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Highlights

What are the main findings?

• Existing precipitation phase classification schemes (solid, liquid and mixed) based
on Micro Rain Radar (MRR) and X-band weather radar polarimetric observations
are compared with disdrometer data and the former achieves best results (86% vs.
47% accuracy).

• Based on comparison of previous schemes, a new methodology is developed for X-
Band polarimetric radar using machine learning random forest trained with MRR
classifications, achieving an accuracy of 78%.

What are the implications of the main findings?

• The new precipitation phase classification method represents a significant improve-
ment in accuracy compared to previous methods for polarimetric radar data.

• The approach offers valuable insights for operational forecasting, water resource man-
agement, and other applications in mountainous regions or areas where precipitation
phase transitions need to be monitored.

Abstract

Accurate classification of precipitation phase (liquid, mixed, or solid) is essential in high
mountain environments, where rapid changes in elevation can lead to abrupt phase tran-
sitions over short distances, significantly affecting hydro-meteorological, ecological, and
socio-economic activities. However, most existing classification schemes have not been eval-
uated over long periods using real observational data, but mainly through simulations. This
study addresses this gap by introducing a new methodology based on X-band polarimetric
radar and by validating it against real precipitation events over an extended time period.
The machine learning model is trained and tested using a four-year dataset including X-
band radar, Micro Rain Radar, disdrometer, and temperature profile data from the Grenoble
region (French Alps). To improve the classification accuracy, three temperature profile

Remote Sens. 2026, 18, 433 https://doi.org/10.3390/rs18030433

https://crossmark.crossref.org/dialog?doi=10.3390/rs18030433&domain=pdf&date_stamp=2026-02-02
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/remotesensing
https://www.mdpi.com
https://orcid.org/0000-0001-8900-4590
https://orcid.org/0000-0002-1771-4953
https://orcid.org/0000-0002-8024-3293
https://orcid.org/0000-0002-4314-101X
https://orcid.org/0000-0002-5560-4392
https://orcid.org/0009-0007-0848-6948
https://orcid.org/0000-0003-3597-7439
https://doi.org/10.3390/rs18030433


Remote Sens. 2026, 18, 433 2 of 26

sources were tested: lapse rates obtained from automatic weather stations, interpolation
of the temperature profile from the freezing level detected by the Micro Rain Radar, and
temperature profiles from the operational AROME model forecast. Three different phase
classification schemes were tested: two existing schemes based on fuzzy-logic, and the new
method based on random forest. Results show that the random forest method, trained
with radar polarimetric variables, AROME temperature profiles, and target labels derived
from Micro Rain Radar observations, achieves the highest accuracy. Despite the overall
good classification results, limitations persist in identifying mixed-phase precipitation due
to its transitional nature and vertical variability. Feature importance analysis indicates
that temperature is the most influential variable in the classification scheme, followed by
reflectivity factor measured in the horizontal plane ( Ze) and differential reflectivity ( Zdr).
This methodology demonstrates the potential of combining machine learning techniques
with multi-instrument observations to improve hydrometeor classification in complex
terrain. The approach offers valuable insights for operational forecasting, water resource
management, and climate impact assessments in mountainous regions.

Keywords: X-band; dual-polarization; micro rain radar; disdrometer; machine learning;
random forest; precipitation type; Doppler radar

1. Introduction
Accurate identification of precipitation phase (liquid, solid, or mixed) is crucial in high

mountain environments, influencing drinking water supply and hydropower generation
to agriculture and winter tourism [1,2]. Orography strongly influences air flow patterns,
altering the spatial and temporal distribution of precipitation. Specifically, rapid changes in
terrain elevation over short distances play a key role in determining the spatial variability
of precipitation phase [3]. In many mountain regions, these contrasts affect snowpack
evolution, water availability, and the timing of river flows, impacts that have led to shifts
such as earlier streamflow timing—by about one month in recent decades [4]—forcing ski
resorts, a key economic driver in many mountain areas, to increasingly rely on artificial
snow production [5]. The Alps provide a clear example of this complexity: sharp slopes
and rapid temperature changes associated with cold and warm fronts often lead to abrupt
transitions between liquid and solid precipitation within just a few meters of elevation [6,7].

However, having an automated method to differentiate among the various precip-
itation types remains challenging, particularly when the goal is to classify phase over a
broad area rather than at a single observation point. This spatial extension is critical for
understanding how precipitation evolves across mountainous regions, yet it is limited by
the capabilities of both ground-based and remote sensing instruments, especially under
transitional or mixed-phase precipitation conditions [8,9].

Instruments such as disdrometers provide continuous in situ measurements of pre-
cipitation phase by directly analyzing precipitation particle characteristics. However,
these instruments only offer point-scale observations. To extend phase classification over
larger areas, operational polarimetric weather radars have been widely employed. These
radar-based phase estimates rely on indirect approaches, e.g., fuzzy logic methodolo-
gies developed from scattering simulations [10,11]. These techniques use membership
functions defined for each hydrometeor type and each polarimetric variable, exploit-
ing characteristic patterns that vary with precipitation type within the sampled volume.
Other approaches combine fuzzy logic schemes with unsupervised statistical clustering
methods [12]. Recently, other studies have started to apply machine learning techniques
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to address hydrometeor type classification. For example, [13] proposes a data-driven ap-
proach for winter precipitation classification using weather radar and numerical weather
prediction data, whereas [14] develops a methodology based on dual-polarization radar
measurements and thermodynamic fields. Both studies focus on surface hydrometeor
classification using temperature information and polarimetric radar data.

A major challenge in radar-based phase classification is the evaluation of these meth-
ods. The lack of in situ measurements above the surface severely limits validation of above
ground-level data. Alternatively, some studies have employed vertically pointing Micro
Rain Radar (MRR) observations for hydrometeor classification purposes with promis-
ing results [15–17]. However, these approaches have only been tested with co-located
ground-level disdrometer observations, not at higher altitudes.

For this reason, the objective of this study is three-fold: first, to test existing hydrom-
eteor classification methodologies for MRR using disdrometer data at different altitudes.
Second, to test X-band weather radar-based classification methods using both disdrometer
and MRR observations. Initial tests of the X-band classification methodology showed good
results, but with room for improvement. This motivated the third objective: to develop a
novel classification model to improve upon previous approaches by using a supervised
machine learning technique based on a random forest algorithm trained with MRR clas-
sifications. MRR was chosen as the ground truth reference because it provides real-time,
high-resolution measurements of precipitation profiles. Alternative sources such as reanal-
ysis or model outputs have much coarser resolution, and radiosonde observations are both
unavailable in the study area and temporally sparse. Moreover, real-time applicability is a
key objective of this work, which requires instruments capable of delivering immediate
data rather than post-processed products.

2. Materials and Methods
2.1. Region of Study

The Grenoble region, located in the French Alps, lies within a Y-shaped alluvial valley
at an average elevation of approximately 220 m above sea level (ASL) [7]. It is enclosed by
three major mountain ranges: the Chartreuse to the north, the Belledonne to the southeast,
and the Vercors to the west (reaching 2083, 2977, and 2341 m ASL, respectively). This
complex topography forms a deep basin that strongly influences the local meteorological
conditions [18]. The dominant winds are strongly influenced by the valley’s channelling,
leading to significant variations depending on the location [19]. The region experiences a
semi-continental climate, classified as Cfb under the Köppen system [20] and characterized
by moderate precipitation distributed throughout the year, relatively cold winters, and
warm summers. Due to the basin effect caused by the enclosing mountain ranges, the
Grenoble valley tends to exhibit warmer conditions than surrounding elevated areas,
resulting in a distinct warm-temperate microclimate. Annual precipitation in the region
typically averages around 1000 mm in the valley bottom and can be double that amount in
the surrounding mountains [18].

