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Abstract.

Precipitation characteristics in high-mountain regions with complex terrain remain poorly understood because observational

networks are sparse and robust instrumentation is rarely deployed. This study evaluates precipitation type measurements from

a PARSIVEL2 optical disdrometer installed at 4709 m a.s.l., approximately 2.5 km from the Huaytapallana tropical glacier

system in the Peruvian Andes. The instrument measures the equivalent diameter and fall velocity from particle shadows cross-5

ing its laser beam; it then computes precipitation intensity (mm h−1) and classifies hydrometeor types at 1 min resolution.

Based on one year of observations, we identified seven precipitation types: rain, drizzle, drizzle with rain, snow, hail, soft

hail, and mixed rain drizzle with snow. The original PARSIVEL2 classification indicated that drizzle with rain was the most

frequent type (30.57%), followed by snow (26.15%). We identified 70 precipitation events (duration ≥10 min) and compared

the corresponding accumulations against a Pluvio2 weighing rain gauge (threshold ≥0.25 mm). The PARSIVEL2 systemati-10

cally overestimated precipitation, especially during mixed-phase events (98.5%, 3.92 mm bias) and solid precipitation events

(84.1%, 7.09 mm bias), whereas liquid precipitation events showed minimal bias (15.7%, 0 mm bias). The largest discrep-

ancies occurred during extreme events (>10.6 mm and >1 h) dominated by snow, soft hail, and hail, which we attribute to

misclassification of coexisting particle types and systematic deviation of the instrument’s internally calculated density values.

We developed a correction methodology that combines velocity–diameter reclassification criteria based on established empir-15

ical relationships with site specific density optimization. For solid precipitation, RMSE decreased from 13.05 to 4.4 mm; for

mixed precipitation, the scope value improved from 1.936 to 1.004. The corrected classification identified wet snow (29.3%)

and graupel (15%) as dominant precipitation types, whereas pure snow represented only 3.7% . These results demonstrate the

need for post processing corrections of disdrometer measurements in tropical glacier environments and provide an improved

characterization of mixed-phase precipitation processes relevant to glacier mass balance assessments.20
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1 Introduction

Concerns about water availability have been linked to declining glacier cover in tropical regions (Buytaert et al., 2017). Recent

studies also indicate that groundwater is the main source of water during the dry season. Approximately 2% of groundwater

recharge comes from glacier melt, whereas precipitation can be very high in mountainous regions (Somers et al., 2019). The25

regional environment is characterized by complex orographic patterns (Villalobos-Puma et al., 2024) and diverse precipitation

types (Llactayo et al., 2024). However, misclassification of precipitation types by disdrometers can bias estimated precipitation

amounts.

Precise precipitation quantification is essential for hydrological applications, climate modeling, and weather forecasting.

However, accurate measurement and characterization remain challenging, particularly for solid precipitation such as snow30

and hail (Boudala et al., 2014; Thériault et al., 2021). Despite instrument limitations, disdrometers substantially improve our

understanding of precipitation characteristics. Optical disdrometers have been widely used since the 1990s because they provide

high-temporal-resolution measurements of hydrometeor size distributions and fall velocities that complement traditional rain

gauges and radar systems (Löffler et al., 1999).

The PARSIVEL2 (Particle Size Velocity, 2nd generation) disdrometer, manufactured by OTT HydroMet, is widely deployed35

in operational networks because it requires minimal maintenance and can classify precipitation types in real time (Tokay

et al., 2014). The instrument records particle shadows crossing its laser beam to measure equivalent diameter and fall velocity;

it then computes precipitation intensity (mmh−1) and classifies hydrometeor types. Despite these capabilities, many field

studies have reported systematic biases in PARSIVEL2 measurements, particularly for solid precipitation (e.g., Zhang et al.,

2015; Smith et al., 2020; Battaglia et al., 2010). For liquid precipitation, the instrument tends to register lower amounts than40

rain gauges (e.g., Annella et al., 2022; Ro et al., 2023), whereas for mixed precipitation, earlier versions reported higher

values than weighing gauges (e.g., Licznar and Krajewski, 2016). To address these limitations, previous work has analyzed

the recorded drop size distribution (DSD), compared mean values to empirical relationships, classified hydrometeors using

density–diameter relations, or validated measurements using other instruments such as 2DVD cameras and snow gauges,

including intercomparisons among disdrometers (e.g., Gualco et al., 2021). These efforts aim to establish relationships among45

diameter, velocity, density, and mass to characterize precipitation types at specific sites (Ishizaka et al., 2013).

This study evaluates and adjusts precipitation estimates from a PARSIVEL2 optical disdrometer using concurrent measure-

ments from a weighing precipitation gauge at a high-altitude tropical glacier site in the Peruvian Andes. By comparing and

combining these instruments, we assess the capabilities and limitations of the PARSIVEL2 for quantifying liquid and solid

precipitation. We develop a method to improve PARSIVEL2 estimates by optimizing particle density assumptions and apply-50

ing empirical diameter–velocity relationships for different hydrometeor types. Robust techniques for measuring precipitation

in remote, high-altitude environments can support weather forecasting and water resource management in data-scarce regions.
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2 Site and data

2.1 Area of study

The Huaytapallana glacier, protected by designation as a Regional Conservation Area, is 37 km from Huancayo and is the55

origin of Shullcas Basin, a main watershed in the central Andes of Peru. It encompasses a surface area of 22,406.52 ha (Fig. 1).

This area ensures the protection and conservation of biological and landscape diversity, as well as water resources, which

supply downstream cities. In an effort to analyze the impacts of climate change on precipitation in the Andean snow-capped

mountains, measurement instruments were installed near the glacier zone at CEMGEM (Glaciers and Mountain Ecosystem

Monitoring Center).The monitoring station is located at an altitude of 4709 m a.s.l., 11◦56’18.06” S, and 75◦4’9.44” W,60

approximately 2.5 km from the Huaytapallana Glacier System (see Fig. 1b).

The location of CEMGEM includes an area characterized by the periglacial conditions of the high mountain ecosystem

adjacent to a tropical glacier. As a transition zone from the most intense cold to a cold surface due to seasonal action, recurring

frost and snow are present (Pollard, 2018). The National Service of Meteorology and Hydrology of Peru (SENAMHI) classifies

this area as very rainy with abundant humidity throughout the year and a semi-frigid climate. It has maximum temperatures of65

13-15◦C, minimum temperatures of 1 to 5◦C, and annual precipitation ranging from 700-1200 mm.

Due to incomplete data records, a conditional daily mean precipitation was estimated for each month, calculated as the

monthly total divided by the equivalent measured days (total records / 1440), as shown in Fig. 2c. Only three months were

classified as reliable, with an observed data coverage equal to or greater than 80%: December, February, and March, which

show mean daily precipitation values ranging from 4 to 5 mm/day. The remaining months present lower coverage; nonetheless,70

April, May, June, August, and September show estimated values between 2 and 4 mm/day. Given the irregular temporal

distribution of rainfall records and the episodic nature suggested by the data, precipitation is analyzed through discrete events

rather than by temporal climatological criteria. Precipitation in the area is driven by the adiabatic influence of humid air masses

from the central jungle. The local orography facilitates the entry of humid fronts from the northeast (Espinoza et al., 2020);

however, the dominant measured influence originates from the southeast Fig. 2d. During the transition and dry seasons, the75

primary moisture flux shifts toward the north, where the glacier is located Fig. 2d.

