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RESUMEN

El rango 6ptico meteoroldgico (MOR, por sus siglas en inglés) es un parametro objetivo para evaluar la visi-
bilidad atmosférica. Datos obtenidos con disdrometros 6pticos (PWS100) fueron utilizados para analizar las
mediciones del MOR durante eventos con lluvias extremas en dos lugares de México: Chamela, en la costa
del Pacifico, y Juriquilla, un sitio de muestreo continental. El rendimiento del disdrometro para la estima-
cion de las precipitaciones fue consistente y satisfactorio comparado con los pluviometros de balancin. Los
analisis basados en la estimacion de intensidad de precipitacion (R) de los datos pluviométricos muestran
que las disminuciones mas significativas de MOR ocurrieron durante los periodos de mayor intensidad. Los
valores estimados para los ajustes de ecuaciones de ley de potencia para el coeficiente de extincion (o) y R
son comparables con los obtenidos en estudios anteriores y tienen un excelente rendimiento estadistico para
modelar los valores de o. Los coeficientes de estas expresiones matematicas indican que la precipitacion en
los sitios de muestreo se inicia a partir de nubes mixtas (tipo Bergeron) y puede inferirse que en los sitios
de muestreo predominaron las tormentas eléctricas durante los periodos elegidos para este estudio. Nuestros
hallazgos indican que el MOR y o estan estrechamente relacionados con la proliferacion de gotas de lluvia
grandes y el ensanchamiento de la distribucion por tamaios de gotas (inferido por el aumento del didmetro
volumétrico medio). A pesar de la subestimacion de la abundancia de las gotas de lluvia pequenas por el dis-
drometro dptico, este estudio demuestra la fiabilidad de las estimaciones de MOR obtenidas con el PWS100
durante eventos de lluvia.

ABSTRACT

The meteorological optical range (MOR) is an objective parameter for assessing atmospheric visibility. Data
collected using optical disdrometers (PWS100) were used to analyze MOR estimates when extreme rainfalls
occurred at two locations in Mexico: Chamela, on the Pacific coast, and Juriquilla, a continental sampling
site. The performance of the disdrometer for rainfall estimation was found to be consistent and satisfactory
when compared to rain gauges. Analyses based on rainfall rate (R) outcomes from tipping bucket rain gauge
data showed that MOR measurements registered the most significant decreases during periods of highest R.
The assessed coefficients for the extinction coefficient (o) and R power-adjusted relationships are comparable
to those obtained in previous studies, and the statistical performance of the fitted equations in modeling o
values is excellent. The equation coefficients for these mathematical expressions indicate that precipitation
at the sampling sites is initiated from mixed (Bergeron-type) clouds, and it can be inferred that mixed-phase
thunderstorms were predominant at the sampling sites during the chosen periods. Our findings indicate that
MOR and o are closely related to the large raindrop proliferation and the broadening of the raindrop size
distribution (inferred from the increase of the median volume diameter). Despite the underestimation of small
raindrops by the optical disdrometer, this study demonstrates the reliability of MOR estimates obtained with
the PWS100 during rainfall events.
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1. Introduction

Visibility estimates are based on the contrast be-
tween an object and the background, i.e., the relative
difference between the brightness of both objects
(Koschmieder, 1924; Middleton, 1957). Atmospheric
visibility, known as the visual range, is the standard
parameter for human visual perception of the en-
vironment (Liaw et al., 2009; WMO, 2014) and is
an important weather element for safety in ground
transportation, navigation, and aviation (Ma et al.,
2018; Liu et al., 2022; Zhang et al., 2022).

Visibility observations are affected by subjective
and physical factors (EPA, 1979). Thus, an objec-
tive parameter called meteorological optical range
(MOR) has been defined as the path length in the
atmosphere over which the light from a known source
is reduced to 0.05 of its original intensity (Dunlop,
2008). Heavy precipitation, fog, and clouds lead to
reductions in visibility (Gultepe et al., 2019; ICAO,
2005), although emissions and other air molecules
can also affect light attenuation and visibility (EPA,
1979). Impaired visibility resulting from heavy rain
causes serious problems for highway safety. Records
show that crash and injury rates increase by 10 and 8%
during rainfall, respectively, and may deteriorate with
heavier precipitation due to poor visibility and reduced
friction from slippery road conditions (Lee et al. 2018;
Wang et al., 2021). Atmospheric visibility is related to
light attenuation, expressed by the optical extinction
coefficient, o (in m™), as the sum of the absorption
and scattering effects of particles in the atmosphere
(Eidels-Dubovoi, 2002; Duthon et al., 2019).