Figure 1 shows a topographic map of the study area, including the location of the
Météo-France X-band radar system (hereafter XRAD) situated at the summit of Mount
Moucherotte in the Vercors range, and the Institute of Environmental Geosciences research
center (IGE) located on the valley floor. At the IGE site, continuous in situ observations are
conducted using an MRR, a disdrometer, and an automatic weather station (AWS). Figure 1
also includes the Saint-Martin-d’Uriage site (904 m ASL) and the Chamrousse site (1730 m
ASL), both equipped with an IGE disdrometer. The Chamrousse site additionally hosts a
Météo-France AWS. Ten other Météo-France AWS stations are distributed along the valley
within 25 km of the IGE site (three of them shown in Figure 1).
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Figure 1. Terrain elevation of the study region (in km above sea level, color-shaded). The map shows
main roads and instrumented sites including Mount Moucherotte (1901 m ASL, X-band radar), the
IGE center (220 m ASL, disdrometer, MRR, and AWS), Chamrousse (1730 m ASL, disdrometer and
AWS), and Saint-Martin-d’Uriage (904 m ASL, disdrometer). Distances between sites (dashed lines)
are also shown. Top left, western Europe map with the study region marked with a red rectangle.

Figure 1 also indicates that horizontal distances between the study sites are less than
20 km. Given the terrain geometry, there is no radar beam blockage from the XRAD site,
which is crucial for the analysis performed. This configuration ensures that the MRR at the
IGE site and the disdrometers at Chamrousse and Saint-Martin-d’Uriage can be reliably
compared on days when precipitation is sufficiently widespread across the area. The
absence of radar beam blockage of the XRAD radar over the IGE and Chamrousse sites is
detailed in Figure 2, which includes two vertical cross-sections and a schematic view of the
XRAD radar’s Plan Position Indicator (PPI) scans relative to the MRR antenna beam.

 
(a) 

Figure 2. Cont.
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(b) 

Figure 2. Vertical cross-sections illustrating terrain profile (red line) and radar beams (solid dark
line indicates the center of the beam and grey shading indicates the 3 dB main lobe) between (a) the
Moucherotte and the IGE sites, XRAD PPIs (0.6◦, 1.2◦, 2.0◦, 3.0◦, and 4.0◦), and the MRR beam (solid
pink line indicates the center of the beam and pink shading indicates the 3 dB main lobe); (b) the
Moucherotte and Chamrousse sites, XRAD 0.6◦ PPI.

2.2. Datasets

The study spans from January 2020 to December 2023. Due to maintenance or other
technical issues, concurrent observations for all instruments were not always available.
Since the main objective of this study is to compare and validate different hydrometeor
classifications between two instruments at a time, we opted to use all concurrent observa-
tions for each comparison considered. Consequently, the number of samples used varies
among the different comparisons.

2.2.1. X-Band Weather Radar

Weather radar data were provided by the Météo-France operational X-band polarimet-
ric Doppler radar located at Mt. Moucherotte, with an antenna altitude of 1913 m ASL [21].
XRAD observations consist of successive PPI scans recorded over a 5 min scanning cycle.
Five of the six lowest elevation angles for this scanning cycle were utilized: 0.6◦, 1.2◦, 2.0◦.
3.0◦, and 4.0◦ (0.0◦ was excluded to avoid contamination from side lobes).

The XRAD operates with a range gate resolution of 240 m and a 3 dB beam width of
1.3◦. The central beam height h at a distance r from the radar is given by [22]:

h =

√
r2 + (keR)2 + 2rkeRsin(θ)− keR + H0, (1)

where R is the Earth’s radius (6371 km), ke is the Earth equivalent ratio factor for standard
propagation conditions (4/3), θ is the antenna elevation angle, and H0 is the antenna height
(1913 m ASL). Given the short range between the radar and the area of interest (10 km),
attenuation effects are considered negligible, which is consistent with previous studies
showing that X-band radars typically experience significant path-integrated attenuation
beyond 16–20 km under intense Mediterranean rainfall [23].

Radar data post-processing was performed using the Python ARM Radar Toolkit
Py-ART [24], version 1.19.1, an open-source library designed for working with weather
radar data. The variables used in the analysis include the equivalent radar reflectivity factor
measured in the horizontal plane (hereafter Ze) expressed in dBZ, the cross-correlation
coefficient (ρHV) between the horizontally and vertically polarized returns, the differential
phase (Φdp) in degrees, and the differential reflectivity (Zdr) in dB [25–27]. From these
variables, the specific differential phase (Kdp) is derived using the methodology proposed
in [28]. Precipitation is only considered when Ze exceeds 0 dBZ.
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2.2.2. Micro Rain Radar

Data from a K-band (24.3 GHz) Doppler vertical profiler MRR, model MRR-2, man-
ufactured by Metek, Meteorologische Messtechnik GmbH, Elmshorn, Germany, [29,30]
were used. The MRR is installed at the IGE site and collocated with a disdrometer. The
MRR was configured with a temporal resolution of 1 min and a vertical resolution of
100 m. It provides measurements across 30 vertical levels, ranging from 100 m to 3000 m
above ground level (hereafter AGL). For analysis, the first two levels (100 and 200 m) are
discarded to avoid ground contamination from side lobes. Thus, data from 300 m AGL to
3000 m AGL are used.

Post-processing of the MRR data is performed using the RaProM methodology [15,16],
which enables hydrometeor classification across multiple altitudes. Precipitation is only
considered when the radar reflectivity (Ze) exceeds 0 dBZ for at least three consecu-
tive minutes at a minimum of 10 distinct vertical levels, consistent with other similar
studies [27–29]. Observations that do not meet this condition are excluded from
the analysis.

The MRR radar constant was calibrated following the manufacturer’s methodology,
as implemented in previous studies [31,32]. First, accumulated rainfall estimates over
30 min intervals were compared with concurrent measurements from the IGE automatic
weather station rain gauge. Then, a calibration factor, M, was calculated as the median ratio
between MRR-estimated and gauge-measured rainfall for these intervals. The obtained
factor (M = 0.18) was then applied to correct the raw spectral reflectivity data from the
MRR. After calibration, the RaProM processing was repeated on the adjusted data.

To facilitate comparison between the hydrometeor classification provided by the MRR
and that obtained from the XRAD, an integration analysis was conducted to identify which
MRR vertical levels intersected the XRAD beam volumes [33]. The contribution of each
MRR level within the beam was weighted according to the beam’s vertical distribution,
assuming a Gaussian-like decay in sensitivity from the middle of the radar beam [34].
Table 1 summarizes the analyzed MRR altitudes and the weights assigned to each level.

Table 1. Correspondence between XRAD PPI antenna elevations, height of the beam above sea level,
MRR levels and their weight relative to the radar beam.

PPI Elevation [deg] Beam Height
[m ASL] MRR Levels Weight of Each

Level

0.6 2032 16-17-18 0.29-0.39-0.32
1.2 2143 17-18-19 0.27-0.39-0.34
2.0 2292 19-20 0.47-0.53
3.0 2478 21-22 0.49-0.51
4.0 2665 22-23-24 0.25-0.38-0.37

Based on these weights, MRR reflectivity values are aggregated into a single weighted
value representing the portion of the MRR column observed by the radar beam. In contrast,
all hydrometeor classification values within the beam are considered equally (i.e., with-
out weighting). All classification types are stored in an array to subsequently select the
representative precipitation type.