The average monthly temperature ranges from 2 to 4◦C, increasing by one degree during the dry season months. There is an

average standard deviation of 2.28◦C for each month (Fig. 2a). The minimum temperature is 0◦C and the maximum recorded

temperature is 15◦C in December, July, and August. Temperature and humidity show an inverse relationship throughout the

study period. The average relative humidity ranges from 60 to 100%, with maximum values of 97 to 100% each month. In the80

tropical central Andes, there is an effect of ENSO; during El Niño events, higher temperatures are associated with a reduced

and delayed accumulation of snow, opposite to La Niña events with cooler temperatures and greater accumulation of snow

(Maussion et al., 2015).
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Figure 1. Area of study, (a) map of Huaytapallana glacier system and the environment. Basemap: satellite imagery © 2026 Airbus, © 2026

CNES / Airbus, accessed via © Google Earth Pro (image date: 12 April 2025); glacier coverage from Instituto Nacional de Investigación

en Glaciares y Ecosistemas de Montaña (Base de datos INAIGEM, 2023. Cobertura del Inventario Nacional de Glaciares, Huaraz, Perú);

digital elevation model: NASA/METI/AIST/Japan Space Systems, and U.S./Japan ASTER Science Team. ASTER Global Digital Elevation

Model V003, 2019, distributed by NASA EOSDIS Land Processes DAAC, https://doi.org/10.5067/ASTER/ASTGTM.003; road network

from Ministerio de Transportes y Comunicaciones (MTC), Plataforma Nacional de Datos Abiertos del Perú (Open Data Commons Attribution

License), https://datosabiertos.gob.pe/. Red point marked CEMGEM location and Peak of the glacier. (b) Transversal cut shows the 2.5 km

distance from the center to the accumulation zone of the glacier, and an overview of the instruments through the glacier: (c) Compact Station

GMX500, (d) Optical Disdrometer PARSIVEL2, (e) Weighing Rain Gauge Pluvio2. The photo of instruments is courtesy of the TAMYA

Project.
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For wind speed, the variation is minimal, with monthly mean values ranging from 2.26 to 3.16 m s−1. A maximum value

of 15 m s−1 has been recorded in November, December, March, June, July, and August. Furthermore, a minimum of 0.3085

m s−1 was recorded due to the 1-minute temporal resolution of the data (Fig. 2b). High wind speed affects snow cover, but also

depends on the types of falling crystals (Mott et al., 2018). In glaciated catchments, wind speeds of 3 to 5 m s−1 are typically

found. Due to the topography of the area, wind speed increases because of the acceleration or deceleration of air masses (Dadic

et al., 2013).

Figure 2. Atmospheric variables during the study period. (a) Average monthly temperature. (b) Average monthly wind speed. (c) Conditional

daily mean precipitation. (d) Monthly wind direction.

2.2 Instruments and data90

2.2.1 Weighing Precipitation Gauge

The Pluvio2 S weighing precipitation gauge manufactured by OTT HydroMet (Pluvio2, hereinafter) is a compact precipitation

meter adapted for any climate. It meets the requirements established by the World Meteorological Organization (WMO) and
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does not require constant maintenance. The compact design captures up to 400 mm (approximately 8 L) of precipitation in a

200 cm2 collection (HydroMet, 2019). The instrument was installed 1.5 m above the surface, scheduled to record measurements95

every minute; see Fig. 1d. The generated variables are intensity and accumulated precipitation, with a range of 0-50 mm min−1

as a threshold for data validation.

The Pluvio2 is a highly reliable, accessible, and robust device for field measurement. The weighing method assists in measur-

ing solid precipitation. It has demonstrated high reliability and resistance to extreme events (Grazioli et al., 2017; Tumbusch,

2003). At 6 s intervals, the instrument calculates the weight of the collecting container, including contents, with 0.001 mm100

resolution. It determines the intensity of precipitation by measuring the difference between the current and previous container

weights. These values are then added to the total accumulated precipitation.

The instrument has demonstrated better performance than more traditional Tipping Bucket Rain Gauges (Colli et al., 2013),

but is severely affected by strong wind speeds (Wauben and Pluvio, 2004). This factor can cause the registration of false

particles and reduce efficient capture depending on particle size and type. The wind drags surrounding particles, generating105

non-representative area measurements. Double or single fences are usually installed to mitigate wind impact as recommended

in the WMO report by BE Goodison et al. (1998). In addition, some research has generated functions to correct inefficient

precipitation capture by the rain gauge, for example, (Kochendorfer et al., 2018) and (Jia et al., 2023). In the present study, a

transfer function was applied, to correct the undercatch efficiency of a rain gauge without fence.

2.2.2 Compact Weather Station110

The compact weather station GMX500 manufactured by Campbell Scientific was installed adjacent to Pluvio2. It records

atmospheric variables such as temperature, humidity, ambient pressure, wind speed, and wind direction. The accuracy of the

instrument at high altitude was evaluated by Valdivia et al. (2020).

2.2.3 Optical Disdrometer

The PARSIVEL2 is an optical disdrometer that simultaneously measures the size and falling speed of rain particles. It projects115

a horizontal laser beam (signal) at 780 nm in an area 30 mm wide, 180 mm long and 1 mm high. It consists of two housings

protected by grilles: a laser emitter and a receiver. When a particle passes through the beam, it reduces the signal and voltage

reaching the receiver. The amplitude of the deflected signal measures the size of particles, while the duration of the signal

allows the calculation of fall velocity. This functionality is based on the physical principle of particle extinction (Löffler et al.,

1999).120

The instrument records direct measurements in its raw data variable, representing the relationship between 32 diameter

classes with respect to 32 speed classes, grouped in a 32×32 matrix with 1024 total classes. The values are integers, displaying

precipitation counts for a specific bin or coordinate (time, velocity). To reduce noise, the first two diameter classes (0.062,

0.187 mm) and the last two classes (21.5, 24.5 mm) do not record measurements. The instrument details variable formats and

units in its user manual (HydroMet, 2019).125
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Table 1. Precipitation data filtering results showing the total amount of files (one each minute) and the total precipitation minutes duration

for different filter applications

Date Original Filter1 Filter2 Filter3 Duration (min)

30/11/2022 4728 4727 4727 4727 540

31/12/2022 25639 25638 25638 25638 5225

31/01/2023 12703 12703 12703 12703 1391

28/02/2023 19880 19880 19880 19880 5671

31/03/2023 19442 19442 19442 19442 3486

30/04/2023 25244 25244 25244 25244 1026

31/05/2023 19148 19146 19146 19146 370

30/06/2023 4130 4129 4129 4129 179

31/07/2023 1423 1422 1422 1422 2

31/08/2023 7867 7867 7867 7867 7

30/09/2023 9427 9427 9427 9427 543

31/10/2023 1072 1072 1072 1072 115

30/11/2023 6035 6035 6035 6035 679

Original raw data files; Filter 1 (empty files), Filter 2(invalid characters) and Filter 3 (clean screen):

processed data after sequential filtering steps

2.2.4 Quality Control

As a quality indicator, the sensor status variable records equipment issues: 0 indicates fair operation, 1-2 lens contamination,

and 3 laser disorientations. This control was applied to the utilized data. PARSIVEL2 recorded all variables every minute,

generating 1440 daily files of 6 KB each. Files containing invalid characters (non-standard UTF-8 encoding) were excluded

from the analysis ( see Table 1).130

In the case of the Pluvio2, the catch efficiency (CE) equation and coefficients for an unshielded rain gauge proposed by

(Kochendorfer et al., 2017) were applied, adjusting the precipitation amount measured by the Pluvio2.

3 Methods

3.1 Type Precipitation Identification

The PARSIVEL2 classifies precipitation using standardized meteorological codes, including SYNOP Tables 4680 and 4677,135

NWS codes, and METAR/SPECI Table 4678. SYNOP codes are part of the international meteorological observation system

coordinated by the World Meteorological Organization (WMO), whereas METAR and SPECI codes come from standardized

aeronautical meteorological reports (Shimazaki, 2019). These codes were designed to describe atmospheric conditions during
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precipitation events. In operational practice, the precipitation phase (solid, liquid, or mixed) is strongly related to near-surface

temperature and humidity; however, precipitation phase behavior and validation in tropical regions remain insufficiently studied140

(Fuchs’ et al., 2001). The PARSIVEL2 uses these codes as a reference to classify precipitation types by mapping measured

intensities (mm h−1) to predefined intensity ranges. The identification is based on the number of hydrometeors recorded

over fixed time intervals. The instrument assigns particles to 32 diameter–velocity classes, spanning diameters from 0.062 to

24.500 mm and fall velocities from 0.050 to 20.800 m s−1.

3.2 Spectrum of precipitation145

Precipitation types exhibit distinct microphysical characteristics such as size, shape, fall velocity, kinetic energy, and particle

size distribution (PSD). These properties are useful for advancing cloud microphysics and for applications such as numerical

weather prediction, remote-sensing retrievals, assessment of telecommunications attenuation, and studies of precipitation at

the microscale. Particle size and fall velocity are among the most widely used variables to distinguish precipitation types. The

PARSIVEL2 provides the PSD through N(D), which represents the number of hydrometeors per unit air volume and per unit150

diameter interval, aggregated into diameter–velocity bins (i, j). We compute N(D) using Eq. 1:

N(D) =
1

Time

n∑

i=1

n∑

j=1

Cij

vjArea(Di)∆Di
, (1)

where N(D) is expressed in units of log10(1m
−3mm−1). Here, ∆Di is the width of the i-th diameter bin (mm), and Di

is the representative diameter of that bin (mm). The instrument uses n=m= 32 diameter and velocity bins. The effective

sampling area, Area(Di), accounts for the finite beam geometry and is computed from a light sheet of dimensions 180 mm ×155

(30mm−Di/2) (mm2). The sampling interval is Time = 60 s. The fall velocity of the j-th velocity bin is vj (m s−1). Finally,

Cij is the number of particles counted in bin (i, j), obtained from the raw disdrometer output (raw_data).

