observations. The H60_3th 
configuration (Figure 4d) predicts an intense event over Liguria, but precipitation maxima 
are not correctly located (The precipitation is shifted to the west compared to observa-
tions.), and the precipitation over the region is, overall, overestimated. False alarms over 
Piedmont are also produced, while precipitation over Tuscany is underestimated. In ad-
dition, intense precipitation is predicted over the sea, in front of Liguria. To test the model 
prediction also over the sea for this case study, we compare model outputs with the mod-
ified conditional merging (MCM) dataset. 

 
Figure 4. Precipitation between 07 and 10 UTC on 18 August 2022, as reported by rain gauges (a) 
and MCM (b) and simulated by CTRL (c), H60_3th (d), NN_3th (e), and NN_1th (f) WRF model 
configurations. 

MCM integrates precipitation measures coming from rain gauge measurements and 
radar estimates. The combination of these two sources of data is performed through a 
methodology called conditional merging [42]. Rain gauge data are available at different 
points in the domain, while radar data give information about the spatial structure of the 
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precipitation field. These two kinds of data are merged, producing a gridded precipitation 
field. MCM data are available every half an hour, providing the precipitation accumulated 
over the last hour. 

For this case study, MCM data (Figure 4b) report an intense precipitation event over 
the sea in front of the Liguria region and moderate precipitation between Sardinia and 
Tuscany. Therefore, the H60_3th prediction over the sea is partially reported by observa-
tions, but H60_3th produced a wider area of intense precipitation, resulting in a high rate 
of false alarms.  

The simulation that assimilates the NN rain rate starting from a threshold of 3 mm/h 
(NN_3th) reproduces the event over the Liguria region, but the maxima are underesti-
mated. Also, in this case, precipitation is apparent over the sea but at a lower extension 
and intensity compared to the H60_3th simulation. In this case, when compared with 
MCM, these prediction results underestimate the precipitation over the sea.  

The simulation assimilating the NN-derived rain rate starting from a threshold of 1 
mm/h (NN_1th) reproduces the precipitation over Liguria, better catching the location of 
the observed maxima. Even if two precipitation branches can be identified, different from 
observations, this is the only configuration that reproduces a part of the observed precip-
itation over Tuscany, predicting rainfall of up to 10–15 mm/3 h also for the southern part 
of the event. Nevertheless, the central part of the event in Tuscany remains underesti-
mated also in this case. Furthermore, also for the NN_1th simulation, a high-precipitation 
event is predicted over the sea, in front of Liguria, which is more balanced than the other 
simulations with assimilation, because the area covered by intense precipitation is larger 
than that in the NN_3th simulation, in better agreement with MCM. Although some dif-
ferences in the precipitation patterns can be identified also in this case, the precipitation 
maxima are better depicted, and at the same time, this simulation type does not reproduce 
a wide false-alarm area, as in H60_3th. 

3.2. Scores for Summer and Fall 
This section shows the statistical analyses of the precipitation predictions given by 

the four model configurations for summer and fall case studies. Two different periods are 
analysed, i.e., phases 1–4 h and 3–6 h, as described above. The results are shown through 
performance diagrams for three different precipitation thresholds, namely, 1 mm/3 h, 10 
mm/3 h, and 30 mm/3 h.  

3.2.1. Scores for the 1–4 h Phase 
The results for the 1–4 h phase are reported in Figure 5. As regards the summer cases 

(Figure 5a), for the 1 mm/3 h threshold, all the simulations with rain rate assimilation have 
performances better than that of CTRL. The POD is about 70% for H60_3th and about 60% 
for NN_3th and NN_1th and about 50% for CTRL. Also, for the 10 mm/3 h thresholds, all 
the configurations with assimilation perform better than CTRL. The two configurations 
with the NN-derived rain rate show a lower POD (30%) than the configuration assimilat-
ing the H60 product (45%), but H60_3th also has a higher FAR compared to NN_3th and 
NN_1th. This difference in the FAR is more evident for the 30 mm/3 h threshold, where 
the H60_3th FAR is more than 70%, while NN_3th and NN_1th show a FAR of about 15% 
and 10%, respectively, showing the tendency of H60 to overestimate the rain rate. For this 
threshold, it is also noted that POD values are rather low compared to the other thresholds 
and are associated with low values of FBIAS, showing this model’s tendency to underes-
timate precipitation. However, an improvement with respect to the CTRL simulation is 
still gained when assimilation of the NN-derived product is performed.  