To enable direct comparison with the radar, both the disdrometer and MRR data are
temporally aggregated to 5 min intervals. For each interval, the median reflectivity is
computed, and the corresponding hydrometeor classification types are stored in an array.
Since different vertical levels are analyzed, up to a total of 15 classification values can be
present within each 5 min interval. To determine a representative category, only the three
most frequent hydrometeor types are considered for the final selection. Furthermore, the
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second and third most frequent types are only retained if each account for more than 33%
of the total occurrences within the 5 min period and across all analyzed levels.

2.2.3. Disdrometer

Three OTT Parsivel2 disdrometers manufactured by OTT HydroMet, Kempten, Ger-
many, [35,36] were utilized in this study, located at: the IGE research center (collo-
cated with the MRR), Saint-Martin-d’Uriage (904 m ASL), and the Chamrousse AWS site
(1730 m ASL). These instruments recorded measurements with a temporal resolution of
1 min, storing raw data for post-processing to derive the rainfall drop size distribution
(DSD) and associated microphysical parameters. The DSD, which represents the number
concentration of raindrops as a function of their diameter, is essential for the analysis of
rainfall microphysics processes.

A quality control procedure was applied to remove non-meteorological artefacts in
the DSD records, such as spurious detections caused by insects or instrumental noise, as
described in previous studies [37–39]. To ensure data reliability, a minute of data was
considered valid precipitation only if it belonged to a set of at least three consecutive
minutes with more than 50 detected particles per minute. Minutes that did not meet
this criterion were excluded from the analysis. The disdrometer data served two main
purposes: (1) to validate the hydrometeor classification results at ground level at both
the IGE and Chamrousse sites using the manufacturer’s software, and (2) to compare the
measured reflectivity, Z, derived from the DSD [40–43] under liquid rainfall conditions.
The reflectivity, Z, expressed in dBZ, is calculated using the following equation:

Z(dBZ) = 10log10(∑
i

N(Di)·D6
i ·∆Di), (2)

where Di is the mean volume equivalent diameter of drop size class i (mm). The ∆Di is the
width of the diameter class (mm) and N(D i) is the drop concentration per unit volume
and per unit diameter for each class i (m−3 mm −1). The summation is performed for each
drop size class i defined by the disdrometer. The drop concentration N(Di) for a given
diameter i is calculated as [40]:

N(Di) =
n

∑
j=1

nij

Ai ·Vi·∆Di·∆t
, (3)

where nij is the number of drops recorded in diameter class i and velocity class j. Ai is
the effective sampling area of the disdrometer for each diameter class i, ∆t is the sampling
interval time (60 s), ∆Di is the width of the diameter class. Finally, unlike [40], we do not
use the disdrometer fall velocities measure. Instead, we use Vi, the theoretical fall velocity
for each diameter i according to the following terminal velocity expression [44,45], where
V is given in m/s and D is expressed in mm:

V = 9.5
(

1 − e−0.6D
)

. (4)

To enable temporal comparison with the XRAD, the disdrometer data were aggregated
over 5 min intervals. For each interval, the median reflectivity was computed, the total
precipitation accumulation was summed, and all values related to the precipitation type
were stored in an array. This procedure allowed a subsequent comparison with the XRAD
and MRR, selecting the best match according to the usual principle of fuzzy verification
methods [46].
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The disdrometer at IGE was operational during the same periods as the MRR, with
the data analyzed corresponding to the period from 2020 to 2023. The Chamrousse and
Saint-Martin-d’Uriage disdrometers have been operating continuously since January 2021.

2.2.4. Automatic Weather Station and Temperature Profile

Data from 11 surface AWSs are used in this study, including 10 stations operated by
Météo-France and one managed by IGE. The Météo-France stations are distributed across
the Grenoble valley, providing comprehensive spatial coverage across different elevations
(from the valley floor at 220 m ASL up to 2240 m ASL) and located within a maximum
distance of about 25 km from the IGE site. These AWS datasets include hourly averages of
air temperature and relative humidity (measured at 1.5 m AGL), wind speed and direction
(measured at 10 m AGL), and accumulated precipitation. Table 2 lists the Météo-France
AWS used, including their name, geographical coordinates, altitude, and distance from the
IGE site. The IGE station, located at the IGE research center on the valley floor, records the
same meteorological parameters but at a higher temporal resolution of 10 min.

Table 2. Name, latitude, longitude, altitude, and distance from the IGE site of Météo-France
AWSs used.

AWS Name Latitude [deg] Longitude [deg] Altitude [km ASL] Distance from IGE [km]

Grenoble-CEA 45.21 5.68 0.22 6.5
Grenoble-LVD 45.22 5.85 0.22 7.3

Theys 45.30 6.00 0.62 21.9
Saint-Hilaire SAPC 45.31 5.88 0.99 16.5
Col de Porte Nivose 45.29 5.77 1.32 11.2

Pipay SAPC 45.27 6.02 1.58 21.4
Le Gua Nivose 45.01 5.59 1.65 24.1

Chamrousse 45.13 5.88 1.73 11.7
Saint-Hilaire Nivose 45.31 5.86 1.76 15.5

Aigleton Nivose 45.23 6.04 2.24 22.0

2.2.5. AROME Forecast

Data from the operational high-resolution numerical weather prediction model
AROME [47,48] was utilized in this study. AROME provides hourly forecasts with a
horizontal resolution of approximately 1.3 km. Temperature data were extracted at the
following predefined heights AGL: 2, 10, 20, 35, 50, 75, 100, 150, 200, 250, 375, 500, 625,
750, 875, 1000, 1125, 1250, 1375, 1500, 1750, 2000, 2250, 2500, 2750, and 3000 m. The ref-
erence surface for these heights corresponds to the AROME model orography, which is
approximately 257 m ASL for the Grenoble area.

2.3. Methodology

Our methodology for validating the classification methods proceeds in three distinct
steps: first, the MRR classification is checked against disdrometer observations, which is
considered the original ground-truth reference, following the approach used in [15,49];
however, note that no modifications are performed to the MRR classification during this
step. Then, the MRR classification is considered the reference in subsequent comparisons
with XRAD-based classification methods. This approach allows for a more consistent com-
parison than would be possible in an XRAD to disdrometer data comparison given the fact
that both MRR and XRAD share common observation volumes, whereas the disdrometer
at Chamrousse site is located approximately 397 m below the radar center beam level,
introducing a spatial mismatch. Finally, XRAD is compared directly with the disdrometer.
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This final step serves to evaluate and contrast its performance against the original ground
reference and an independent dataset used in the initial methodology comparison.

2.3.1. Hydrometeor Classification Methods

Different methods were employed for hydrometeor classification depending on the
instrument. Disdrometer data were classified using the manufacturer’s proprietary soft-
ware, here referred to simply as the disdrometer classification. For the MRR, the RaProM
program was applied as previously explained (hereafter, MRR classification).

The XRAD hydrometeor classification was conducted using three main schemes,
based on the polarimetric variables and with temperature as an optional parameter, which
finally yielded a total of 10 different variants. The first two schemes are part of the
Colorado State University (CSU) Radar Tool Kit [50] and the third is based on random
forest machine learning.

The first CSU scheme, called csu_fhc_summer [10,51] (hereafter HCS), was specifically
designed for warm weather, but can also be applied to cooler conditions. It uses radar vari-
ables (Ze, Zdr, ρHV , and Kdp) for each individual radar pixel as input, with temperature as
an optional parameter. HCS classifies hydrometeors into ten categories. This methodology
operates pixel-by-pixel in the radar data, independent of the surrounding pixels.