From the PSD, the instrument derives additional variables, including particle count, reflectivity, snow intensity, kinetic

energy, and precipitation intensity. Precipitation intensity is expressed in mm h−1 and is computed using Eq. 2, where V (D)

is the mean fall velocity for each diameter (m s−1) and ρ is the particle density (g cm−3).160

R=
6π

104

Dmax∫

Dmin

ρN(D)V (D)D3 dD, (2)

Precipitation intensity at the ground depends on both fall velocity and hydrometeor water content. Because terminal fall

velocity depends in part on particle density, higher densities generally imply higher fall speeds. Here, ρ denotes the density of

liquid water (∼ 1gcm−3) or other hydrometeor types. Accurate conversion of measured size distributions and fall velocities

into precipitation intensity therefore requires appropriate density assumptions.165
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3.3 Precipitation estimates correction

The correction method consists of three components. First, precipitation events are identified, and the analysis is performed on

an event basis. Second, segmentation masks are applied for each hydrometeor category. Third, precipitation intensity (Eq. 2)

is recomputed using bulk density values for each category. Finally, corrected precipitation totals are calculated for each event.

Figure 3 summarizes the workflow.170

STEP 1: Event Identification
(Section 3.3.1)

INPUT:
Disdrometer raw data (1-min)

grouped into events

STEP 2: Segmentation
Apply velocity-diameter masks for each

hydrometeor category (Section 3.3.2)

STEP 3: Recalculation
Calculate rain intensity (R) using opti-

mized bulk density (ρ) (Section 3.3.3)

OUTPUT:
Corrected precipitation
accumulation per event

Parameter Input:
Selection of empirical V -D
curves for distinct categories

Parameter Input:
Determination of optimal bulk
density values

Figure 3. Flowchart of the precipitation correction process showing the three main stages: event determination, data segmentation by cate-

gory, and rain intensity calculation.

3.3.1 Definition of precipitation events

Criteria to define a precipitation event

Because the disdrometer is highly sensitive, it can detect isolated particles during non-precipitating periods, and short low-

intensity intervals can introduce noise. We therefore applied the criteria of Tokay et al. (2014) to define precipitation events,

using thresholds for intensity (>0.1 mm h−1), total particle count (>10), and dry gaps shorter than 120 min. This approach has175
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been widely used and effectively reduces noise, particularly for light precipitation (e.g., Ma et al., 2019; Zeng et al., 2021;

Valdivia et al., 2024).

Criteria to select precipitation events

The analysis focuses on the events detected by both instruments and on reducing noise from light precipitation. Therefore, a

threshold was established considering the limitations of both instruments:180

– Events with zero accumulated precipitation were excluded.

– The sensitivity of the disdrometer was used to select events lasting longer than 10 minutes, thus avoiding the recording

of very light and intermittent precipitation.

– Because the reference rain gauge lacked wind shielding, we first applied a transfer function to correct undercatch due to

wind. We then retained events with accumulated precipitation >0.25 mm to reduce noise from very light precipitation in185

the gauge record, following Kochendorfer et al. (2017).

3.3.2 Hydrometeor types segmentation

The relationship between hydrometeor diameter and fall velocity follows from the balance between gravitational and drag

forces as particles fall through air. This balance was first modeled by Gunn and Kinzer (1949), leading to the widely used

power-law form v = aDb, where v is terminal velocity, D is diameter, and a and b are empirically derived constants. According190

to the manufacturer, liquid precipitation types are segmented using this empirical curve. Footec and Toit (1969) proposed a

correction for non-sea-level conditions by accounting for air-density variations with altitude, which has been validated at

multiple altitudes (i.e., Bringi et al., 2018; Valdivia et al., 2020). For reclassification, we selected five hydrometeor categories

based on empirical curves reported in the literature (Table 2).

All these empirical equations were selected considering the resulting curves align with the diameter and fall velocity values195

of particles recorded by the field disdrometer. Using these curves, the five categories serve as a segmentation mask as shown

in Fig. 3.

Classification boundaries were defined as follows:

– Rain and Drizzle: Particles were reclassified as rain if their velocity–diameter values fell within ±50% of the Gunn and

Kinzer (1949) curve, adjusted for a correction factor due the altitude (4709 m a.s.l.) following Footec and Toit (1969) in200

Fig. 11a.

– Snow: We applied all empirical curves representing aggregated snow crystals and some other types in Fig. 11d. These

curves define the expected velocity range for snow particles from 0.5 to tha last bin value diameter (24.5 mm).

– Graupel: Following Locatelli and Hobbs (1974), graupel particles were identified in the diameter range 0.5-5 mm with

terminal velocities intermediate between snow and hail in Fig. 11c.205
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Table 2. Empirical fall velocity equations for different hydrometeor categories and types

Hydrometeor Hydrometeor Diameter Empirical Fall Velocity References

Categories Types Ranges (mm) Equation (m s−1)

Rain Raindrops d < 5 v = (9.65− 10.3e−0.6d)C Gunn and Kinzer (1949);

Footec and Toit (1969)

Wet Snow Wet Snow 0.6≤ d≤ 9 v = 4.65− 5e−0.95d Fehlmann et al. (2020)

Snow Unrimed side planes 0.4≤ d≤ 1.2 v = 0.81d0.99 Locatelli and Hobbs (1974)

Densely rimed dendrites 0.8≤ d≤ 4 v = 0.62d0.33 Locatelli and Hobbs (1974)

Aggregate of unrimed – v = 0.69d0.41 Locatelli and Hobbs (1974)

radiating assemblages

Aggregate of unrimed – v = 0.82d0.12 Locatelli and Hobbs (1974)

side planes

Aggregate of unrimed 2≤ d≤ 12 v = 0.79d0.27 Locatelli and Hobbs (1974)

radiating assemblages

Aggregate of densely rimed 2≤ d≤ 10 v = 0.8d0.16 Locatelli and Hobbs (1974)

radiating assemblages

Densely rimed aggregates – v = 1.1d0.15 described in Ishizaka et al. (2013)

Rimed aggregates – v = 0.96d0.12 described in Ishizaka et al. (2013)

Dendrite – v = 0.3 Nichols (1954)

Graupel Lump Graupel 0.5≤ d≤ 5 v = 1.6d0.46 Locatelli and Hobbs (1974)

Lump Graupel – v = 1.5d0.37 Locatelli and Hobbs (1974)

Lump Graupel – v = 1.3d0.66 Locatelli and Hobbs (1974)

Hexagonal Graupel – v = 1.1d0.57 Locatelli and Hobbs (1974)

Conical Graupel – v = 1.2d0.65 Locatelli and Hobbs (1974)

Graupel like snow of lump type – v = 1.1d0.28 Locatelli and Hobbs (1974)

Graupel like snow of – v = 0.86d0.25 Locatelli and Hobbs (1974))

hexagonal type

Hailstones Fresh Hailstones 5≤ d≤ 25 v = 8.44(0.1d)0.553 C. and J. (1983)

Soaked Hailstones – v = 10.58(0.1d)0.267 C. and J. (1983)

Hail Hail d≥ 10 v = 12.43(0.1d)0.5 Allen et al. (2020)

H1 – v = 5.23(0.1d)0.65 Heymsfield and Wright (2014)

H2 – v = 12.07(0.1d)0.64 Heymsfield and Wright (2014)

H3 – v = 4.88(0.1d)0.84 Heymsfield and Wright (2014)

d represents particle diameter. Velocity equations are applicable within the specified diameter ranges where indicated.
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– Hail: True hail was restricted to particles >10 mm diameter with velocities >8 m s−1, consistent with densities approach-

ing solid ice ( 0.9 g cm−3; Heymsfield and Wright (2014). Given the study site characteristics and observed maximum

velocities (<14 m s−1), most large frozen particles were reclassified as soft hail rather than hard hail in Fig. 11b.