Figure 5b shows the results for the case studies in fall. For all the thresholds, fall per-
formances are better than summer ones (closer to the upper-right part of the diagram). 
For the 1 mm/3 h threshold, all the configurations perform in a similar manner. For the 10 
mm/3 h threshold, a slight improvement is noted for simulations with assimilation com-
pared to CTRL. As for the summer case studies, also for fall, for the highest threshold (30 
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mm/3 h), the H60_3th configuration shows a higher number of false alarms than the 
NN_3th and NN_1th simulation types, with similar values of POD for all the configura-
tions. As a consequence of the increased FAR, H60_3th performs worse than CTRL for this 
threshold. Conversely, NN_3th and NN_1th improve the CTRL forecast. 

In summary, in the hours from 1 to 4 after the assimilation, an improvement is ob-
tained when assimilating rain rate data. This improvement is higher in summer than in 
fall. The model configuration assimilating the H60 product produces a higher number of 
false alarms than the assimilation of the neural-network-derived rain rate product. This 
increase in false alarms is coupled with a higher POD for the first two thresholds in sum-
mer but not in fall. When considering the highest threshold (30 mm/3 h) for both seasons, 
at an increase in false alarms, the H60_3th configuration does not correspond to an in-
crease in POD, making H60_3th performances worse than that of CTRL for this threshold. 
Therefore, the overall performances are better for the two configurations assimilating the 
NN-derived rain rate data.  

 
Figure 5. Performance diagrams for the CTRL, NN_3th, NN_1th, and H60_3th configurations and 
for the 1 mm/3 h, 10 mm/3 h, and 30 mm/3 h thresholds for the case studies in summer (a) and in 
fall (b) for the 1–4 h verification phase. Red hyperboles branches represent the threat score while 
cyan lines represent the frequency bias. 

3.2.2. Scores for the 3–6 h Phase 
It is interesting to study also the rain rate data assimilation effects on the precipitation 

forecast up to the sixth hour. For this purpose, we analyse, here, the second three hours 
after the assimilation. For summer (Figure 6a), the first two thresholds show better per-
formances when assimilation is performed (for all the simulations), denoting the positive 
impact of the assimilation also for this time interval. For the higher threshold (30 mm/h), 
the performance behaviour is similar to that of the 1–4 h phase. In fact, also in this case, 
H60_3th has a high false-alarm rate (about 70%) compared to the values of 20–25% for 
NN_3th and NN_1th, with similar POD values, which, in any case, are lower compared 
to the other thresholds, denoting a decrease in the performances for more intense events.  

For what concerns the fall statistics, all the simulations perform better than the sum-
mer simulations also in this forecast time interval. The performances of the four simula-
tions are similar for the first two thresholds. An improvement with respect to CTRL is 
apparent for the highest threshold (30 mm/3 h) for the two NN_3th and NN_1th model 
configurations, while H60_3th performances are worse than those of CTRL.  

All in all, we can summarise these results as follows: The positive impact of the rain 
rate data assimilation is still present for the 3–6 h phase for all the thresholds in summer 
and for the highest threshold in fall for the NN configuration. As for the 1–4 h phase, the 



Remote Sens. 2024, 16, 1769 13 of 18 
 

 

highest threshold shows a higher number of false alarms for the H60_3th configuration, 
in particular, in summer, making simulations with neural-network-derived rain rates 
preferable.  

 
Figure 6. Performance diagrams for the CTRL, NN_3th, NN_1th, and H60_3th configurations and 
for the 1 mm/3 h, 10 mm/3 h, and 30 mm/3 h thresholds for the case studies in summer (a) and in 
fall (b) for the 3–6 h verification phase. Red hyperboles branches represent the threat score while 
cyan lines represent the frequency bias. 