The second CSU scheme, called run_winter (hereafter HCW), is described in [11] and
was designed for cool weather conditions where the freezing level is often contained in
the radar volume. It uses as input data polarimetric radar variables and, optionally, a
temperature profile. First, the method attempts to determine the freezing level, and then
classifies hydrometeors into seven categories. If temperature is available, it is used to assess
the possibility of frozen precipitation below the freezing level. Unlike HCS, HCW requires
all PPI data from the radar to evaluate hydrometeor classification, so it cannot be applied
to isolated individual radar pixels.

This study also introduces a new hydrometeor classification methodology based on
machine learning. A random forest classifier [52] was selected because it is a decision-
tree-based approach that allows an analysis of the criteria used for classification. Thus,
results can be interpreted more easily in physical terms. The input features were limited to
a maximum of five (four polarimetric radar variables and temperature), making random
forest an appropriate choice for this context. The random forest algorithm works by
constructing an ensemble of decision trees, each trained on a random subset of the data
and features, and then combining their predictions through majority voting.

The random forest classifier was implemented using Scikit-learn [53], version 1.6.1.
Hyperparameter tuning was performed using a grid search combined with five-fold cross-
validation on the training set. The objective metric was overall accuracy, with secondary
checks on class-balanced performance. The tested ranges included tree depth (3–10),
minimum samples per split (5–30), and impurity decrease thresholds (0.0001–0.01). The
configuration reported above yielded the best validation accuracy. The total number of
decision trees was set to 100, the splitting criterion was Gini impurity, and the maximum
tree depth was limited to five levels. The minimum number of samples required to split
an internal node was fixed at 15, and the minimum number of samples required at a
leaf node was also set to 15. A node was split only if the split resulted in an impurity
decrease greater than or equal to 0.001. Finally, the class weights were adjusted to the
‘balanced’ mode to account for class imbalance. For training and testing, the dataset was
randomly divided into a training set and a testing set, reserving 20% of the data for testing.
Additionally, to address concerns regarding temporal autocorrelation within consecutive
minutes of precipitation, a blocked validation approach was implemented. Five days
were randomly selected and excluded from the training set to form the test set, thereby
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reducing the influence of event-specific temporal structures. To make the results more
robust and independent of the specific days selected, this procedure was repeated 100 times,
each time selecting five different days as the test set. Details of the predictor set, target
variable, pre-processing steps, QC thresholds, and RF hyperparameters are summarized in
Table A1 (Appendix A).

The algorithm classifies hydrometeors into three categories, using the MRR classifica-
tion as the target. A total of five different schemes based on this random forest approach
were evaluated: three using different temperature profiles; one using only the vertical
temperature profile, with Ze as a mask for precipitation presence; and one using all radar
variables without temperature information. These last two schemes were included to assess
the added value of combining polarimetric radar data with temperature, as opposed to
using these data sources separately.

Since each hydrometeor classification method (Disdrometer, MRR, HCS, HCW, RF)
has its own unique set and number of categories, a unified classification was adopted
for intercomparison. Table 3 shows the mapping between the original classification and
the three final categories considered. For simplicity, these categories correspond to the
predominant hydrometeor phase, i.e., solid, liquid, and mixed, hereafter referred to as rain,
mixed, and snow. Although a simplified classification based on predominant phase (rain,
mixed, snow) was adopted, the mixed category is especially sensitive to uncertainty near
the melting layer. The absence of a universal threshold for defining mixed precipitation
introduces ambiguity that can affect the coherence of intercomparisons. Nevertheless, we
consider that these classifications are comparable enough to allow the intercomparison
study to be carried out.

Table 3. Hydrometeor categories for each classification method (HCS, HCW, Disdrometer, and MRR)
and the simplified classification considered in this study (rain, mixed, and snow).

HCS HCW Disdrometer MRR This Study

Drizzle Drizzle Drizzle
RainRain

Big drops Rain Drizzle with rain
Rain Rain

Wet/melting snow Wet snow Rain drizzle with snow Mixed Mixed

Ice crystals
Aggregates

Vertically aligned ice
Low-density graupel

Ice crystals
Aggregates

Plates
Dendrites

Snow
Snow grains Snow Snow

High-density graupel
Hail Frozen precipitation Soft hail

Hail Hail Not considered

The Hail category was excluded from the analysis due to its negligible occurrence
during the observation period and the lack of consistent detection across all instruments.

Only those time intervals where both instruments being compared detected some
type of precipitation were considered. Minutes classified as ‘no-detection’ or ‘unknown’
were excluded from the analysis. As previously mentioned, the disdrometer and the
MRR data were temporally aggregated to 5 min intervals, with the MRR analysis also
considering specific vertical levels. All identified hydrometeor types within each 5 min
period were stored in a vector for comparison. For the MRR, the three most frequent
categories within that interval are considered, if each reaches a minimum weight of 33%
of the total occurrences. The comparison is then performed by checking whether any of
the categories meeting this condition coincide between the two instruments. If no match
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is found, the category with the highest overall weight is selected for the comparison. The
33% threshold was selected because it corresponds to the chance-level share for three
classes (rain, mixed, snow), ensuring that only categories with substantial representation
are included. This prevents spurious matches from low-frequency labels. Empirically, ~75%
of intervals retained the modal category after aggregation.

2.3.2. Temperature Profiles

To characterize the vertical temperature profile in the region of study, three different
approaches are utilized. The first one, based on the AROME model forecast column over the
IGE site, builds a temperature profile that interpolates the temperature model levels linearly
in space and time to match the temporal intervals and altitudes required for comparison
with XRAD observations.

The second approach consists of using temperature in-situ measurements from AWS
stations at different altitudes, following an approach similar to [54], assuming near-surface
temperature homogeneity across the valley floor. This hypothesis was assessed using
multiple low-altitude stations, as in [55]. Specifically, the median ground-level temperature
was computed from three stations in Grenoble city (IGE, Grenoble-CEA, and Grenoble-
LVD). Four additional stations located between 1578 m and 1756 m ASL (Chamrousse,
Saint-Hilaire-Nivose, Le Gua-Nivose, and Pipay Sapc) were combined to define a single
level at approximately 1722 m ASL. This approach yields a simplified vertical profile
spanning from 220 m to 2240 m ASL, using six altitude levels: 220 m (median), 615 m,
990 m, 1325 m, ~1720 m (median), and 2240 m. Temperatures among these levels were
linearly interpolated, and above 2240 m, extrapolated using a standard atmosphere envi-
ronmental lapse rate of 6.5 ◦C/km. Finally, hourly temperature data were interpolated to a
5 min resolution to match radar observations.

The third method is based on finding the freezing level height derived from the
MRR vertical hydrometeor classification, assumed to occur near the 0◦C level. Using
10 min temperature measurements from the IGE AWS, collocated with the MRR, the
vertical temperature gradient is estimated at each time step, allowing the reconstruction of
a vertical temperature profile. The profile is derived as follows: for every five averaged
MRR profiles, the freezing level height is extracted. However, freezing level estimates often
display high variability due to signal noise. To mitigate this, several filters are applied. First,
daily freezing level values exceeding one standard deviation from the global dataset are
excluded to remove potential outliers. Second, when no freezing level is detected, a median
temperature lapse rate is assigned, either the daily median or, if unavailable, the annual
median temperature lapse rate of −6.8 ◦C/km, calculated from the MRR data. Finally, if the
resulting temperature lapse rate falls outside the interquartile range, it is replaced with a
value within the range, as such extremes are considered erroneous. Table A2 (Appendix B)
summarizes all classification methods.