– Exclusion of Spurious Detections: Particles >10 mm with velocities <1 m s−1 were flagged as measurement artifacts

(e.g., insects, debris, edge-of-beam particles) following Gualco et al. (2021) and excluded from analysis.210

– Wet Snow/Mixed Phase: The transition region between rain and graupel velocity-diameter spaces likely contains wet

snow and mixed-phase particles. While we acknowledge this complexity, detailed classification of transitional states is

beyond the scope of this study. So, we extented the range from 0.6 to the last bin value diameter (24.5 mm).
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Figure 4. Empirical velocity–diameter (V-D) curves used for hydrometeor segmentation (Table 2). (a) The complete five-category segmen-

tation mask (rain, drizzle, snow, wet snow, graupel, hail), showing how each category occupies a distinct region of the V-D space; this

segmentation (gray shading) is repeated as background in panels (b)–(f) for reference. (b) The rain curve corrected for altitude (4709 m

a.s.l.), with two auxiliary curves (±50%) marking the segmentation boundary used to reclassify particles as rain. (c) The wet snow curve. (d)

All snow-type curves. (e) All graupel-type curves. (f) Curves for hailstone sub-types.

3.3.3 Recalculate the intensity rate

As shown in Equation 2, intensity rate calculation requires the density value. Considering the differences in bulk density for215

each hydrometeor type, we established a range of density values found in previous research (see reference column in Table. 2).

Density values are calculated through the mass-volume relationship of particles. Since direct measurements of particle

dimensions and weight are challenging, various studies have established empirical equations relating mass to diameter and

density to diameter, validated through field observations and particle capture. There is a relationship between hydrometeor
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type and density that influences fall velocity, as density determines the drag force on particles as they fall. In this study, lacking220

direct particle observations, disdrometer estimations combined with empirical curves from literature were used to establish

density ranges for 5 hydrometeor categories:

– Considering all graupel types proposed by Locatelli and Hobbs (1974), density values range from 0.05-0.45 g cm−3.

Additional research found ranges from 0.07 to 0.45 g cm−3 (diameter 0.5-1.0 mm) and 0.45 to 0.25 g cm−3 (diameter

1.0-2.0 mm) for lump graupel (Zikmunda and Vali, 1972). All types were grouped as Locatelli and Hobbs (1974) noted225

that various graupel values reflect natural diversity. Classification followed Magono and LEE (1966), based on solid

particles sampled in Japan, not considering arctic or tropical glacier types.

– Snow density is influenced by multiple factors including crystal structure, size, fall velocity, temperature, and riming

processes (Ishizaka et al., 2013). While existing research has predominantly focused on sub-zero temperatures, signif-

icant knowledge gaps remain regarding snow behavior at or near 0◦C. At this critical temperature, the most common230

snow type is the ’aggregate’ (Hobbs et al., 1974), characterized by diameters exceeding 15 mm or equivalent volume

diameters of 31 mm under calm wind conditions at 0.7◦C (Brandes et al., 2008). Simulation studies have revealed im-

portant relationships between snow density, size, and fall velocity. Maruyama (2005) demonstrated that snowflakes with

a density of 0.1 g cm−3 and melted diameters ranging from approximately 0.5 mm to 3-4 mm exhibit fall velocities

between 0.5 m s−1 and 1.5 m s−1. For higher density snowflakes (0.3 g cm−3), similar diameter ranges (0.5 mm to 3-4235

mm) produce increased fall velocities ranging from approximately 1.0 m s−1 to 2.0 m s−1. For dry and pure snow con-

ditions, established research has considered density values ranging from 0.05 to 0.35 g cm−3 (Szyrmer and Zawadzki,

2010; Zawadzki et al., 2005). Based on these previous studies we will adopt the comprehensive density range of 0.05 to

0.35 g cm−3.

– Wet snow represents a distinct mixed-phase hydrometeor consisting of partially melted snowflake aggregates where240

liquid meltwater adheres to the ice crystal structure, exhibiting unique fall characteristics that differ significantly from

dry snow conditions. Observational studies by (Yuter et al., 2006) at temperatures between 0 and 0.5◦C revealed a

notably weak relationship between particle diameter and fall velocity, with exceptionally high variability characterized

by standard deviations of 120% to 230% relative to dry snow measurements. These studies documented wet snow

particles with diameters reaching up to 11 mm and estimated a characteristic density of 0.1 g cm−3 (105 g m−3), while245

very large aggregates greater than 13 mm tend to disappear as they undergo complete melting into large raindrops.

Independent research by Zawadzki et al. (2005) reported higher wet snow densities of approximately 0.2 g cm−3. Based

on these specific observational studies, a representative density range of 0.1 to 0.2 g cm−3 emerges as appropriate for

wet snow hydrometeors.

– Hailstones exhibit intermediate characteristics between graupel and true hail, with density values that vary significantly250

based on particle size. For smaller hailstones, C. and J. (1983) reported density ranges of 0.31-0.61 g cm−3, while larger

hailstones with diameters exceeding 10 mm and extending up to 60 mm typically exhibit higher densities ranging from
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0.84 to 0.9 g cm−3 (Allen et al., 2020). This density increase with size reflects the enhanced compaction and ice structure

development that occurs during the growth process of larger hailstones.

– Raindrops reach terminal velocity through the balance between gravitational force and air resistance. While water density255

is constant at 1 g cm−3, the effective density of raindrops can be lower due to shape deformation, particularly for larger

drops that become flattened and oval shaped during fall. However, this concept is debated for the smallest drops (<0.47

mm diameter, classified as drizzle) where shape effects are minimal. For this study, a density range of 0.9 to 1.0 g cm−3

is adopted based on disdrometer measurements representing 50% of observed liquid precipitation types.

The density values were determined by correlating the total precipitation adjusted measurements adjusted from the weighing260

rain gauge to the theoretical density combinations for each types of hydrometeor. The optimal bulk density for each type was

selected based on the best fit and lowest RMSE values. Once density values were determined, precipitation was recalculated

by changing the density values and intensity rate for each type according to the segmentation as follows:

Pcorrected = Prain · ρrain +Psnow · ρsnow +Pwet snow · ρwet snow +Pgraupel · ρgraupel +Psoft hail · ρsoft hail (3)

Finally, the mean absolute error (MAE), the coefficient of linear regression determination (R2), and the root mean square265

error (RMSE) were used to compare the corrected precipitation events between the disdrometer and the weighing rain gauge.

4 Results

4.1 Precipitation characterization according to PARSIVEL2

According to the PARSIVEL2 classification based on SYNOP Table 4680, the most frequent precipitation type during the

study period was drizzle with rain, representing 30.42% of all recorded minutes, whereas hail was the least frequent (30 min;270

Fig. 5).

Excluding the mixed phase, liquid precipitation (rain, drizzle with rain, and drizzle) accounted for about half of the obser-

vations, compared with 46.63% for the solid phase. Near-surface meteorological conditions influence the persistence of each

hydrometeor type. Based on measurements from the compact weather station, we summarize typical conditions below.

For drizzle, the median wind speed, temperature, air pressure, and relative humidity were 2.4 m s−1, 2.9◦C, 582.3 hPa, and275

96.5%, respectively (see Fig. 6). This precipitation type is typically associated with stratus and stratocumulus clouds (Cadeddu

et al., 2020). In weak updraft low layer clouds, these smaller droplets form by coalescence, with high relative humidity below

clouds preventing evaporation before falling to the ground. Similar atmospheric conditions are found in drizzle with rain.

Hailstones form in strong convective updrafts that repeatedly loft liquid drops above the freezing level, where they freeze

and accrete additional water and ice (Allen et al., 2020). They may initiate as graupel or ice pellets and grow through successive280

riming cycles. Air pockets trapped during growth reduce the bulk density, which can lead to soft hail at the surface. Median near-

surface conditions during soft-hail minutes were 0.7◦C, 98.1%, 2.9 m s−1, and 582.5 hPa for temperature, relative humidity,
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Figure 5. Classification of hydrometeor types according to SYNOP Table 4680 from the disdrometer minute data. The inner pie chart shows

each precipitation type, while the outer ring groups the observations into liquid, solid, and mixed phases.

wind speed, and air pressure, respectively. In the Mantaro Valley of Peru, the term “granizo” (hail) is widely used to describe

a broad range of falling ice particles (Valdivia et al., 2024). Although hail represented only 0.16% of total precipitation in the

study area, these events are among the most impactful in the valley. The median temperature during hail was similar to that285

during snow (-0.1◦C), and the median wind speed (3 m s−1) was comparable to most other hydrometeor types except snow.

For snow, minutes with high wind speeds (up to 11 m s−1) were recorded, with surface temperatures up to 4◦C. However,

the interquartile ranges were 1–2.8 m s−1 for wind speed and −0.3 to 0.2◦C for temperature, which is consistent with typical

near-surface conditions for snowfall. Note that these meteorological variables are measured at the surface; snow can remain

solid while falling even when near-surface temperatures are a few degrees above 0◦C, depending on humidity and melting290

time scales (National Snow and Ice Data Center, n.d.). Snow consists of ice crystals whose habit and degree of aggregation are

strongly influenced by the thermodynamic and dynamical environment; under strong winds, crystals can fragment and become

more compact.