4. Discussion 
This paper has two objectives: to show that the satellite-derived rain rate data assim-

ilation can improve the forecast of the rainfall in convective environments and to investi-
gate if assimilating the rain rate estimate provided by the NN can improve the WRF pre-
cipitation forecast compared to the assimilation of the widely available in near-real-time 
H60 rain rate. The reason for choosing the H60 and NN rain rate products for the data 
assimilation is the following. H60 is an official rain rate product released by HSAF, satis-
fying the requirement of a suitable spatial–temporal resolution for data assimilation in 
rapid-update cycles. Moreover, H60 has a separate treatment for convective precipitation, 
taking into account the morphological information of clouds [29], making it a good can-
didate for data assimilation in convective environments. The NN used in this work is that 
of Sist et al. [30], which was shown to have good performances for the rain rate estimate 
starting from MSG-SEVIRI and other satellite observations. In addition, the NN can work 
in near-real time and satisfy the requirement of the high spatial–temporal resolution re-
quested in a rapid-update cycle. 

We considered a minimum threshold of 3 mm/h for the assimilation and two different 
precipitation products. For the NN product, the results of the assimilation for a minimum 
threshold of 1 mm/h are also shown. The forecast performance is evaluated over 15 case 
studies in summer 2022 and 17 case studies in fall 2022 for two forecast time intervals after 
the assimilation time: the hours from 1 to 4 (1–4 h phase) and the hours from 3 to 6 (3–6 h 
phase).  

The choice of the minimum threshold employed to assimilate the rain rate can be 
explained as follows. As regards the neural-network-derived product, we first considered 
3 mm/h as the minimum threshold for the assimilation, i.e., the NN_3th configuration 
shown in this paper. Because this configuration resulted in low PODs, especially when 
compared to the H60 assimilation for the highest precipitation threshold, we introduced 
a second experiment, NN_1th, allowing the model to saturate a higher number of grid 
cells. NN_1th gives slightly better POD values than NN_3th, without a significant increase 
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in the FAR. The largest difference in the POD is observed in summer for the highest thresh-
old, and NN_1th improves the performance of NN_3th. For the H60 product, we also 
started assimilating from the 3 mm/h threshold, i.e., the H60_3th configuration shown in 
this paper. For H60, however, the biggest issue was the high number of false alarms that 
were produced. Therefore, we ran the model with a second configuration, with a mini-
mum threshold of 5 mm/h for the assimilation, adjusting the model over a lower number 
of grid cells compared to H60_3th. This second configuration is not shown in this paper 
because it did not give a noticeable improvement in the false alarms compared to the 3 
mm/h threshold. Therefore, for the H60 product, we show only the results for the 3 mm/h 
threshold to make them directly comparable with the NN_3th model configuration. This 
result, however, suggests that higher thresholds could be explored in the future for H60, 
trying to improve the precipitation forecast assimilating the rain rate estimate of H60. 

All the simulation experiments have been evaluated considering dichotomous statis-
tical scores evaluated for three minimum thresholds of accumulated precipitation: 1 mm/3 
h, 10 mm/3 h, and 30 mm/3 h. 

In the 1–4 h phase, the rain rate assimilation improved the precipitation forecast with 
respect to the control simulation. The improvement is more significant in summer than in 
fall. The assimilation of the H60 product produced a higher FAR than the NN product and 
a higher POD but only for the first two thresholds in summer. For the 3–6 h phase, the 
rain rate data assimilation has a positive impact on the forecast for all the thresholds in 
summer and for the highest threshold in fall. Also, for this phase, the H60 product assim-
ilation has a high number of false alarms, in particular, for summer and for the higher 
thresholds. This makes simulations with NN-derived rain rates preferable for both fore-
cast phases and seasons. 

The case study of 18 August 2022 shows a practical application of the rain rate assim-
ilation. The most intense precipitation is mainly located over the Liguria region and over 
the sea in proximity to the Ligurian coast, as reported by rain gauges and by MCM. The 
simulations with assimilation reproduce the precipitation pattern over the Liguria region, 
not simulated by the control run, improving the forecast without rain rate data assimila-
tion. In addition, these results show the better performance of the NN rain rate data as-
similation compared to H60, mainly because the latter forecast has a higher number of 
false alarms.  