2.3.3. Verification Metrics

To characterize and compare the performance of the different hydrometeor classifi-
cation methods, a contingency table (confusion matrix) is used to compute the associated
verification scores [56–58], described below.

Accuracy is defined as the proportion of total correct predictions relative to the total
number of samples. It ranges from 0 (no correct predictions) to 1 (perfect classification):

Accuracy =
∑N

i=1 cii

T
, (5)
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where cii is the number of corrected predictions for class i, N is the total number of classes
and T the total number of samples.

Heidke skill score (HSS) [59] evaluates the skill of the classification compared to
random chance:

HSS =
∑N

i=1 ciiT − ∑N
i=1 CiRi

T2 − ∑N
i=1 CiRi

, (6)

where Ri is the total number of observed instances of class i and Ci the total num-
ber of predicted instances as class i. HSS ranges from 0 (random classification) to
1 (perfect classification).

Gerrity skill score (GSS) [60], evaluates the performance of precipitation classification
across the three categories considered (rain, mixed, and snow), assigning different weights
to misclassifications so that errors between adjacent classes (e.g., snow classified as mixed)
are penalized less severely than errors between distant classes (e.g., snow classified as rain).
GSS ranges from 0 (no skill, equivalent to random classification) to 1 (perfect classification).
GSS is computed according to:

GSS =
∑N

i=1 ∑N
j=1 cijSij

T
, (7)

where Sij is a parameter that assigns a weight based on the difference between classes,
so that misclassifications between adjacent classes are penalized less severely than those
between non-adjacent classes.

Precision reports the proportion of correctly predicted instances among all instances
predicted as class i:

Precisioni =
cii
Ci

, (8)

Recall is the proportion of correctly predicted instances among all actual instances of
class i:

Recalli =
cii
Ri

, (9)

(note that precision is also known as success ratio and recall as probability of detection
according to [61]).

F1-score provides a single score that balances the recall and the precision:

F1i = 2
Precisioni·Recalli

Precisioni + Recalli
, (10)

and finally, Frequency Bias indicates whether a class tends to be overpredicted (value
greater than 1) or underpredicted (value lower than 1):

Frequency Biasi =
Ci
Ri

. (11)

3. Results
3.1. Overview of Selected Events

An example of the events examined is presented in Figure 3, corresponding to 1
December 2023. At the beginning of the event, precipitation occurred as rain above
2.0 km ASL and after 19:00 UTC, and snow reached the surface at 0.2 km ASL at the
IGE site, illustrating a transition phase observed by all instruments.

As illustrated in Figure 3a, this case corresponds to a stratiform precipitation event
characterized by a distinct bright band around 2.52 km ASL at the beginning of the day.
This bright band gradually descended, reaching the surface at the IGE site between approxi-
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mately 13:00 and 19:00 UTC. Additionally, it is visually apparent that all three instruments—
XRAD, MRR at 2.0 km ASL, and the disdrometer at 1.7 km ASL—detect similar reflectivity
values and evolution, indicating proper calibration of the MRR and good agreement among
the instruments.

Similarly, at lower altitudes (MRR at 0.5 km ASL and the disdrometer at 0.2 km ASL),
a consistent relationship between the reflectivity is observed, until the bright band reaches
the surface. At that point, the disdrometer records significantly higher reflectivity than the
MRR. This difference can be primarily explained by the 300 m vertical difference between
the lowest MRR measurement level and the disdrometer location.

  
(a) (b) 

Figure 3. 1 December 2023 event, showing a transition from liquid to solid precipitation from 2500 m
ASL down to ground level (220 m ASL). (a) Top panel: Time series of equivalent radar reflectivity
factor Ze [dBZ] from the XRAD (red) and MRR (blue) at 2020 m ASL, and from the Chamrousse
disdrometer (orange) at 1720 m ASL. Middle: Vertical profile of reflectivity from the MRR from 520 m
to 3220 m ASL. Bottom panel: Time series of Ze [dBZ] from the MRR at 520 m ASL (blue) and the IGE
disdrometer at 220 m ASL (orange). (b) Same panels as (a), but for hydrometeor classification (Rain,
Mixed, Snow) using the HCS_AWS for the XRAD.

Figure 3b shows the hydrometeor classification, and, according to the MRR, the
phase change aligns well with the bright band seen in Figure 3a. Hydrometeor types
classified by the MRR and the disdrometer agree well, detecting the phase transition almost
simultaneously both in height and at the surface. In contrast, the XRAD classification
shows less agreement with the MRR at higher altitudes, as it records more mixed or
snow precipitation during the first hours, while the MRR still detects rain. Despite this
discrepancy, once the MRR detects snow, the XRAD also identifies snow.

3.2. Disdrometer vs. MRR

Figure 4 presents the contingency table comparing hydrometeor classifications based
on disdrometers and the MRR, using 44,387 min of concurrent observations. This includes
data from three measurement sites: the IGE site (with 19,142 min), the Saint-Martin-d’Uriage
site (10,675 min), and the Chamrousse site (14,570 min).

As shown in Figure 4, there is a strong agreement (demonstrated by the high values
on the diagonal or the contingency table), indicating a good correspondence between the
classifications from both instruments. Table 4 shows the statistical values of Figure 4, with
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an Accuracy of 86%, HSS of 0.68, and a GSS of 0.82, suggesting substantial agreement
between two instruments. The performance metrics by class reveal high Precision and
Recall for most hydrometeor types. However, the mixed category shows poorer results,
particularly in terms of Precision, with a value of 0.08 and a Frequency Bias of 10.45.
This indicates that the MRR overestimates the mixed category, while the disdrometer
tends to classify these cases as rain. This discrepancy may arise from the fact that, at
the IGE site, the MRR data used in the comparison corresponds to its third vertical level,
located approximately 300 m above the surface disdrometer. This vertical separation may
introduce systematic classification differences due to possible phase changes occurring
within that layer. At the Chamrousse and Saint-Martin-d’Uriage sites, the spatial separation
between the MRR (located at IGE) and the disdrometer (located ~10 km away) must also
be considered, as local meteorological variability can affect the observed hydrometeor
types. Furthermore, differences may also stem from the intrinsic nature of the instruments:
the disdrometer provides point measurements at the surface, whereas the MRR retrieves
data over a vertical volume. This difference in spatial and temporal sampling can lead to
the disdrometer underestimating mixed-phase precipitation while the MRR overestimates
it. Therefore, the high frequency bias observed for this category should not necessarily
be interpreted as an error, but rather as a consequence of the inherent characteristics of
the instruments.

Despite these spatial and vertical differences, the matrix indicates good agreement
between both instruments for rain and snow, while discrepancies in mixed-phase data
remain. Nevertheless, this level of consistency can be considered satisfactory for the
purposes of intercomparison and supports the overall reliability of their respective
classification algorithms.

Table 4. Statistical values of Accuracy, HSS, Precision, Recall, F1-score, and Frequency Bias for the
hydrometeor classification results comparing disdrometer vs. MRR.

Disdrometer vs. MRR

Accuracy [%] 86

HSS 0.68

GSS 0.82

Precision
Rain 0.99

Mixed 0.08
Snow 0.87

Recall
Rain 0.86

Mixed 0.79
Snow 0.86

F1-score
Rain 0.92

Mixed 0.14
Snow 0.86

Frequency Bias
Rain 0.87

Mixed 10.45
Snow 0.99
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Figure 4. Contingency table comparing hydrometeor classifications based on disdrometer and MRR
data. Values in each cell indicate the proportion relative to the disdrometer category (color-coded) and
the absolute count (in parentheses). Percentages for each hydrometeor category are also indicated:
for the MRR, along the x-axis, and for the disdrometer, along the y-axis, representing the relative
frequency of each category for each instrument.

