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Abstract

Quantitative precipitation estimation (QPE) is a fundamental task of hydrometeorological
applications, ranging from flash-flood detection to water-resource management. While
weather radars offer superior spatial coverage compared with rain gauges, traditional
estimation based on the empirical Z − R (reflectivity factor vs. rainfall rate) relationship
fails to capture spatial variability and tends to underestimate extreme rainfall. The idea
pursued here is to learn the radar-to-rainfall mapping by means of a convolutional neural
network (CNN) trained on co-located radar and rain-gauge data; thus, once trained, the
network can convert radar reflectivity measures into rainfall values, even where gauges
are unavailable. Although machine learning techniques are promising for this task, they
typically demand large training sets. To operate in a limited-data regime, we introduce a
U-Net architecture that separates the analysis of space from that of time: each block first
looks at the structure of the reflectivity field and then at how it changes over consecutive
radar scans, extracting spatiotemporal features from volumetric data with fewer parameters
than a full three-dimensional filter. The model is evaluated on a severe convective event
that affected Tuscany, Italy, on 2 November 2023, benchmarking its performance against the
classical Joss–Waldvogel Z − R relationship (suitable for convective events), a data-driven
log-regression of weather-radar and rain-gauge data, and a baseline CNN architecture. The
main advantages are negative bias—i.e., underestimation of rainfall—more than halved
and correlation with rain-gauge measures more than doubled, under the same operational
conditions. What is noteworthy is the capability of learning the model from radar and
rainfall data taken in different times and places, as well as the possibility of converting a
reflectivity map into a rainfall map without the need for simultaneous rain-gauge measures.
This is an asset of fixed parametric methods; however, they are far less accurate.

Keywords: convolutional neural networks (CNNs); quantitative precipitation estimation
(QPE); rainfall rate; rain gauges; weather radar

1. Introduction
Reliable quantitative precipitation estimation (QPE) plays a central role in modern

hydrometeorology because many operational activities depend on timely and spatially
distributed rainfall information. Accurate precipitation fields are essential for flash-flood
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warning systems, river-flow forecasting, hydraulic risk assessment, water-resource man-
agement, agricultural planning, climate monitoring, and several industrial applications [1].
The increasing frequency of short-duration, high-intensity precipitation events has further
emphasized the need for estimation techniques capable of providing both high spatial
resolution and high quantitative accuracy.

Operational QPE mainly relies on two complementary observation systems: rain
gauges and weather radars. Rain gauges provide direct measurements of precipitation
and constitute the reference source for rainfall observations. Their main limitation is the
sparse spatial sampling imposed by practical and economic constraints. Even relatively
dense monitoring networks may fail to describe the highly localized structure of convec-
tive precipitation, while measurement uncertainties caused by wind effects, shielding,
instrument malfunction, or missing observations further complicate the reconstruction
of continuous rainfall fields [1–3]. Consequently, rainfall maps derived exclusively from
rain-gauge observations require spatial interpolation techniques, ranging from determin-
istic methods such as inverse-distance weighting to geostatistical approaches including
kriging [4–7]. Although these techniques are effective under smoothly varying precipitation
conditions, their performance rapidly deteriorates when intense rainfall exhibits strong
spatial gradients.

Weather radars address this limitation by continuously monitoring precipitation over
wide areas with kilometer-scale spatial resolution and revisit times of only a few min-
utes [8]. Their capability of capturing the spatial organization and temporal evolution of
precipitation makes them indispensable for real-time monitoring of severe weather. Radar
observations, however, do not directly measure rainfall intensity. Instead, they estimate the
electromagnetic backscattering produced by hydrometeors, from which rainfall must be
inferred through physical or empirical models. The resulting estimates are affected by sev-
eral uncertainty sources, including attenuation, beam blockage, ground clutter, calibration
inaccuracies, and errors associated with Doppler processing [9–11]. Consequently, despite
their excellent spatial coverage, radar-derived rainfall products often exhibit systematic
and local biases.

The conversion from radar reflectivity to rainfall rate is traditionally based on empirical
reflectivity–rainfall relationships of the form

Z = aRb, (1)

where Z denotes the radar reflectivity factor and R the rainfall rate [12]. The coefficients
a and b depend on the drop-size distribution (DSD), whose characteristics vary with pre-
cipitation type, geographical location, and atmospheric conditions [9,13,14]. Since these
coefficients are rarely constant during real precipitation events, the adoption of fixed param-
eterizations frequently introduces significant estimation errors [15,16]. Although numerous
Z − R relationships have been proposed for different climates and radar systems [17–20],
no universal parameterization is capable of accurately describing the large variability
encountered in operational scenarios.