Among precipitation types, temperature shows the clearest separation among phases. As observed in Fig. 6, liquid types

exhibit the highest temperatures, solid types the lowest temperatures, and the mixed phase (rain drizzle with snow) falls in295

between. All categories also include occasional atypical wind-speed values, which likely reflects the 1-min temporal resolution:

rapid transitions within a minute can be mapped to a single class. Atmospheric variables are not measured by the PARSIVEL2;

therefore, its minute-by-minute classification is driven primarily by particle diameter and fall velocity and cannot explicitly

account for evolving surface conditions during phase transitions.
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Figure 6. Distribution of temperature, wind speed, relative humidity and atmospheric pressure values considering the different hydrometeor

types identified by the disdrometer PARSIVEL2 minute data. The boxplots for each atmospheric variable show the distribution of all recorded

data, with the mean value labeled inside each box. The gray line separates the liquid, solid, and mixed phase groups.
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4.2 Performance evaluation and error quantification300

4.2.1 Assessment of the PARSIVEL2

For all precipitation types, the PSD peaked at small diameters and decreased with increasing diameter, with each precipita-

tion type exhibiting a characteristic maximum diameter. Snow particles were detected across diameters ranging from 0.34

to 19 mm. Since the instrument measures equivalent spherical diameter and fall velocity without imaging capabilities, the

recorded particles may represent individual snow crystals, aggregated snowflakes, or rimed particles.305

Individual snow crystals typically measure 0.5-5 mm (Straka, 2009), while aggregated snowflakes under favorable conditions

(temperatures near 0◦C, high humidity) can exceed 25 mm in diameter (Lawson et al., 1998; Locatelli and Hobbs, 1974). The

maximum observed diameter of 19 mm is consistent with aggregated snowflakes commonly reported in winter precipitation

events.

Figure 7. Drop size distribution (a) and maximum mean fall velocity per diameter bin (b), both decreasing with increasing particle diameter.

Data are grouped by precipitation type, each identified by a distinct combination of line style and marker shape: rain (dashed line, star marker,

dark blue), drizzle with rain (dotted line, star marker, medium blue), and drizzle (dash-dot line, star marker, light blue) share the star marker

but are distinguished by line style and color shade, reflecting their common liquid-phase origin. The remaining types use unique marker

shapes: snow (dashed line, square marker, red), soft hail (dotted line, diamond marker, orange), hail (dash-dot line, hexagon marker, tomato),

and rain drizzle with snow (dashed line, dot marker, green).

Rain particles were classified by the instrument across diameters from 0.34 to 13 mm, with the bulk of detections below 4 mm310

(see Fig. 7a). This range extends beyond the natural raindrop maximum of approximately 8.8 mm documented under extreme

conditions (Hobbs and Rangno, 2004), indicating potential misclassification. Drizzle particles were predominantly classified

below 1.87 mm, which is inconsistent with meteorological definitions that typically limit drizzle to < 0.5mm; moreover, di-
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ameters extended up to 4.5 mm, substantially overlapping with the rain size distribution. This overlap suggests limitations in

the instrument’s automated discrimination algorithm, particularly during mixed precipitation conditions. Hail particles were315

detected up to 15 mm diameter, while soft hail reached 19 mm. However, both types showed substantial detections below

5 mm, which conflicts with field observations where hailstones typically range from 5 to 19 mm (Allen et al., 2020), suggesting

misclassification of small frozen particles as hail.

To investigate classification accuracy, we analyzed the maximum mean fall velocity recorded within each diameter bin for

all hydrometeor types (see Fig. 7b). The instrument calculates mean velocities for 32 diameter ranges; we extracted the highest320

mean velocity value within each bin to approximate the upper envelope of the velocity–diameter relationship for each category.

Several physically inconsistent patterns emerged:

– Rain particles at diameters >6 mm exhibited maximum mean velocities of only 4 m s−1, substantially below the expected

terminal velocity of 8-9 m s−1 for raindrops of this size.

– Mixed precipitation, rain-drizzle, and snow types showed maximum mean velocities reaching 10 m s−1 at diameters325

<6.5 mm, exceeding theoretical terminal velocities for liquid drops and snow particles of these sizes.

– Conversely, hail and soft hail at diameters >10 mm recorded maximum mean velocities near 0 m s−1, which is physically

implausible for falling particles of this size and density.

These velocity-diameter inconsistencies indicate systematic misclassification by the instrument’s automated algorithm. Ac-

cording to the manufacturer (Nemeth and Beck, 2011), the classification relies on the empirical velocity-diameter relationship330

of Gunn and Kinzer (1949) for rain. To assess the validity of this approach across all hydrometeor types, we compared the

instrument’s classified particle distributions against established empirical curves (see Table. 2, Fig. 8). The graphs show the

relation of diameter and velocity falls of each precipitation types registering by the disdrometer. Each type is correlating with

the empirical curves of each precipitation types.

This discrepancy arises because the instrument classifies particles on a minute by minute basis, during which multiple pre-335

cipitation types often coexist simultaneously. The resulting misclassification propagates into derived variables such as drop size

distribution, rainfall intensity, and reflectivity which are calculated using all detected particles within each minute regardless

of type. Additionally, the instrument’s assumptions about particle shape (spherical for D<1 mm; variable axial ratios of 1.0-0.7

for 1-5 mm) introduce further uncertainties, particularly for snowflakes where measured width can differ substantially from

actual dimensions (Battaglia et al., 2010). These geometric errors are amplified at larger diameters due to the D3 term in vol-340

ume calculations. The combined effects of misclassification and shape assumptions result in systematic biases in precipitation

accumulation estimates. To quantify these biases under operational conditions, we compare the PARSIVEL2 measurements

against weighing rain gauge over the study period.
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Figure 8. Raw diameter–velocity data grouped by classified precipitation type, compared against empirical fall-velocity curves. Each panel

uses an independently scaled, type-specific colormap to show drop concentration (log10 scale). Top row: liquid and mixed types, with the

Gunn and Kinzer (1949) terminal velocity curve corrected for altitude following Foote and Toit (1969), at 4709 m a.s.l. (blue), 3300 m a.s.l.

(cyan), and sea level (purple). Bottom row: solid types, with five reference curves for snow, wet snow, soft hail, fresh hail, and lump hail. The

D-V Composite panel (bottom right) overlays all seven types using a fixed discrete color per type for legibility, distinct from the continuous

colormaps used elsewhere in the figure.

4.2.2 Impact on Precipitation Accumulation

To evaluate the impact of classification errors on precipitation accumulation, we compared PARSIVEL2 measurements against345

an independent OTT Pluvio2 weighing rain gauge. Both instruments record at 1-minute resolution. After applying the event

definition criteria, we identified 129 events; however, this number was reduced to 70(54.3%) after applying the selection

criteria. 3.3.1. Fifteen events (11.6%) recorded a duration of less than 10 minutes, 34 events (26.3%) were not detected by the

Pluvio2, and 10 events (7.8%) recorded less than 0.25 mm as measured by the weighting rain gauge.

To systematically address the most problematic cases, we identified 14 "extreme events" defined as those exceeding the350

95th percentile of precipitation amount distribution (>10.6 mm; equivalent to Q3 + 1.5 × IQR). These extreme events, marked

with yellow labels, contribute disproportionately to the overall RMSE and will serve as benchmark cases for evaluating the

correction methodology presented in Section 4.3 (Fig. 13). Events were categorized into three phases based on predominant

precipitation type: "solid" (≥80% snow/graupel/hail), "liquid" (≥80% rain/drizzle), and "mixed" (remainder). This 80% thresh-
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old ensures dominant phase representation while allowing minor contamination from transitional periods. As result we got,16355

liquid events, 17 solid events, and 38 mixed events. Which were analysed by a lineal regresion.

– Liquid precipitation (Fig.13a): The instruments show excellent agreement (R2 = 88.69%) with a negligible mean bias

(+0.00 mm) and low error metrics (RMSE = 0.71 mm; MAE = 0.40 mm). The positive intercept (0.176) indicates that

the PARSIVEL2 is highly sensitive to light precipitation. However, despite the zero overall bias, a relative overestimation

of +15.7% is observed in low-intensity events (mostly < 2 mm). Conversely, for higher intensities, the instrument tends360

to underestimate precipitation compared to the PLUVIO2, as reflected by a slope of 0.918.