3.3. MRR vs. XRAD

In the following section, the results of the different sub-methods for hydrometeor type
classification based on the HCS and HCW are analyzed with respect to the classification
obtained from the MRR. The analysis includes all available PPI elevation angles, with a
total of 34,685 min processed, summing all minutes across the selected levels. Figure 5
presents the contingency tables for the two best-performing methods: HCS_AWS and
HCS_AROME, while Table 5 summarizes the statistical results of these methods, also
including HCW_NTemp, HCS_NTemp, and HCS_FL.

  
(a) (b) 

Figure 5. Contingency table comparing hydrometeor classifications based on MRR and (a) HCS_AWS,
(b) HCS_AROME data. Values in each cell indicate the proportion relative to the MRR category
(color-coded) and the absolute count (in parentheses). Percentages for each hydrometeor category are
also indicated: for the (a) HCS_AWS and (b) HCS_AROME, along the x-axis, and for the MRR, along
the y-axis, representing the relative frequency of each category for each instrument.

As shown in Table 5, the best classification performance is achieved with HCS_AROME,
reaching an Accuracy of 63%, followed by HCS_AWS at 61%, and HCS_FL at 55%. Similarly,
the highest GSS and HSS scores are also obtained by HCS_AROME. In contrast, methods
that do not use temperature information (HCS_NTemp and HCW_NTemp) show limited
agreement with the reference classification. These approaches exhibit a strong tendency
to classify hydrometeors as mixed, resulting in a high Frequency Bias for this class and
very low frequencies for rain and snow. This behavior negatively affects class precision and
skill scores, with HSS and GSS values of 0.09 and 0.19 for HCS_NTemp, and 0.10 and 0.19
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for HCW_NTemp, respectively. Such low values indicate that their performance is only
marginally better than random classification. Consequently, overall Accuracy is poor, 35%
for HCS_NTemp and 44% for HCW_NTemp. These results clearly demonstrate that incorpo-
rating temperature information substantially improves classification accuracy, highlighting
the importance and benefits of using a temperature profile in hydrometeor classification.

Table 5. Same as Table 4, but showing classifications comparing MRR vs. HCS_NTemp, MRR vs.
HCW_NTemp, MRR vs. HCS_AWS, MRR vs. HCS_FL, and MRR vs. HCS_AROME.

HCS_NTemp HCW_NTemp HCS_AWS HCS_FL HCS_AROME

Accuracy [%] 35 44 61 55 63

HSS 0.09 0.19 0.37 0.33 0.44

GSS 0.10 0.19 0.43 0.42 0.48

Precision
Rain 0.45 0.75 0.76 0.66 0.69

Mixed 0.28 0.31 0.31 0.27 0.38
Snow 0.60 0.68 0.75 0.84 0.88

Recall
Rain 0.24 0.16 0.27 0.43 0.40

Mixed 0.81 0.83 0.44 0.59 0.73
Snow 0.17 0.41 0.90 0.60 0.72

F1-score
Rain 0.31 0.27 0.39 0.52 0.51

Mixed 0.42 0.45 0.37 0.37 0.50
Snow 0.27 0.51 0.82 0.71 0.79

Frequency
Bias
Rain 0.53 0.22 0.35 0.66 0.58

Mixed 2.85 2.69 1.41 2.20 1.9
Snow 0.29 0.60 1.20 0.72 0.82

3.4. Machine Learning Classification

The next section presents the results of the five random forest hydrometeor classi-
fication methods. A training dataset consisting of 34,685 samples and a test dataset of
6961 samples were constructed. Figure 6 shows the results obtained from the model trained
on the AROME profile (RF_AROME), which was also tested using temperature profiles
from AWS.

 
(a) (b) 

Figure 6. Contingency table comparing hydrometeor classifications based on MRR and (a) RF_AWS,
(b) RF_AROME data. Values in each cell indicate the proportion relative to the MRR category (color-
coded) and the absolute count (in parentheses). Percentages for each hydrometeor category are also
indicated: for the (a) RF_AWS and (b) RF_AROME, along the x-axis, and for the MRR, along the
y-axis, representing the relative frequency of each category for each instrument.
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Table 6 summarizes the statistical results corresponding to Figure 6 and the rest of the
random forest classification methods, RF_FL, RF_Temp and RF_NTemp. We can observe
that all statistical values have improved with this new classification approach. The best
performance is obtained when using the RF_AROME, with an Accuracy of 74% and an
HSS of 0.57, indicating a substantial level of agreement. When the model was trained using
the blocked validation approach, the median values across 100 iterations were very similar
to those obtained with the original random 80/20 split. This confirms that the classification
performance is robust and not significantly affected by temporal autocorrelation in the data.
The results obtained with temperature profiles from AWS and the MRR also show improved
performance, with Accuracy of 71% and 70% and HSS values of 0.53 and 0.50, respectively.
Regarding the other statistical measures, the rain and snow classes are generally well
classified, showing robust scores, while the mixed class remains the most challenging to
identify correctly and is underestimated in this case, with a frequency bias of 0.84 and low
precision and recall values of 0.48 and 0.40, respectively, for the RF_AROME model.

Table 6. Same as Table 5, but showing classifications comparing MRR vs. RF_Temp, MRR vs.
RF_NTemp, MRR vs. RF_AWS, MRR vs. RF_FL, and MRR vs. RF_AROME.

RF_Temp RF_NTemp RF_AWS RF_FL RF_AROME

Accuracy
[%] 71 51 71 70 74

HSS 0.54 0.20 0.53 0.50 0.57

GSS 0.63 0.22 0.65 0.60 0.66

Precision
Rain 0.77 0.44 0.68 0.74 0.76

Mixed 0.41 0.32 0.41 0.36 0.48
Snow 0.82 0.60 0.83 0.77 0.81

Recall
Rain 0.72 0.49 0.88 0.68 0.77

Mixed 0.49 0.23 0.30 0.26 0.40
Snow 0.79 0.63 0.77 0.90 0.85

F1-score
Rain 0.75 0.46 0.77 0.71 0.77

Mixed 0.45 0.27 0.34 0.30 0.44
Snow 0.80 0.62 0.80 0.83 0.83

Frequency
Bias
Rain 0.94 1.09 1.29 0.91 1.02

Mixed 1.19 0.72 0.74 0.73 0.84
Snow 0.96 1.06 0.92 1.17 1.05

Finally, we can observe that using only the vertical temperature profile, RF_Temp,
for classification also leads to good results, with a global Accuracy of 71% and a GSS of
0.63. These results clearly demonstrate the dominant role of temperature in hydrometeor
classification. While polarimetric radar variables showed a relatively small importance in
distinguishing precipitation types, their inclusion resulted in an increased overall Accuracy
of 74%. On the other hand, it should be noted that using only radar data without the
vertical temperature profile yields an Accuracy of 51% and an HSS of 0.20, providing clear
evidence for the need to include the temperature profile. Nevertheless, these results are
still better than the HCW_NTemp classification, which did not use either temperature for
classification. Finally, it can be stated that, although the temperature profiles obtained from
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RF_AWS and RF_FL methods yield slightly lower classification performance, they can still
be considered sufficiently accurate and applicable for practical use.