The introduction of dual-polarization weather radars has significantly improved
radar-based precipitation retrieval. Polarimetric variables, including differential reflectivity,
differential phase, and specific attenuation, provide additional information on hydrom-
eteor characteristics and permit a more accurate characterization of precipitation micro-
physics [21–23]. These measurements enable adaptive rainfall algorithms that partially
compensate for attenuation and improve the estimation of rainfall intensity [24–26]. Never-
theless, even advanced polarimetric techniques remain indirect measurement methods and
cannot completely eliminate the uncertainties associated with observing precipitation at
considerable distances and elevations above the ground [27].
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These limitations have motivated the development of approaches that exploit the
complementary characteristics of radar observations and rain-gauge measurements. Rather
than considering the two sensors independently, recent research has increasingly focused
on combining their information to improve the spatial representation of rainfall while pre-
serving quantitative accuracy. Existing fusion strategies can be broadly classified into three
families according to the role assigned to each observation system during the estimation
process [27].

Existing fusion techniques differ in the ways in which radar observations and rain-
gauge measurements are combined. Geostatistical approaches use rain gauges as the
primary source of quantitative information while exploiting radar observations as auxiliary
variables to improve spatial interpolation. Representative examples include kriging with
external drift (KED) and conditional merging (CM), which have consistently demonstrated
superior performance over conventional interpolation techniques under a wide range of
precipitation conditions [5,27–29]. A second class of methods attempts to compensate for
radar biases by estimating multiplicative or additive correction factors from rain-gauge
observations. Mean Field Bias (MFB), Brandes Spatial Adjustment (BSA), and more recent
adaptive formulations based on space–time calibration of the Z − R relationship belong to
this category [12,30–33]. Finally, probabilistic integration techniques, including co-kriging
and Bayesian merging, estimate rainfall by explicitly combining the uncertainties associated
with each observation system [27,34,35]. Although these methods generally improve the
quality of radar-only estimates, they still rely on predefined statistical assumptions and
require the availability of rain-gauge observations during the estimation stage.

The growing availability of large radar archives and the remarkable progress achieved
in machine learning have recently stimulated the development of data-driven approaches
for precipitation estimation. Instead of explicitly modeling the physical relationship
between radar measurements and rainfall, these methods learn it directly from obser-
vations. Deep neural networks have demonstrated excellent performance in numerous
Earth-observation applications thanks to their capability of extracting complex spatial and
temporal patterns from large datasets [36,37]. Their application to precipitation estimation
has therefore received increasing attention during the last decade [38,39].

Several studies have demonstrated the potential of deep learning for QPE. Chen
et al. [40] proposed a two-stage neural architecture that exploits a ground-based radar
to bridge the relationship between spaceborne radar observations and rain-gauge mea-
surements. Moraux et al. [41] developed a deep learning framework combining satellite
observations and rain gauges for rainfall retrieval. More recently, convolutional neural
networks and related machine learning models have been investigated using weather-
radar observations, showing encouraging improvements over conventional empirical ap-
proaches [42–44]. Despite these promising results, many existing models require extensive
training datasets collected over several years and often exhibit limited generalization when
applied to geographical regions that are poorly represented during training. Moreover, the
tendency of standard loss functions to favor the most frequent rainfall intensities frequently
leads to an underestimation of localized extreme precipitation—precisely the situations of
greatest operational interest.

The present work addresses these limitations by investigating a deep learning frame-
work specifically designed for situations where only limited training data are available. The
proposed architecture is based on a U-Net backbone enriched with (2 + 1)D convolutional
blocks, which separately model the spatial and temporal dimensions of the radar sequence
in order to improve the extraction of spatiotemporal precipitation features. In addition, we
investigate target-weighted loss functions that assign greater importance to high rainfall
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rates, thereby mitigating the systematic underestimation typically observed for severe
precipitation events.

The proposed methodology is evaluated using weather-radar observations and rain-
gauge measurements collected during the severe convective event that affected Tuscany
(Italy) on 2 November 2023, considering radar sequences acquired between 30 October
and 4 November 2023. The developed model is compared with a baseline convolutional
neural network, four conventional fixed Z − R relationships, and an event-specific data-
driven Z − R calibration. To assess the ability of the network to generalize beyond the
instrumented areas used for training, the experimental validation adopts a province-level
spatial partition combined with an anti-leakage buffer that prevents information sharing
between training and testing regions.