– Solid precipitation (Fig. 13b): Exhibits a substantial overestimation, despite a high correlation coefficient (R2 =

85.15%). The PARSIVEL2 shows a mean overestimation of +84.1%, with a significant bias of +7.09 mm and an

RMSE of 13.05 mm. The slope of 2.103 confirms that the instrument systematically records more than double the refer-

ence values. This discrepancy is further evidenced by specific extreme events (e.g.,2,14,22,26,80), where the disdrometer365

overestimated the PLUVIO2 measurements by factors ranging from 1.3 to 4.2×."

– Mixed precipitation (Fig. 13c): Represents the most frequent category (n= 37), accounting for over half of the sampled

events. While it exhibits the highest correlation (R2 = 95.02%), it also records the most severe systematic overestimation

(+98.5%) with a slope of 1.936. At an altitude of 4709 m a.s.l., the frequent coexistence of different hydrometeor

phases leads to significant errors in the PARSIVEL2 default rain rate (R) calculation, which assumes the density of370

liquid water for large particles. The extreme discrepancies observed in events (3,15,16,52,62,64,83,102,118) highlight

the instrument’s inability to reconcile the optical diameter of melting hydrometeors with their actual mass, leading to a

substantial inflation of the intensity values compared to the PLUVIO2 reference.

The discrepancy regarding events not registered by the Pluvio2 reflects differences in instrument sensitivity rather than

measurement failure: the PARSIVEL2 optical detection principle enables it to identify light precipitation events (<1.8 mm375

accumulated; Fig. 9), that fall below the Pluvio2 minimum detection threshold of 0.1 mm/min (intensity resolution) during all

events. These undetected events were predominantly characterized by drizzle, light rain, and brief snow flurries. Conversely, the

events showing the greatest overestimation by the PARSIVEL2 (see yellow label in Fig. 9) were dominated by snow, soft hail,

and hail, with typical durations exceeding 1 hour. The extended duration of these events increases the cumulative impact of the

classification errors documented in the previous section, where the presence of multiple hydrometeor types within individual380

minutes contaminates the precipitation calculations.
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Figure 9. Comparison the amount of precipitation determined by Parsivel2 and Pluvio2 with the duration of events. Some characteristics are

added such as; dominant type of each event (colors dots) , the detection of events by both instruments (black asterisk) versus the detection

only by the PARSIVEL2(black dot) and the number of intense occurrences (extracted from total events 129) is labeled on the yellow-marked

locations.

To illustrate the overestimation mechanism, we examine an extreme event recorded on March 17, 2023 (event number 80,

Fig. 10). During this 4.5-hour event (09:29–15:24 LT), the PARSIVEL2 accumulated 47.9 mm compared to only 8.2 mm

measured by the Pluvio2, yielding an overestimation of 458%. The rain intensity time series (Fig. 10a) reveals that the highest

intensity peaks reaching up to 0.9 mm/min coincide with minutes classified as soft hail and hail, while snow, rain, and drizzle385

periods exhibit substantially lower intensities. The particle size distributions during these high intensity periods (Fig. 10c) show

that large particles exceeding 10 mm, classified as hail,coexist simultaneously with a high concentration of smaller particles

below 5 mm belonging to other hydrometeor types. The PARSIVEL2 algorithm attributes all detected particles within each

sampling minute to the total precipitation amount, irrespective of classification ambiguities, which directly drives the observed

overestimation.390

The Pluvio2 response (red line, Fig. 10a) contrasts markedly with the PARSIVEL2 signal, evidencing the fundamental differ-

ence in detection principles between the two instruments. The weighing gauge requires sufficient mass accumulation to exceed

its detection threshold, resulting in an approximate one hour delay before registration begins. Moreover, the Pluvio2 record

exhibits a distinctive oscillatory pattern: intensity rises to a local peak, decreases toward near zero values, and subsequently

recovers with a new peak. This behavior reflects the instrument’s limited sensitivity to intermittent precipitation, as mass accu-395

mulation is interrupted when precipitation temporarily ceases or falls below the detection threshold. A limitation particularly

relevant in high altitude transition zones where precipitation arrives in discontinuous pulses driven by moisture fluxes advected

from the Amazon basin toward the Andes.
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Figure 10. Case study of extreme overestimation event (80: March 17, 2023): (a) precipitation intensity time series colored by classified

hydrometeor type; (b) the behavior of mean fall velocity variable according diameter sizes during the event; (c) particle size distributions

during the event, showing coexistence of multiple size particles.

This oscillatory pattern can be further interpreted through the microphysical observations. The mean velocity panel (Fig. 10b)

shows that the decreasing phases of the Pluvio2 signal are associated with higher mean fall velocities at small diameters (below400

2.5 mm), suggesting a dominance of fast falling, high-concentration small particles, likely soft hail or graupel, that may bounce

or partially shed off the weighing funnel rather than contributing fully to the accumulated mass. Conversely, elongated particles

with diameters around 7.5 mm appear at low concentrations and higher velocities, consistent with hailstone passages. The

particle size distribution (Fig. 10c) corroborates this interpretation, showing that peak concentration episodes are dominated by

small particles with high number densities,while the large diameter tail reflects sporadic but optically significant hail detections405

that disproportionately inflate the PARSIVEL2 accumulation.
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The extreme overestimation observed across these cases exceeding 83% for solid precipitation and 98% for mixed events

is driven by a combination of large particles with high terminal velocities (∼ 8 m s−1), high particle concentrations, and the

coexistence of multiple hydrometeor types within the same sampling interval. These results confirm that when the instrument’s

minute-averaged classification fails, errors propagate exponentially due to the D3 dependence in volume flux calculations.410

This systematic bias identified at the event scale demonstrates that uncorrected optical disdrometer data are unsuitable for

climatological applications in high-mountain tropical settings. Consequently, the magnitude of these errors necessitates a post-

processing correction, as presented and validated in the following section through a hydrometeor-specific density adjustment

algorithm.

4.3 Application and Results of the Correction Method415

Figure 11. New classification of hydrometeor types after cor-

rection method applied. The inner pie chart shows the percent-

ages of each types highlighting wet snow and graupel as the

newly emerged dominant solid phase categories. These types

are grouped into liquid, solid, and mixed phases in the outer pie

chart

After applying segmentation based on empirical curves derived

from the velocity-diameter relationship to each minute of raw dis-

drometer data, the new classification revealed significant changes

over the study period (Fig. 11). Rain remained the dominant hy-

drometeor type, accounting for 52% of all precipitation. However,420

wet snow emerged as the second most abundant type (29.3%), fol-

lowed by graupel (15%). Pure snow events decreased drastically

from the initial classification (approximately 26%) to only 3.7%

after applying the correction methodology. Soft hail represented

0.0% in the final classification. When categorized by phase, liquid425

precipitation comprised 52%, mixed-phase precipitation accounted

for 29.3%, and solid precipitation represented 18.7% of the total.

4.3.1 Apparent density calculation

Before calculating the apparent density, it is worth noting that the

PARSIVEL2 internally computes a density value for each classi-430

fied minute, which should follow the empirical diameter density

relationship proposed by Brandes et al. (2008). However, analysis

of these internal values revealed systematic deviations from theo-

retical expectations across all precipitation phases (Fig. 12). Solid

particles showed median densities near 0.48 g cm−3 with high vari-435

ability (0.02–1.7 g cm−3); liquid particles clustered around 0.93

g cm−3 with a narrow interquartile range, though outliers extended

from 0.08 to 1.9 g cm−3; and mixed-phase particles presented intermediate values (median 0.87 g cm−3) with moderate
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variability. These deviations confirm that the disdrometer’s internal algorithm does not reliably reproduce standard theoretical

density values, underscoring the need for site specific calibration.440
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Figure 12. Distribution of density value in box plot grouped by each phase type. The density value shows ranging from 0 to 1.90 g/cm3 , the

orange line represents the 50th percentile and the black circles are outlier values.

Table 3. Density values of hydrometeor categories: Theoretical

range and best fitting value calculation

Hydrometeor Category Density Range Apparent Density

Rain 0.9–1.0 0.90

Snow 0.05–0.35 0.05

Wet Snow 0.1–0.2 0.10

Graupel 0.05–0.45 0.06

Hailstones 0.31–0.61 0.31

In addition to segmenting the disdrometer raw data by hy-

drometeor category, we estimated bulk density using observa-

tions from the weighing rain gauge. Apparent densities esti-

mated from the optimization procedure (Table 3) fell within the

theoretical ranges for each hydrometeor category. Rain exhib-445

ited an apparent density of 0.9 g cm−3, close to the theoretical

upper limit for liquid water. Solid precipitation types showed

considerably lower values: snow (0.05 g cm−3), wet snow (0.10

g cm−3), graupel (0.06 g cm−3), and hailstones (0.31 g cm−3),

all within expected ranges but toward their lower bounds, con-450

sistent with the porous structure of solid hydrometeors at high altitude sites.