Many empirical relationships between any remote
measurable parameter, P, and rainfall rate, R, can have
apower-law form (Torres et al., 1994). The literature
provides many examples of power-law expressions,
among others, between R and radar reflectivity (Atlas,
1964), between rainfall kinetic energy and rainfall
momentum (Brodie and Rosewell, 2007; Monte-
ro-Martinez, 2021), and between optical extinction
coefficient (Atlas, 1953; Ulbrich and Atlas, 1985)
and visibility (Gultepe and Milbrandt, 2010). Various
instruments are available to obtain visibility (MOR
or runway visual range) data, but only those based
on transmissometers and forward-scatter meters are
currently recommended. Forward-scatter meters have
gradually been popularized to replace traditional
transmissometers due to several advantages, such

as easy installation, minor maintenance, and lower
expenses. A series of comparative tests of these two
types of devices has been conducted both outdoors
and indoors to evaluate their performance (Zhuang
etal., 2022).

This study aims to present MOR data gathered
using PWS100 sensors (disdrometers) during rain ep-
isodes with large rainfall intensities (R > 10 mmh™!),
estimated using tipping-bucket gauges, to find re-
lationships between these variables at two different
sites in Mexico. The PWS100 is a sensor based on
the forward-scatter technology that has been used to
measure microphysical parameters of solid and liquid
precipitation in both urban and rural environments
(Gires et al., 2018; Jia et al., 2020), and data have
been used to evaluate the rain attenuation of radio
wave transmissions (Huang et al., 2019; Zahid et
al., 2020). Further, this type of disdrometer has been
used to calculate relationships between radar reflec-
tivity and rainfall intensity based on raindrop size
distribution (DSD) estimates (Chen et al., 2023), to
make microphysical measurements of rainfall (Mon-
tero-Martinez et al., 2016, 2021), and to evaluate its
performance regarding visibility measurement in an
indoor atmospheric environment simulation chamber
(Zhuang et al., 2022). The relationships between
rainfall intensity and extinction coefficient values
obtained here, based on the second moment of the
raindrop size distribution, are compared with those
reported in the literature.

The chosen locations have different attributes.
One is in the Pacific coastal region, with an equato-
rial monsoon climate, inside the Chamela-Cuixmala
Biosphere Reserve. Diaz-Infante et al. (2020) men-
tion that natural events can impact vegetation and
animal-plant interactions in this dry forest region.
Therefore, studying changes in visibility impairment
by heavy or intense rainfall in coastal areas is relevant
because the data would be important for ensuring
the safety of maritime navigation. The second site is
in the central area of Mexico (altitude greater than
1940 m), in an urban area with cold semi-arid char-
acteristics. The authors have not found other articles
reporting visibility studies during rain events in Mex-
ico using the PWS100. This work represents the first
attempt to analyze data from this type of instrument
and compare the results with those of other reports,
by evaluating the influence of microphysical rainfall
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characteristics during periods of intense rainfall on
the behavior of MOR estimates.

2. Data

2.1 Sampling sites

Two observatories of the University Network of
Atmospheric Observatories (RUOA, 2023) were
selected to analyze MOR data in this study. Figure 1
shows the location of the sampling sites throughout
Mexico. Chamela (CHAM, 19.50° N, 105.04° W, 91
masl) is a biological research station 7 km from the
Pacific coast. Given its location, the mean atmospher-
ic pressure is around 998 hPa. Climatological data
for the CHAM site show temperature ranges between
13.8 and 36 °C throughout the year with an annual
mean precipitation of about 740 mm (http://www.
ibiologia.unam.mx/ebchamela/www/clima.html).
So, the climate at CHAM is classified as equatorial
monsoon (Am, Kottek et al., 2006). The observatory
in Juriquilla (JQRO, 20.70° N, 100.45° W, 1945 masl)
is in an urban area on the High Plateau of Mexico,
with a climate classified intermediate between cold
and hot semi-arid (BSk). The average atmospheric
pressure is 810 hPa, the temperature range is from —2
to 36 °C, and the mean annual precipitation is 550 mm
(CNA, 2007). The primary rainy season for JQRO

occurs in summer and autumn (from May to Octo-
ber); meanwhile, the rain begins in June at CHAM. A
secondary rainy season with less precipitation occurs
during winter (Montero-Martinez, 2021). MOR and
rain microphysical data were collected at CHAM
from June 2018 to July 2019. Data were collected at
JQRO from June to November 2018.