The remainder of this paper is organized as follows: Section 2 describes the meteo-
rological event, the radar and rain-gauge datasets, and the proposed neural architectures.
Section 3 presents the experimental results and compares the proposed approach with both
empirical and data-driven benchmark methods. Section 4 discusses the implications of
the obtained results, highlighting the advantages and limitations of learning-based QPE
under limited-data conditions. Finally, Section 5 summarizes the main findings and outlines
possible directions for future developments.

2. Materials and Methods
2.1. Study Area and Data Sets
2.1.1. Meteorological Event Description

Technical details concerning the meteorological case study analyzed in this paper
can be found in the official report provided by the LaMMA Consortium (Environmental
Modeling and Monitoring Laboratory for Sustainable Development) [45].

During the afternoon of 2 November 2023, the passage of a quasi-stationary instability
line ahead of an advancing cold front triggered widespread convective activity across
Tuscany. The development of these thunderstorms was significantly amplified by a highly
unstable atmospheric environment, characterized by an elevated convective potential
energy capable of supporting strong, sustained updrafts, together with a high moisture
content in the lower troposphere, which ultimately led to extreme localized precipitation.

Specifically, starting at 15:30 UTC, a marked low-level convergence zone was estab-
lished between strong south winds and incoming north flow. This mechanical forcing,
combined with the advection of cooler air aloft and favorable thermodynamic conditions
in the boundary layer, favored the formation of a severe convective line. The phenomenon
exhibited a nearly stationary behavior until approximately 20:30 UTC, geographically
stretching from the coastal and central provinces of Livorno and Pisa, towards Pistoia,
Prato, and Florence.

The spatial geo-localization, exceptional intensity, and persistent stationary nature of
this storm system featured highly nonlinear dynamics, presenting severe challenges for
operational weather forecasting. As a consequence of the heavy rainfall, several rivers and
torrents overflowed, resulting in widespread environmental damage and severe impacts
on local communities.

2.1.2. Weather-Radar Dataset

The radar observations analyzed in this study were acquired by the Italian national
weather-radar network, operated by the Italian National Civil Protection Department
(DPCN). The network comprises 26 radar systems, including 22 C-band and 4 X-band
radars, the majority of which are dual-polarized, providing coverage of the entire Italian
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territory. The Tuscany region is covered by five C-band dual-polarization weather radars
located in Tuscany and the neighboring regions:

• Monte Croce, Tuscany, province of Lucca, at 1307 m a.s.l.;
• Monte Settepani, Liguria, province of Savona, at 1390 m a.s.l.;
• Gattatico, Emilia Romagna, province of Reggio Emilia, at 34 m a.s.l.;
• San Pietro Capofiume, Emilia Romagna, province of Bologna, at 10 m a.s.l.;
• Monte Serano, Umbria, province of Perugia, at 1428 m a.s.l.

The raw data from all systems undergo synchronous scans every 5′ and are processed
by the DPCN, which applies several corrections for ground clutter, partial beam blockage,
and attenuation, before generating national-scale mosaicked products. Some artifacts may
persist, such as residual beam blockage effects or issues at the extreme edge of the coverage
zones, which act as operational infrastructure factors that models must learn to handle.

The observation period encompasses a multi-day interval (30 October 2023 through
4 November 2023), comprehensively framing the extreme rainfall event of 2 November.
For this study, we selected the reflectivity products of the constant altitude plan position
indicator (CAPPI). To fully capture the vertical structure and evolution of the precipitation,
eight different CAPPI slices were extracted, spanning 1000 m to 8000 m altitude a.s.l. (above
sea level). The data exhibit a horizontal spatial resolution of 1× 1 km2 and were aggregated
to a temporal repetition of 10′. The volumetric radar input, from which DL estimators
start, is illustrated in Figure 1, which shows the eight CAPPI reflectivity levels (1000 to
8000 m a.s.l.) at the peak of the event.

Figure 1. The eight CAPPI reflectivity levels (1000–8000 m a.s.l., in dBZ) from the radar volume
acquired on 2 November 2023 at 21:00 UTC, with the Tuscany regional boundary and provincial
borders overlaid. These fields constitute the volumetric input from which the rainfall maps of Figure 6
are produced by the two DL-based methods. Reflectivity values below 5 dBZ within the regional
boundary are shown in white.