4.3.2 Corrected precipitation totals

The application of hydrometeor specific density corrections produced markedly different outcomes depending on the precipi-

tation phase regime (Fig. 13). The largest improvement was observed for mixed precipitation, where systematic overestimation

decreased from +98.5% to +52.1% and the regression slope converged from 1.936 to 1.004, with RMSE reduced from 7.60455
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to 2.39 mm. Liquid and solid precipitation, in contrast, shifted from overestimation to slight underestimation after correction:

liquid events showed a bias of −4.9% (slope 0.743), while solid events transitioned from +84.1% overestimation to −14.1%

underestimation (slope 0.779), with RMSE improving from 13.05 to 4.44 mm. The phase dependent behaviour of the correction

is examined below through the regression line analysis for each group.

For liquid precipitation (Fig. 13d), the regression line crossed the 1:1 reference at approximately 0.743 mm. Below this460

threshold, the positive intercept (+0.199 mm) produced marginal overestimation; above it, the sub unity slope (0.743) yielded

progressive underestimation reaching approximately −1.1 mm at 5 mm of reference accumulation. The modest increase in

RMSE (0.71 → 0.86 mm) and MAE (0.40 → 0.50 mm) reflects the physical constraints of applying a fixed density value

to a particle population whose effective density varies at the sub event scale. At this high altitude site, liquid precipitation

frequently includes small non spherical particles, drizzle and supercooled droplets, whose effective density deviates marginally465

from unity due to shape deformation and partial freezing in sub zero ambient air, as evidenced by the outliers in Fig. 12. A time

varying density would capture this variability more precisely but would introduce poorly constrained uncertainty; the fixed

value of 0.9 g cm−3 represents a deliberate trade off that prioritises reproducibility over minute scale precision. The resulting

underestimation of −4.9% is consistent with previously reported biases for optical disdrometers at high altitude sites (Valdivia

et al., 2020).470

For solid precipitation (Fig. 13e), the correction substantially reduced the pre existing overestimation, with RMSE decreasing

from 13.05 to 4.44 mm and bias shifting from +84.1% to −14.1%. The regression line crossed the 1:1 reference at approx-

imately 3.8 mm: below this point the positive intercept (+0.887 mm) produced slight overestimation, while above it the sub

unity slope (0.779) yielded progressive underestimation reaching approximately −3.7 mm at 20 mm of reference accumula-

tion. This residual underestimation may reflect limitations in the assigned apparent density for intense solid events, where wet475

snow or rimed hydrometeors could exhibit densities above the correction value. Two extreme events (26 and 80) remained as

notable outliers and exerted disproportionate influence on the regression fit, contributing to the comparatively low R2 (69.12%)

despite the marked improvement in absolute error metrics. Following correction and reclassification, no event retained a purely

solid hydrometeor composition, all previously solid events were found to contain a measurable liquid or wet snow fraction,

suggesting that the uncorrected PARSIVEL2 systematically misclassified mixed-phase hydrometeors under the atmospheric480

conditions of this site.
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Figure 13. Scatter plots comparing precipitation accumulation measured by the PARSIVEL2 optical disdrometer with that measured by the

reference PLUVIO2S weighing gauge, before (panels a–c) and after (panels d–f) density correction, for three hydrometeor phase categories:

liquid precipitation (a, d; n= 16), solid precipitation (b, e; n= 17), and mixed precipitation (c, f; n= 37). Event classification is based on

the uncorrected PARSIVEL2 phase output, using a threshold of >80% fractional contribution of snow, soft hail, and hail for solid events

and >80% rain for liquid events. Each panel includes the ordinary least-squares regression equation, the 1:1 reference line (dashed), and key

performance metrics: root mean square error (RMSE), mean absolute error (MAE), coefficient of determination (R2), and systematic bias

(mm and percentage overestimation or underestimation). Yellow labels identify individual events with accumulations exceeding 10.6 mm,

which disproportionately influence the regression statistics. The density correction substantially reduced the systematic overestimation for

solid and mixed events, whereas performance for liquid events remained largely unchanged, consistent with the near-constant density of

rainwater (0.9gcm−3).

Mixed precipitation events (Fig. 13f) showed the strongest response to the density correction among all phase categories.

With a regression slope of 1.004 and RMSE reduced from 7.60 to 2.39 mm, this category achieved the closest agreement

with the PLUVIO2S reference across the full accumulation range. The regression line remained consistently above the 1:1

reference throughout the observed range, driven by the positive intercept (+0.888 mm). This offset was most pronounced for485
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low-accumulation events and diminished progressively with increasing depth: at 30 mm of reference accumulation, the residual

overestimation fell below 0.7 mm, rendering the corrected PARSIVEL2 essentially equivalent to the reference gauge for mod-

erate to intense events. The elevated percentage bias (+52.1%) reflects the predominance of low accumulation events in this

category — most mixed events recorded less than 3 mm, a range in which the near constant intercept offset represents a large

relative fraction of the total accumulation. The near unity slope and the substantial RMSE reduction collectively demonstrate490

that the category specific density correction is most effective precisely where phase complexity is greatest, resolving the error

that a single fixed density factor cannot capture.

The impact of the integrated correction on the most intense events of the record is examined in the following subsection.

4.4 Integrated correction impact on extreme precipitation events

Figure 14 shows the particle size distributions (PSDs) before (a) and after (b) applying the complete correction methodology495

for the 14 most intense events (total precipitation >10.6 mm), comprising solid and mixed precipitation. Comparing both

panels reveals the selective nature of the integrated correction: the filtering procedure acted on the large diameter tail of the

distributions while leaving the physically coherent small tomoderate diameter range largely intact.

Prior to correction (Fig. 14a), several PSDs exhibited discontinuities in the large diameter range; number concentrations

declined steeply with increasing diameter but reappeared at isolated bins beyond 10 mm, with some events showing detections500

above 19 mm. This non monotonic behaviour is physically inconsistent with natural precipitation processes, as it implies the

presence of particles whose size velocity relationship deviates from established fall speed curves for any known hydrometeor

type (Atlas et al., 1973; Gunn and Kinzer, 1949), suggesting that these detections correspond to contaminating particles rather

than precipitation. Uncorrected event totals ranged from 10.64 to 63.44 mm, with the highest accumulations driven by the

combined effect of these spurious large diameter detections and the density values calculated by the instrument’s internal505

algorithm, which were shown to deviate systematically from theoretical expectations (Section 4.1).

After implementing the integrated correction (Fig. 14b), the spurious large diameter detections were removed by the velocity–

diameter quality control, while number concentrations across small and moderate diameter classes were preserved, confirm-

ing that the procedure selectively eliminated contaminating particles without distorting the bulk of the detected hydrometeor

population. The corrected PSDs are unimodal, with modal sizes consistently between 0.5 and 2.5 mm across all 14 events,510

reflecting the microphysical characteristics of precipitation at this high-altitude site where mixed-phase events predominate.

Corrected event totals decreased by 9%–68% relative to uncorrected values. Representative reductions include Event 26 (63.44

→ 20.42 mm; −68%), Event 15 (50.44 → 22.54 mm; −55%), Event 64 (62.25 → 34.51 mm; −45%), and Event 2 (17.80 →
7.12 mm; −60%).

The magnitude of these reductions confirms that the pre correction overestimation documented in Section 4.3 arose from515

multiple interacting error sources; the misclassification of mixed-phase hydrometeors as purely solid, the inclusion of physi-

cally implausible large diameter particles, and the systematic deviation of the instrument’s internally calculated density values

from theoretical expectations. The integrated correction methodology addressed each of these sources independently, yielding

PSDs and accumulation totals that are physically consistent with the precipitation regimes observed at this site. The uni-
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modal structure and the modal diameter range obtained after correction constitute an observational characterisation of extreme520

precipitation microphysics at this high-altitude location, contributing to the limited body of knowledge on hydrometeor size

distributions in tropical glacier environments.
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Figure 14. The particle size distribution of extreme events before correction (a), and after correction (b). Each color represents the behavior

of particles concentration of a event from the 14 extreme events identified, while increasing the diameter the concentration decrease. The

spurious particles in higher diameter and low velocity are cleaned.

5 Discussion

5.1 Hydrometeor characterization and physical implications

Using the correction method based on empirical velocity-diameter curves, we found a substantial redistribution of precipitation525

types: wet snow (29.3%) and graupel (15.0%) emerged as dominant categories, whereas pure snow accounted for only 3.7%.