To better understand the physical processes governing the random forest model’s
decisions, we analyzed the feature importances and the median classification criteria of
the first and second levels across the 100 constituent trees. As anticipated for precipitation
phase classification, temperature is the most influential variable, exhibiting a dominant
importance score of 0.87 (on a 1-point scale). It is followed by Ze and Zdr, with importance
scores of 0.05 and 0.04, respectively. Both variables are strongly associated with the pre-
cipitation phase: Ze tends to be lower for snow and higher in the mixed phase associated
with the bright band, while Zdr indicates the degree of particle flattening, a typical feature
of liquid drops. Finally, Kdp, and ρHV , with lower scores of 0.02 and 0.01, play a less sig-
nificant role in the overall model structure. To specifically probe the mixed-phase regime,
we conducted a targeted experiment restricting the evaluation to temperatures between
−2 ◦C and +6 ◦C, where snow, mixed, and rain can coexist. As expected for this transition
zone, the overall accuracy decreases to ~65% due to the increased ambiguity near phase
boundaries. Within this range, temperature remains the most influential predictor, but with
a reduced importance score of 0, reflecting the greater role of non-thermal signatures in
mixed-phase conditions. Ze is the second most informative variable, with an importance of
0.12, which is consistent with enhanced bright-band effects. The remaining polarimetric
variables retain importance values comparable to the full-sample analysis.

The analysis of the median classification criteria across the first level of each decision
tree of the random forest confirms the primary role of temperature and reveals the physical
nature of the resulting splits. In the first level, 41% of the trees utilize temperature for the
initial split, using a median threshold of −0.5 ◦C. This fundamental division classifies tem-
peratures below this threshold as snow and higher values as rain, effectively separating the
solid and liquid precipitation regimes. The second classification criteria involve Ze, which
is used in 24% of the trees, dividing the dataset at approximately 29 dBZ by classifying
lower values as snow and higher values as mixed. This high reflectivity threshold is consis-
tent with the characteristics of the bright band associated with the mixed phase. Similarly,
Zdr splits the dataset at 24% of the trees at a median threshold of 0.9 dBZ, separating values
below this into the snow category and higher values into rain, reflecting the expected
higher degree of particle flattening in rain. Kdp is utilized in 11% of the trees and divides
the dataset into rain values below 0.23 and mixed values above. The criteria observed in
the second level are highly similar to those in the first, with temperature remaining the
most common variable for splitting 42%, reinforcing the stability and robustness of these
physical classification rules throughout the model. Furthermore, the robustness of the
classification method is highlighted by the performance of the individual estimators: the
median Accuracy of each individual tree is 70%, and the standard deviation across the
100 trees is only 0.04 points.

3.5. Disdrometer vs. XRAD

Finally, RF_AROME and HCS_AROME are evaluated against the disdrometer instru-
ment, located at a higher elevation in Chamrousse. It should be noted that the radar beam
and the disdrometer are separated by a vertical distance of approximately 397 m, which
may influence the observed hydrometeor phase due to temperature and microphysical
gradients. Figure 7 shows the contingency table of the classification using HCS_AROME
and RF_AROME. In this case, since the XRAD data correspond to the Chambrousse site
and were not included in the training dataset from the IGE site, the evaluation represents
an independent test. The RF_AROME model was trained using all data from the IGE site.
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(a) (b) 

Figure 7. Contingency table comparing hydrometeor classifications based on disdrometer and
(a) HCS_AWS, (b) RF_AROME data. Values in each cell indicate the proportion relative to the
disdrometer category (color-coded) and the absolute count (in parentheses). Percentages for each
hydrometeor category are also indicated: for the (a) HCS_AWS and (b) RF_AROME, along the x-axis,
and for the disdrometer, along the y-axis, representing the relative frequency of each category for
each instrument.

Table 7 shows the verification scores corresponding to Figure 7, based on 7122 min.
The scores indicate a significant improvement in the classification provided by RF_AROME
compared to HCS_AROME. The overall Accuracy increases from 47% to 78%, and all other
scores also show a clear improvement. This is particularly important for the RF_AROME
method, as the other methods tended to classify a large proportion of hydrometeors as
Mixed, resulting in a Frequency Bias of 15.87 for the HCS_AROME model, which was
reduced to 7.53 in the RF_AROME model.

Table 7. Same as Table 6, but showing disdrometer vs. HCS_AROME and disdrometer vs.
RF_AROME.

HCS_AROME RF_AROME

Accuracy [%] 47 78

HSS 0.30 0.61

GSS 0.48 0.74

Precision
Rain 0.92 0.98

Mixed 0.06 0.10
Snow 0.88 0.82

Recall
Rain 0.27 0.70

Mixed 0.91 0.77
Snow 0.78 0.92

F1-score
Rain 0.41 0.81

Mixed 0.11 0.18
Snow 0.78 0.86

Frequency Bias
Rain 0.29 0.71

Mixed 15.87 7.53
Snow 0.88 1.12
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It is also important to mention the difference in HSS and GSS scores for each method:
HCS_AROME achieves values of 0.30 and 0.48, while the RF_AROME model reaches
0.61 and 0.74, respectively, indicating a substantial improvement. The high GSS value is
particularly significant, as it indicates that most classification errors occur between adjacent
classes. Consistent with this, we performed a temperature-based sensitivity analysis relative
to the melting layer: when excluding the temperature transition range (−2 ◦C to +6 ◦C),
overall accuracy increases to 92%, with rain/snow frequency bias close to 1. However,
within that range, accuracy drops to 68% and snow precision to 0.38, underscoring the
challenge of mixed-phase conditions. This behavior can be partly explained by the 397 m
vertical separation between the radar beam and the disdrometer.

4. Discussion
The results of this study confirm the feasibility of improving hydrometeor phase clas-

sification using remote sensing observations combined with machine learning techniques,
specifically by integrating observations from MRR and an operational X-band polarimetric
radar. Validation against independent instruments, such as disdrometers, demonstrates the
robustness of the MRR-based classification RaProM [15,16], which was subsequently used
as a reliable reference for assessing the performance of the operational XRAD schemes. This
approach aligns with previous studies that ensure consistency between ground-based and
radar-based observations. For instance, [62] validated radar-based hydrometeor classifica-
tion using surface observations, while [33] emphasized the importance of cross-validation
with disdrometer data to improve classification reliability.

A key finding of this study is that the two radar systems demonstrate contrasting
requirements for hydrometeor classification. The RaProM methodology enables the MRR
to classify hydrometeors without relying on external temperature profiles, achieving an
Accuracy of 86% when compared to disdrometer observations. In contrast, XRAD shows
a strong dependency on accurate vertical temperature information. Without temperature
input, RF_NTemp classification Accuracy drops significantly to 51%, whereas incorpo-
rating temperature data, RF_AROME improves performance to 74% when benchmarked
against MRR classification. This dependency aligns with previous research emphasizing
the importance of thermodynamic profiles in operational radar-based hydrometeor clas-
sification [11,63]. The likely explanation for this difference lies in the radar capabilities:
operational radars such as XRAD do not directly measure fall velocity, a key parameter for
distinguishing hydrometeor phases, while the MRR does.

It is also noteworthy that a classification approach using only reflectivity and temper-
ature, without polarimetric variables, achieves 71% Accuracy relative to the MRR. This
classification performs three percentage points lower than the model incorporating both
polarimetric data and temperature. While this represents a modest gain in Accuracy, the
increase underscores the critical added value of polarimetry for enhancing the discrimina-
tion of hydrometeor types. Although the accuracy improvement is modest, polarimetric
variables provide physically meaningful information on hydrometeor microphysics that
cannot be captured by temperature alone. Given that many operational radars have po-
larimetric capabilities, including these variables leverages data already available and adds
value beyond the specific accuracy gain observed in this experiment. Furthermore, the
74% Accuracy achieved by the RF_AROME configuration is consistent with recent studies
showing that tree-based ensemble methods outperform traditional schemes in precipitation
type classification [64].