The vertical structure—intense reflectivity at low levels that decays with height—is
available to deep models through the full cube, whereas the Z − R parametric relationships
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use only a single reference level at 2000 m a.s.l. The first slice (0 to 1000 m) was discarded
because the five weather radars that cover Tuscany are placed at a height greater than
1000 m or must image beyond mountains as high as 2000 m.

2.1.3. Rain-Gauge Dataset

The ground-reference rainfall data was obtained from the regional rain-gauge network
of Tuscany, operated by the LaMMA Consortium. The network comprises 426 tipping-
bucket stations uniformly distributed across the regional territory of approximately
22,987 km2, resulting in an average density of one gauge every 54 km2. The spatial con-
figuration and distribution of the active stations in the regional territory are shown in
Figure 2. Four examples of the 2000 m a.s.l. CAPPI layers following the peak of the
convective event, with the gauge network overlaid, are provided in Figure 3.

Figure 2. Spatial distribution of the regional rain-gauge network across Tuscany. Red dots indicate
the locations of the tipping-bucket stations within the regional administrative boundary, providing
the ground-reference data for the study area. Provincial boundaries and names are also shown, as
they are referred to throughout the paper, particularly in the description of the dataset partitioning
(Section 2.2.3).

2.2. Setup

This subsection outlines the experimental configuration established to train and evalu-
ate the proposed models. We first describe the preprocessing and temporal resampling of
the ground-truth rain gauge records, followed by the integration protocol used to assemble
the multi-dimensional spatiotemporal data cubes from radar and gauge data. Finally, we
detail the spatial partitioning strategy implemented to ensure a robust evaluation across
independent geographical domains.

2.2.1. Rain-Gauge Dataset Preprocessing

To temporally align gauge records with radar acquisitions, native 15 min precipitation
accumulations were resampled at 10′ intervals through a mass-conserving mathematical
procedure. Any measure affected by instrumental errors or missing values was systemati-
cally discarded.
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2.2.2. Data Integration and Spatiotemporal Cube Generation

To build the final test dataset, radar and rain-gauge data were spatially and temporally
matched. For each active rain gauge, a 21 × 21 pixel window (corresponding to an area of
21 × 21 km2) centered on the geographical coordinates of the gauge was extracted from
each of the eight CAPPI layers, resulting in an 8 × 21 × 21 volumetric data cube.

Figure 3. CAPPI radar reflectivity product at a constant height of 2000 m a.s.l. captured at different
timestamps on 2 November 2023: 18:00 UTC, 19:00 UTC, 20:00 UTC, and 21:00 UTC. The layout of
Tuscany and provinces therein, with positions of rain gauges, is overlaid.

To account for the short-term temporal evolution of the precipitating systems, six con-
secutive 10 min frames covering exactly a one-hour interval prior to the observation were
stacked together. This procedure produced a comprehensive spatiotemporal hypercube
8 × 6 × 21 × 21, which was then coupled with the cumulative hourly rainfall measured by
the target gauge.

To focus the learning process on meaningful precipitation events, samples correspond-
ing to null or negligible rainfall were filtered out. A spatiotemporal cube was retained only
if the target hourly cumulative rainfall exceeded 0.5 mm and at least one radar pixel, across
all spatial dimensions and elevation layers, registered a reflectivity greater than 10 dBZ.

Following these criteria, 411 rain gauges contributed at least one valid sample, re-
sulting in a final dataset of 10,790 valid spatiotemporal cubes. The extreme nature of the
event is confirmed by the target hourly rainfall distribution, which reaches peaks up to
approximately 87 mm, while the rain gauges span a wide topographical range of elevations
from sea level up to 1700 m a.s.l.
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2.2.3. Dataset Partitioning

A purely random partition of the samples would be inappropriate for this task: since
the data are point-based and spatially auto-correlated, a model could attain a high score
simply by interpolating between gauges that are close to others seen during training,
thereby overestimating its true skill on ungauged areas. To evaluate genuine spatial
generalization, we therefore adopt a spatially blocked partition at the province level: entire
provinces are held out, so that every test gauge lies in a region never observed during
training (see Figure 4). The provinces of Pisa and Livorno, which were hit hardest by the
convective line (Section 2.1), constitute the test set (67 gauges, 978 radar samples); the
province of Florence is used for validation (62 gauges, 1288 samples); and the remaining
provinces form the training set (282 gauges, 8524 samples). Gauges are assigned to provinces
by a point-in-polygon intersection with the administrative boundaries. Province blocking
removes interpolation across most of the domain, but test gauges lying close to a province
border may still have training gauges within their 21 × 21 km2 input window, which
would reintroduce a residual, “soft” form of leakage. To eliminate this, we enforce an
anti-leakage spatial buffer: every training gauge located within 10.5 km, half the size
of the largest input window—i.e., the patch radius—of a validation or test gauge, is
discarded. Distances are computed as haversine distances between gauge coordinates. The
buffer is applied on the training side, so that the held-out sets remain intact: it discards
34 training gauges (740 samples, ≈9% of the training data, thereby reducing it from 8524
to 7784 samples), while the test set and the validation set are unchanged. Because the
same buffer is used for every input-window size, the test set is identical throughout the
experiment; by construction, no training gauge ever falls inside the footprint of a test gauge.
This makes the evaluation in Section 3.2 robust to interpolation leakage, at the cost of
a more demanding test set (the heavy-rain coastal provinces), which explains the larger
absolute errors compared to a random partition.