The reasons for the high number of false alarms when the H60 product is assimilated 
compared to NNs are mainly three: (a) the higher rainfall rates estimated by H60; (b) the 
larger area covered by the precipitation estimated by H60; (c) the different positionings of 
rainfall spells in H60 and NN (the difference in the parallax correction). These character-
istics of the rain rates estimated by H60 and NN were discussed in Section 3.1. Obviously, 
the first two characteristics cause an increase in the number of grid cells that are saturated 
in the WRF model when data assimilation is applied, and this causes the higher precipi-
tation and false alarms when H60 is assimilated compared to NN. The third characteristic 
causes a shift in the rainfall pattens predicted by WRF using H60 or NN for data assimi-
lation. This could also determine a higher number of false alarms when H60 is assimilated 
compared to NN. Quantifying the exact contribution of this point, however, is outside of 
the scope of this paper, where the focus is on evaluating the WRF forecast performance 
for two different satellite-derived rain rate products’ data assimilation. 

Over Italy, there are not many works assimilating rain rates. The first attempt to as-
similate rain rates was conducted in [17], with further application to hydrological fore-
casting in [18]. In these studies, however, the rain rate estimate was provided by rain 
gauge observations or by radar estimates and not by satellite. Recently, Gastaldo et al. [43] 
presented a study in which, among other experiments, the rain rate estimated using radar 
was assimilated in the Consortium for Small-Scale Modelling’s (COSMO’s) model. They 
showed that the rain rate assimilation can improve the COSMO rainfall forecast for up to 
7 h (This time depends on the weather regime; see below.). However, in all these studies, 
the rainfall was assimilated from radar estimates or rain gauges, while in our work, we 
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use satellite estimations. Of course, using satellite data has the advantage of data being 
available over the open sea, around Italy, as was shown for the 18 August 2022 case study, 
while radar and rain gauges are mainly available over the land. On the contrary, an issue 
of rain rates derived from satellites is the quality of the estimate, which can be lower com-
pared to those derived from rain gauge or radar data sources. 

An interesting aspect of our results is the larger improvement given by data assimi-
lation in summer compared to fall. This behaviour is likely determined by the different 
weather regimes in these two seasons, which is related to the presence or absence of con-
vective equilibrium. Craig et al. [44] suggested that the impact of the data assimilation is 
dependent on the weather regime and, in particular, the convective equilibrium/nonequi-
librium [45]. When convection is in equilibrium with large-scale forcing, it consumes the 
instability that is generated by large-scale forcing. On the other hand, nonequilibrium con-
vection (or triggered convection [46]) occurs when large-scale forcing is weak, and con-
vection is triggered by local mechanisms that are able to overcome the convection inhibi-
tion. The latter convection regime is typical in summer, while the former regime is more 
typical in fall. Several studies [18,43,44,47] have shown that data assimilation has a higher 
impact on the nonequilibrium convective regime, and our study confirms those findings. 

Overall, the results of this study show that satellite-derived rain rate data assimila-
tion can improve the precipitation forecast of moderate to intense precipitation associated 
with convective events over the investigated study area. This improvement lasts until the 
sixth hour after the assimilation, suggesting the possibility, in an ideal operational context, 
to exploit this data assimilation set-up to take immediate actions when convective storms 
are approaching/developing. Artificial intelligence techniques can contribute to improve 
the model’s performance, and this study suggests that future developments in merging 
data assimilation and artificial intelligence techniques can have great potential for improv-
ing the forecast of localised convective precipitation events. 

5. Conclusions 
All in all, the results of this study can be pointed out as follows: 

- a method to assimilate satellite-derived rain rates into the WRF model is presented; 
- neural networks can estimate rain rates from satellite data; 
- neural-network-derived rain rate data assimilation can improve precipitation fore-

casts; 
- H60-derived rain rate data assimilation improves the forecast for the lower thresh-

olds in summer, while producing a high number of false alarms for the highest 
threshold (30 mm/3 h). 
Future works can aim at identifying storms’ convective cells, using artificial intelli-

gence techniques, and focus on more complex rain rate assimilation, not by considering 
the minimum threshold for the assimilation but by considering actual precipitation rate 
values. The data assimilation of satellite measurements used for precipitation retrieval 
could be also taken into account in the future.  
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