Although these types were not validated with direct observations or particle imaging instruments, this work provides a first de-
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tailed characterization of hydrometeor types at a tropical glacier in the central Andes, offering an initial basis for understanding

precipitation processes in these understudied environments.

The predominance of mixed-phase precipitation over pure snowfall is consistent with the thermodynamic structure of tropical530

glacier environments, where the freezing level often oscillates near the surface and temperatures rarely remain sufficiently low

for long periods to sustain exclusively solid precipitation (Sicart et al., 2005; Favier et al., 2004). At our site (4709 m a.s.l.),

temperatures during precipitation events ranged from −1.6 to 9.2◦C, favoring phase coexistence and partial melting during

particle fall.

The identification of wet snow as the dominant hydrometeor has direct implications for the glacier radiative balance and535

melting dynamics. Wet snow typically exhibits lower albedo (0.5–0.7) than fresh dry snow (0.8–0.9) due to larger grain size and

liquid-water content, increasing shortwave absorption and accelerating melt (Wiscombe and Warren, 1980; Melloh et al., 2002).

In addition, its higher density (0.1–0.2gcm−3 versus 0.04–0.1gcm−3 for dry snow) influences snowpack metamorphism and

water percolation, potentially leading to earlier and faster contributions to glacier runoff (Cuffey and Paterson, 2010). Graupel,

owing to its compact structure and relatively high density, can also melt more rapidly than snow crystals after deposition on the540

glacier surface.Furthermore, the event integrated PSDs of the 14 most intense events revealed a consistent unimodal structure

with modal diameters between 0.5 and 2.5 mm, suggesting that this size range characterises the bulk of the hydrometeor

population at this site regardless of event intensity.A finding that may inform parameterisation schemes for microphysical

modelling in similar high-altitude tropical environments.

Future studies should incorporate direct observation instruments to validate the hydrometeor classification inferred from the545

velocity–diameter method. Multi-Angle Snowflake Cameras (MASC; (Garrett et al., 2012)) or other particle-imaging systems

(Praz et al., 2017) could provide detailed morphological information to confirm the identified types and quantify riming and

crystal habits. In addition, vertically pointing cloud radars (e.g., Micro Rain Radar) would enable investigation of the vertical

structure of precipitation and the melting-level height, supporting a process-level understanding of mixed-phase precipitation

formation mechanisms in this tropical orographic environment (Mace et al., 2009).550

5.2 Transfer function performance and limitations

To correct the underestimation of the Pluvio2 weighing gauge due to the lack of wind shielding, we applied the transfer

function proposed by Kochendorfer et al. (2017), which adjusts accumulation as a function of wind speed and temperature.

The correction increased the raw measurements by 14% on average. The method uses empirical coefficients derived from

the WMO Solid Precipitation Intercomparison Experiment (WMO-SPICE) and has been evaluated across diverse climatic555

conditions.

The meteorological conditions at our site fall within the validity ranges reported by Kochendorfer et al. (2017). Selected

precipitation events occurred at temperatures between −0.45 and 4.85◦C (critical threshold: <−2◦C) and wind speeds be-

tween 0.7 and 5.48ms−1 (critical threshold: > 7.2ms−1), reducing the uncertainty associated with extrapolation beyond the

calibration range. In addition, the average catch efficiency (CE) was 0.85 and did not exceed the physical maximum of 1.0,560

supporting the applicability of the method in this tropical high-mountain environment.
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Despite its effectiveness under appropriate conditions, the method has limitations noted in subsequent studies. Smith et al.

(2020) showed that transfer function performance can deteriorate at sites with extreme wind speeds (> 10ms−1) or in complex

mountainous terrain where local aerodynamics can cause non uniform particle capture. At our site, the maximum recorded wind

speed (5.48ms−1) reduces this concern; however, the topographic complexity of the periglacial setting (strong local elevation565

gradients) likely introduces additional uncertainty that is not quantified here. Another limitation is the inability to correct

events with zero recorded accumulation; with our event selection threshold (≥0.25 mm), 44 potential events were discarded,

representing about 34% of the events detected by PARSIVEL2 but not by Pluvio2. This loss reflects both the limitations of the

weighing gauge and the high sensitivity of the disdrometer to very light precipitation that may not be hydrologically significant.

The influence of complex mountainous terrain on Pluvio2 catch efficiency requires further investigation, for example through570

controlled experiments with multiple spatially distributed sensors or via CFD (computational fluid dynamics) simulations of

wind flow around the instrument. In addition, installing a Double Fence Intercomparison Reference (DFIR) would enable

direct quantification of wind bias without relying on empirical transfer functions, providing a more robust reference for future

calibrations (by BE Goodison et al., 1998).

6 Conclusion575

This study evaluated the performance of the PARSIVEL2OTT optical disdrometer under tropical glacier conditions at 4709 m a.s.l.,

an environment characterized by mixed-phase precipitation. The analysis revealed critical limitations in the instrument’s ability

to distinguish precipitation types that coexist within the same time interval, leading to erroneous classifications that propagate

into derived variables. In particular, systematic overestimations exceeding 98% were identified in mixed-phase events, mainly

due to the misidentification of large, low density hydrometeors (e.g., wet snow or melting graupel) as high velocity liquid drops.580

This error is amplified by the D3 dependence in precipitation intensity calculations, whereby small differences in diameter can

produce large errors in accumulated precipitation. These findings show that standard PARSIVEL2 algorithms are inadequate

for tropical glacier environments without post processing corrections.

The correction methodology developed here integrates (1) hydrometeor reclassification using empirical velocity–diameter

curves and (2) optimization of type specific apparent densities. Overall, it reduced errors in extreme events by up to 68%.585

The largest improvement was obtained for mixed-phase precipitation, where the regression slope improved from 1.936 (almost

double the reference) to 1.004 (near ideal), and the RMSE decreased from 7.60 to 2.39 mm. The corrected classification

yielded a more physically plausible hydrometeor type distribution: pure snow decreased from 26% to 3.7%, whereas wet snow

(29.3%) and graupel (15.0%) emerged as the dominant solid hydrometeors. This result has direct implications for glacier mass

balance assessments, as wet snow exhibits lower albedo and higher density than dry snow, accelerating shortwave energy590

absorption and modifying snowpack metamorphism rates in ways that are not captured when precipitation is misclassified as

pure snow. Although the method produces slight underestimations for pure liquid (-4.9%) and solid precipitation (-14.1%),

these deviations are acceptable because (a) such events represent a small fraction of the annual total, (b) absolute errors are
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low (RMSE < 5mm), and (c) correcting mixed-phase events (more than 50% of cases) is critical for reliable hydrological

estimates.595

This article provides a validated post processing methodology for optical disdrometers in tropical glacial environments,

where mixed-phase precipitation dominates the hydrological regime. Accurate quantification of solid versus liquid precipitation

is essential for glacier mass balance studies and for accumulation and ablation models that project andean glacier evolution

under climate change. Improved precipitation estimates also support water resources management by strengthening predictions

of seasonal water availability for agriculture, domestic use, and hydropower generation. Finally, the refined precipitation-600

type characterization (with wet snow and graupel identified as prevalent hydrometeors) contributes to the understanding of

microphysical cloud processes in the tropical upper troposphere, which remains understudied.

The methodology is limited by its reliance on a calibrated weighing rain gauge as reference and by the lack of direct valida-

tion of hydrometeor morphology. Although direct observation instruments (e.g., 2DVD cameras or particle imaging systems)

would improve validation, their cost and operational complexity limit their use in extensive monitoring networks. A key ad-605

vantage of the proposed approach is that it can be implemented within existing automated station networks without additional

instrumentation, reducing costs and improving the reliability of precipitation data in remote high mountain areas. This sup-

ports transferability to other high elevation tropical glacier sites in the Andes (Peru, Ecuador, Bolivia, Colombia) operating

under similar thermal conditions. Future work should (a) validate the method with direct observations or particle imaging, (b)

extend the analysis to multiple years to assess ENSO related interannual variability, and (c) integrate corrected precipitation610

into distributed glacier mass balance models to improve projections of glacier retreat under future climate scenarios.

The data used in this work can be acquired downloaded from the repository (OTT PARSIVEL2, AWS and OTT PLUVIO2S

records — Cordillera Huaytapallana, Peru 2022–2023) DOI: https://doi.org/10.5281/zenodo.20756952 Perez (2026b) The

script developed for the method applied can be found in https://doi.org/10.5281/zenodo.19808059 Perez (2026a)615
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