Figure 4. Province-level spatially blocked partition of the Tuscany rain-gauge network. Entire
provinces are held out: Pisa and Livorno form the test set (red), Florence is used for validation
(blue), and the remaining provinces constitute the training set (green). Colored dots indicate the rain
gauges retained in each split; gray crosses are the training gauges discarded by applying a 10.5 km
anti-leakage buffer around validation and test gauges.

https://doi.org/10.3390/environments13080443

https://doi.org/10.3390/environments13080443


Environments 2026, 13, 443 9 of 18

2.3. Deep Learning Models

To investigate possible advantages of the nonparametric DL approach, we imple-
mented two distinct architectures and compared them on the test dataset.

2.3.1. Network Models

The first architecture serves as a baseline CNN and consists of four sequential feature
extraction blocks. The network is shown in Figure 5a. It employs convolutional kernels
of size (1,3,3), progressively increasing the number of feature channels while reducing the
spatial resolution through max pooling [46]. At the end of the network, a global average-
pooling layer generates a 256-element feature vector, which is projected to a 64-element
representation vector and finally mapped to the output through two fully connected layers.

The second architecture adopts a U-Net core, enhanced through (2 + 1)D convolu-
tional blocks. The U-Net architecture was selected for its proven ability to handle limited
datasets effectively [47]. Furthermore, (2 + 1)D convolutional blocks were adopted be-
cause they have been demonstrated to provide superior results compared to standard 3D
convolutions when processing data characterized by temporal evolution [48]. The model
is depicted in Figure 5b. The (2 + 1)D block explicitly decomposes the 3D convolution
into separate spatial (1, 3, 3) and temporal (3, 1, 1) convolutions to better capture complex
spatiotemporal dependencies. The U-Net encoder is made up of four layers. As in the
baseline CNN, the number of channels grows and the spatial resolution decreases when
we go deeper into the encoder structure. The decoder uses classical U-Net skip connections
and upscales the encoder output. A global-average-pooling layer flattens the output of the
U-Net into a 32-unit layer, to which the altitude a.s.l. of the rain gauge is added as extra
information. The two final layers reduce the output of the network to a scalar.

2.3.2. Loss Functions

Both architectures were trained using either mean absolute error (MAE) or mean
squared error (MSE) as loss functions, which are commonly employed for regression tasks
in deep learning. They are defined as

MSE =
1
N

N

∑
i=1

(ŷi − yi)
2

MAE =
1
N

N

∑
i=1

|ŷi − yi|
(2)

where N denotes the number of samples, yi represents the observed value (ground truth),
and ŷi is the predicted value. Usually, RMSE ≜

√
MSE is used for comparisons, having a

homogeneous scale with MAE.
To correct the systematic underestimation of intense rainfall, we also trained the two

networks with target-weighted variants of the losses (wMSE, wMAE), in which each sample
is weighted by a function of its target value:

wMSE =
1

∑i wi

N

∑
i=1

wi(ŷi − yi)
2

wMAE =
1

∑i wi

N

∑
i=1

wi|ŷi − yi|
(3)

with wi = 1 + λ yi and λ = 1. The weights are normalized so that their mean is one;
thus, the loss scale is kept comparable to the unweighted version and reduces to plain
RMSE/MAE for λ = 0. Heavier-rain samples thus contribute more to the loss.
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(a) (b)

Figure 5. Flowcharts of learning models: (a) baseline spatial CNN; (b) proposed (2 + 1)D U-Net
model integrating radar sequences with rain-gauge elevation data.
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3. Results
3.1. Benchmarking

As parametric estimators for reference, we used four classical reflectivity–rainfall
relations of Equation (1), which differ only in the choice of coefficients a and b:

1. Marshall–Palmer [17], widespread for stratiform precipitation: a = 200, b = 1.6;
2. Joss–Waldvogel [18], suitable for convective events: a = 300, b = 1.5;
3. Multi-Radar Multi-Sensor (MRMS) [19], for convective regimes: a = 300, b = 1.4;
4. Rome C-band [20], specific to C-band radars: a = 519, b = 1.64.