Despite these improvements, some limitations persist. Agreement between the two
systems remains strong primarily at the broader level of liquid versus solid precipitation.
The mixed-phase category remains problematic, likely due to both the intrinsic complexity
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of defining mixed precipitation and the unavoidable mismatch in spatial and temporal
resolution among instruments. An additional contributing factor is that the disdrometer
classifies mixed-phase precipitation very infrequently, since this phase occurs within a
relatively narrow vertical region, the melting layer, which typically spans only a few
hundred meters in depth [6]. Because the disdrometer measures at a very small sampling
volume compared to the MRR or the X-band radar, it is much less unlikely to sample mixed
hydrometeors within this limited vertical interval where mixed precipitation is present.
Therefore, the observed overestimation by the radar does not necessarily indicate an error;
rather, it reflects the inherent difference in sampling geometry.

In addition, the temporal resolution of the temperature data represents a further limita-
tion. Both AWS observations and AROME model outputs are available at hourly resolution
and are linearly interpolated to match the 5 min radar observations. This approximation
is unable to capture abrupt temperature changes occurring at short time scales, particu-
larly during frontal passages or rapidly evolving weather conditions. Such limitations
are especially critical near the melting layer and are likely to affect the classification of
mixed-phase precipitation.

Moreover, this study underscores the critical role of accurate vertical temperature
profiles for operational radar-based precipitation phase classification. While obtaining
such profiles can be challenging, especially in complex terrain, several viable strategies
exist. These include the use of high-resolution numerical weather prediction models (e.g.,
AROME), in-situ AWS measurements at multiple elevations, and extrapolation methods
based on the MRR-derived melting level height. Some studies have explored the possibility
of having a vertical profile combining a microwave radiometer (MWR) with AROME
forecast, with good results [65], or different methods to determine the melting level, such
as [7,66,67]. These approaches have been successfully applied in previous research and
represent practical solutions for operational settings.

A critical aspect that must be considered when interpreting the results of this study is
the strong dependence on the vertical temperature profile. The analysis has been conducted
exclusively over a single study area, and therefore the results cannot be directly generalized
to other regions. Atmospheric and orographic characteristics vary significantly from one
region to another, which can strongly influence the shape, variability, and representative-
ness of temperature profiles. Consequently, the optimal method for deriving the vertical
temperature profile may differ across regions. For this reason, a regional validation should
be performed to identify the most suitable temperature-profile estimation approach before
applying the proposed classification framework in other locations.

Future studies should therefore focus on improving the representation of vertical
temperature profiles in complex orography, with particular emphasis on enhancing their
temporal and spatial resolution. This could involve the integration of additional in-situ
observations at multiple elevations, the use of complementary remote sensing instruments,
or hybrid approaches combining numerical weather prediction outputs with observational
constraints. Improving the accuracy and continuity of temperature profiles is expected to
significantly enhance the robustness and generalization capability of radar-based hydrome-
teor classification methods.

5. Conclusions
This study analyzed and compared different hydrometeor classification techniques

derived from three instruments: a ground-based disdrometer, a Micro Rain Radar (MRR),
and an operational X-band polarimetric radar. A unified methodology was developed
and implemented to enable comparisons, despite the inherent differences in spatial and
temporal sampling resolution among the instruments.
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The principal findings and conclusions drawn from the analysis are summarized below:

• The MRR scheme, which provides hydrometeor classification along the vertical profile,
was evaluated using three disdrometers. The results demonstrated a good level of
agreement in classification, achieving an Accuracy of 86%. This high confidence level
allowed the MRR classification to be reliably used as the primary reference for the
subsequent evaluation of the XRAD classification schemes.

• The comprehensive analysis of all XRAD schemes clearly indicates the paramount
importance of incorporating a temperature profile for accurate phase classification.
Without a temperature profile, the Accuracy of the model is around 51%, while includ-
ing the temperature profile increases it up to 74%. Three distinct approaches—based on
AWS in-situ measurements, MRR observations, and AROME model forecasts—were
used satisfactorily to derive the vertical temperature profiles.

• A machine learning random forest method (RF_AROME) was developed to classify
hydrometeors from XRAD data. This scheme demonstrated superior performance,
achieving better results than all other schemes across all evaluated verification scores,
with an Accuracy of 78%.

In summary, the results highlight the value of using vertical profiling radars. The
MRR not only enables reliable hydrometeor classification but also provides valuable insight
into precipitation processes occurring directly below the XRAD beam. Furthermore, the
results unequivocally demonstrate the capability of polarimetric radar to accurately classify
precipitation type, provided a reliable temperature profile is included as an additional
input variable.
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Appendix A

Table A1. Summary of the predictor set, target variable, pre-processing steps, QC thresholds, and
hyperparameters used for the Random Forest classifier.

Aspect Description

Target MRR Hydrometeor phase classification (Rain, Mixed, Snow)
Predictors XRAD values (Ze, ρHV, ZDR, Kdp) and Temperature

Preprocessing Aggregation to 5 min intervals (matching XRAD resolution); removal of missing values

QC thresholds

XRAD: Exclude minutes with Ze < 0 dBZ.
MRR: Precipitation considered only if Ze > 0 dBZ for ≥3 consecutive minutes at ≥10
distinct vertical levels; vertical aggregation according to XRAD beams.
Disdrometer: valid precipitation requires ≥3 consecutive minutes with >50 detected
particles per minute.

RF Hyperparameters n_estimators = 100; criterion = Gini; max_depth = 5; min_samples_split = 15;
min_samples_leaf = 15; min_impurity_decrease = 0.001; class_weight = ‘balanced’

Appendix B
Table A2 summarizes the input data and specific name of each method used for

hydrometeor classification. In total, 12 classification methods were applied: one for the
disdrometer, one for the MRR, and ten for the XRAD. The XRAD methods include three
main algorithms, each with sub-variants depending on the source of the temperature profile
used. All classification methods were evaluated using the verification metrics described in
Section 2.3.3 to enable a consistent comparison of their performance.

Table A2. Description of the different methodologies used for precipitation classification.

Input Data Method Characteristics

Disdrometer Disdrometer Disdrometer manufacturer software.

MRR MRR Precipitation type classification using MRR data and the RaProM program.

XRAD HCW_NTemp CSU classification using the detection of the freezing level from PPI or RHI
scans, without a temperature profile.

HCS_NTemp CSU classification at a single pixel, without temperature information.

HCS_AWS CSU classification at a single pixel using temperature data from AWS.

HCS_FL
CSU classification at a single pixel using temperature from the freezing level
detection obtained by the MRR classification algorithm and surface
temperature AWS.

HCS_AROME CSU classification at a single pixel using temperature from the AROME
model.

RF_Temp
Random forest classification at single pixel trained only with temperature
data from AROME. Polarimetric variables are not used; Ze is applied as a
mask to determine precipitation occurrence.
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Table A2. Cont.

Input Data Method Characteristics

RF_NoTemp Random forest classification at single pixel trained without temperature
information.

RF_AWS Random forest classification at single pixel trained with XRAD variables and
temperature from AWS.

RF_FL
Random forest classification at single pixel trained with XRAD variables and
temperature from the freezing level detection obtained by the MRR
classification algorithm and surface temperature AWS.

RF_AROME Random forest classification at single pixel trained with XRAD variables and
temperature profiles from AROME.
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