To quantify how much can be gained by tuning the power law to the event itself,
rather than adopting coefficients from the literature, we included a data-driven parametric
method, in which the coefficients a and b of Equation (1) are not prefixed but are estimated
from the training rain gauges by a logarithmic regression between reflectivity, averaged
over a one-hour period and a 3×3 window of radar cells, and the corresponding measured
hourly rainfall:

log(R) = 1/b · [log(Z̄)− log(a)] = 1/b · log(Z̄)− log(a)
b

(4)

in which Z̄ is the 3 × 3 spatial average of Z averaged over an hour (six 10’ time slots). The
constants â and b̂ are found from the least-squares (LS) solution of Equation (4), where 1/b̂
and log (â)/b̂ are the slope and the intercept of the regression line in the log-scatterplot.
Equation (4) is fed by the values of Z̄ and R to estimate â and b̂. To ensure the correctness
and stability of the LS solution, rainfall values below a prefixed threshold (1 mm/h) are
discarded from the parametric estimation procedure. The estimated rainfall will be

R̂ = (Z̄/â)1/b̂. (5)

Equation (5) also applies to models that use coefficients a and b taken from the literature.
In addition to the (R)MSE and MAE metrics defined in Equation (2), other quality

scores were used for the evaluations of the rainfall maps, namely, sample bias (B) and
sample correlation coefficient (r):

B =
1
N

N

∑
i=1

(ŷi − yi)

r = ∑N
i=1(yi − ȳ)(ŷi − ¯̂y)√

∑N
i=1(yi − ȳ)2

√
∑N

i=1(ŷi − ¯̂y)2

(6)

in which ¯ denotes the sample mean (average) of the observed values.

3.2. Simulations

Table 1 summarizes the parametric scores at the selected peak of the event of 2 Novem-
ber 2023 (19:00 UTC), evaluated on the gauges of Pistoia, the province where the hourly
log-regression reached its highest skill among the province-by-province fits carried out
during the peak hours of the event. The data-driven relationship provided by the log-
scatterplot is the strongest estimator and attains the lowest MAE and RMSE and the highest
correlation (r = 0.727), ahead of the four literature models, which all underestimate the
accumulated rainfall, with biases from −4 to roughly −9 mm.
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Table 1. Performance of the parametric Z − R relations on the peak hour (19:00 UTC) of 2 November
2023, evaluated on the rain gauges of the dataset of Pistoia. Log-regression calculated on Pistoia
yields â = 209.84 and b̂ = 1.447. Best values per column in bold.

Method MAE (mm) RMSE (mm) B (mm) r

Log-regression 5.02 9.73 −2.40 0.727
Marshall–Palmer 5.67 11.06 −4.48 0.725
Joss–Waldvogel 6.15 11.55 −5.41 0.726
MRMS 5.40 10.48 −4.05 0.727
Rome (C-band) 8.62 14.33 −8.55 0.725

However, this favorable situation does not survive if the dynamic peak of the event
is followed (see Figure 3). All methods, including those based on DL, were evaluated in
the test set (provinces of Pisa and Livorno) that was held out from training. The fixed
parametric Z − R relations were applied to the same test samples of the provinces Pisa and
Livorno. Table 2 reports scores averaged in the four slots, from 18:00 UTC to 21:00 UTC.
The fixed Z − R relationships are weak, with a correlation of only r ≈ 0.21 and a marked
negative bias: a simple power law cannot reproduce the accumulated rainfall. Calibrating
the relationship on the data does not help: the data-driven log-regression reaches r = 0.207,
no better than the fixed relations (r = 0.207–0.208), confirming that the weakness is intrinsic
to the point-scale Z − R mapping and not a matter of coefficient choice. The contrast with
Table 1 is telling: the same calibrated relation that held on Pistoia (r = 0.727) collapses once
moved to the neighboring provinces.

Table 2. Parametric vs. nonparametric estimators evaluated on the same test set (gauges of Pisa and
Livorno provinces). Log-regression calculated on the Pistoia dataset at 19:00 UTC, same as for Table 1.

Method MAE (mm) RMSE (mm) B (mm) r

Marshall–Palmer 10.104 16.114 −9.292 0.208
Joss–Waldvogel 10.252 16.270 −9.591 0.208
MRMS 10.266 16.184 −9.337 0.207
Rome (C-band) 10.545 16.693 −10.303 0.208
Log-regression 10.172 16.028 −8.905 0.207

Figure 6 shows a qualitative example of the hourly rainfall maps produced from
this volume, at the peak of the event, by the three estimation paradigms: a fixed Z − R
relation (Joss–Waldvogel), a data-driven Z − R relation calibrated on the event (log-
regression) and the deep models (the best baseline CNN and the reference U-Net). The
two Z − R models map the reflectivity core into rainfall through a pointwise power
law, differing only in how strongly they scale it: The log-regression, fitted to compress
reflectivity, yields a smoother dynamic range but still reproduces the field pixel by
pixel. The deep models instead reorganize the field using the surrounding spatial
context—U-Net produces a spatially more coherent estimate of the precipitation pattern
than the baseline CNN.
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(a) (b)

(c) (d)

Figure 6. Examples of hourly rainfall maps obtained from the radar volume of Figure 1 on 2 November
2023 at 21:00 UTC, comparing the following: (a) Joss–Waldvogel parametric Z − R relationship;
(b) adaptive Z − R relationship calculated by means of log-regression on the rain gauges of the Pistoia
province; (c) baseline CNN with wMSE optimization; (d) proposed U-Net with wMAE optimization.
Parametric models use only 2000 m CAPPI layers, as shown in Figure 3, with hourly time slots and
rainfalls. Nonparametric models use the eight CAPPI slices shown in Figure 1, with six time slots of
10′ each and rain-gauge data resampled at 10′.

It is noticeable that the four rainfall maps are quite different from each other. The
two produced by the parametric methods are quite similar, whereas the two produced
by the neural methods are substantially different from the first two, and also from each
other. To get an idea of the reliability of the obtained values, quality measurements were
performed between the maps and the rainfall data. In one case, these were extended to the
entire region, and in another only to the provinces that were not used for training either by
the log-regression or the networks, namely, the provinces of Pisa and Livorno. The results
are shown in Table 3, where the two panels exhibit complementary behavior. The error
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statistics deteriorate for all methods over Pisa and Livorno, the provinces that experienced
the heaviest rainfall. For a given relative discrepancy, larger rainfall amounts inevitably
produce larger absolute errors; moreover, because all estimators tend to underestimate
the most intense precipitation, the negative bias also increases. Correlation, however,
reveals a different picture. Over the entire study region, the observations span a broad
range of rainfall accumulations, and any monotonic function of reflectivity captures part
of this large-scale variability, thereby sustaining the moderate correlations achieved by
the parametric relations (r ≈ 0.24). Restricting the evaluation to the two adjacent coastal
provinces substantially reduces this dynamic range, leaving only the fine-scale variability
within the convective system. Under these conditions, a pointwise power-law relationship
between reflectivity and rainfall carries little predictive information, and both parametric
estimators drop to r = −0.054, effectively indicating no correlation. By contrast, the deep
learning models exploit the spatial context, the vertical structure of the reflectivity field,
and its short-term temporal evolution rather than relying on a single radar pixel, allowing
them to maintain a substantially higher correlation (r = 0.634).

Parametric methods produce estimates that are practically uncorrelated with the
measures taken at different locations. The networks, and in particular the proposed U-Net,
provide good spatial prediction of values independent of the training measurements. It
should be noted that bias is not a qualifying parameter because, being a systematic error,
it can be corrected [32]. The important scores are the correlation and the MAE or RMSE.
The latter are lower when evaluated across the entire region, but still competitive even
across independent provinces. The correlation r takes into account the shape of the rainfall
map and is the strength of proposed methods. By chance, it turns out to be higher when
calculated across independent provinces than across the entire region. This fact indicates
the good spatial predictive capacity of the proposed U-Net method.

Table 3. Rainfall estimation performance of the maps in Figure 6 (2 November 2023, 21:00 UTC),
computed on all gauges in Tuscany and on gauges of Pisa and Livorno provinces only. Best value per
column in bold.

All Gauges MAE (mm) RMSE (mm) B (mm) r

Joss–Waldvogel 8.63 13.30 −7.63 0.239
Log-regression (Pistoia) 8.12 12.65 −5.88 0.241
Baseline wMSE 8.17 11.02 −1.17 0.197
U-Net wMAE 6.46 9.36 −2.51 0.609

Pisa and Livorno Gauges MAE (mm) RMSE (mm) B (mm) r

Joss–Waldvogel 12.94 18.59 −12.84 −0.054
Log-regression (Pistoia) 12.12 17.94 −11.52 −0.054
Baseline wMSE 9.21 14.85 −7.74 0.287
U-Net wMAE 8.06 11.70 −5.04 0.634

4. Discussion
The results obtained on a unique severe convective rain event in Tuscany, Italy, indicate

that CNNs, and particularly the proposed (2+ 1)D U-Net, are a viable alternative to purely
parametric Z − R methods. Two findings deserve emphasis because they were obtained
under a deliberately conservative evaluation protocol.

First, the evaluation was spatially blocked at the province level and protected by a
10.5 km anti-leakage buffer, so that no training gauge ever fell inside the input window
of a test gauge. This is a much harder test than a random partition: the absolute errors
are correspondingly larger, and the correlations lower, than those one would obtain by
interpolating between neighboring gauges. It is precisely under these conditions that the
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value of the learning approach becomes clear. The fixed Z − R relations, and even a data-
driven Z − R relation calibrated on the event by a logarithmic regression, remain weak
(r ≈ 0.21): hence, the weakness is intrinsic to the point-scale reflectivity–rainfall mapping
and cannot be removed by a better choice of coefficients. The U-Net, in contrast, generalizes
to unseen regions during training, which is the operationally relevant scenario, producing
rainfall maps even in the absence of rain-gauge data, just by leveraging radar coverage.

The persistent underestimation of the heaviest hours, common to all estimators, is
mitigated by weighting the loss with the target value. The weighted variants reduce the
negative bias at every rainfall intensity; the U-Net trained with the weighted MAE offers
the best compromise among correlation, squared error, and calibration, and it was adopted
as the reference model.

The main limitations remain the amount of data and computation that CNNs require
and the fact that the present evidence comes from a single event—that is, a very scarce
dataset to train the model. Extending the analysis to multiple events and larger domains
and assessing the transfer of a trained network to geographical regions uncovered by
gauges are the natural next steps.

5. Conclusions
In this study, we propose a deep learning approach for quantitative precipitation

estimation from weather-radar and rain-gauge data. The architecture features a U-Net
backbone designed to cope with data scarcity, integrated with (2 + 1)D convolutional
blocks that capture the spatial and temporal evolution of volumetric radar acquisitions.

The proposed DL model was benchmarked with a baseline CNN, four fixed parametric
Z− R relations, and a data-driven Z− R relation achieved by log-regression. Weather-radar
and rain-gauge observations were collected during the severe convective event that struck
Tuscany, Italy, on 2 November 2023. The complete training and evaluation pipeline runs in
less than 20′ per configuration on an Apple MacBook Pro (M3 Max). The proposed U-Net
architecture achieved the best correlation, with the lowest RMSE and MAE, of all of the
methods compared. The bias values were more than halved with respect to parametric
methods operating in the same configuration, while correlation values more than doubled.

Target-weighted losses further reduce the underestimation of intense rainfall. Given
its scalability, the model can easily be adapted to larger and more diverse datasets. Future
developments will extend it to multiple events and assess its robustness and transfer to
regions not covered by rain gauges.

A final issue concerns investigating possible benefits stemming from the introduc-
tion of non-separable multiscale analysis [49] in the DL process. The use of a preprocess-
ing stage of the reflectivity maps, such as those used for synthetic-aperture radar (SAR)
data [50], is worth attention. Without the 3 × 3 average, the performance of all tasks is
significantly poorer.

The ability to estimate rainfall from radar coverage alone, once the model has been
trained, is directly relevant to the applications mentioned in Section 1. Hydrological and
hydraulic models are driven by a distributed precipitation field, and their weakest link is
usually the headwater portion of the catchment: mountainous and sparsely instrumented,
yet hydrologically dominant, since the rainfall falling there governs the discharge down-
stream within a few hours. Gauge-based interpolation and gauge-adjustment techniques
are least reliable precisely there, whereas radar coverage is generally available. A trained
model can therefore supply the rainfall forcing over ungauged headwaters, at the update
rate of the radar scan, for flash-flood detection, river-flood modeling, and water-balance
computation. Two caveats apply: the estimates are hourly accumulations, whereas flash-
flood applications typically call for a sub-hourly update; and all estimators, including the
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proposed one, still underestimate the most intense hours, even though the target-weighted
losses mitigate this behavior and a systematic bias can be corrected a posteriori [32].
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