2.2. Instrumentation
Each sampling site is equipped with sensors for
measuring weather parameters (wind speed and
direction, temperature, atmospheric pressure, solar
radiation). It also features a TR-525M tipping-bucket
rain gauge manufactured by Texas Electronics (www.
texaselectronics.com) and an optical present weather
sensor (PWS100) for precipitation assessment. The
rain gauge has a resolution of 0.1 mm and an accu-
racy of 1% for rainfall rates up to 50 mm h™'. Water
amounts are evaluated by the number of bucket
overturns registered per minute, each one equivalent
to 0.1 L m 2. Data from the TR-525M were used to
select the sampling periods for this study, which were
required to have a precipitation intensity greater than
10 mmh™",

The PWS100 is a laser-based sensor consisting
of a transmitter, four horizontal light sheets with a
0.4 mm spacing between them and a depth of 0.4 mm
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Fig. 1. Relief map depicting the orography of Mexico and the geograph-
ical location of the RUOA observatories chosen as sampling locations

for this study.
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each, and two detectors. The laser’s wavelength is
830 nm. The instrument measures scattered light
through an angle of 20° off the vertical and horizontal
planes of the beam propagation axis to calculate the
size and velocity of individual precipitation particles
(Ellis et al., 2006) with an accuracy of 5% for both
parameters and 10 % for total rain. The instrumen-
tal range for MOR estimates is up to 20000 m with
an accuracy of 10% for up to 10000 m (Campbell
Scientific, 2015). According to the manufacturer,
the instrument configuration defines an area of
40 cm? by the overlap of the measurement regions of
the two detectors. The nominal detection sizes and
fall velocities of individual particles range from 0.1
to 30 mm and from 0.1 to 30 ms~!, respectively. The
outputs are arranged in 34 by 34 size and velocity
bins. The device can distinguish between different
classes of hydrometeors and delivers output messages
indicating the type of particles detected, such as rain,
snow, hail, and others.

The PWS100 geometry for visibility estimation
is like that of other conventional sensors. By its
design, the light forward scattered by atmospheric
particles is used to estimate the atmosphere’s extinc-
tion coefficient. So, MOR estimation is based on the
assumption that the absorption effect is not significant
and that the light intensity collected by the detectors
is proportional to the extinction coefficient (Ellis et
al., 2006; Campbell Scientific, 2015).

The nominal range for particle diameter, D, was
between 0.45 and 6 mm in this study. The upper value
was established to avoid the influence of mixed rain
(graupel and hail melting), as noted by Martinez
and Gori (1999), and because field observations
have few drops with D > 6 mm (Barros et al., 2010).
On the other hand, the PWS100 algorithm excludes
precipitation particles with anomalous velocities.
Hydrometeor velocity is gathered when it crosses
through the four light sheets. If the instrument de-
tects a hydrometeor falling too fast for its size, it is
categorized as an unknown particle and excluded
from calculations. However, an additional particle
with the same characteristics as the average of good
particles falling at that time is included (Campbell
Scientific, 2015). This process, in turn, leads to low
counts of raindrops smaller than 0.4 mm given the
occurrence of super-terminal drops in this size range
(Montero-Martinez et al., 2009; Montero-Martinez
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and Garcia-Garcia, 2016). Furthermore, Agnew
(2013), Johannsen et al. (2020), and Pickering et al.
(2021) reported that the PWS100 underestimates the
number of raindrops with D values < 0.8 mm. Thus,
these instruments are suitable for rainfall events with
significant liquid precipitation (Jia et al., 2020) when
the number or proportion of large drops is dominant.
Therefore, this study’s data analysis focused on pre-
cipitation events with periods of heavy (10.0 <R <
50 mm h™') and extremely heavy rainfall intensities
(R>50 mm h!) (WMO, 2018). The time resolution
used for all instruments is 1 min, and the total number
of samples available for this study was 4737.

3. Material and methods

3.1. Methods

3.1.1. MOR (visibility) computations

The Beer-Lambert-Bouguer law empirically links

the attenuation of energy with the properties of the

substance it passes through. Using Koschmieder’s

law (1924), an empirical relationship was obtained

between the contrast (C) and the coefficient extinction

that describes the optical properties of the air:
B,—B, B,—B,(1—e")

C = =
B, By,

e (1)

In this equation, Bj and B, represent the apparent
luminance of the black object and the horizon sky,
respectively; ¢ (in m™!) is the light extinction coeffi-
cient, and x (in m) is related to a distance length. The
World Meteorological Organization recommends a
contrast threshold (¢) of 0.05 for purposes such as
airport visibility (Horvath, 1981). Eq. (1) helps define
the MOR (expressed in m or km). This parameter
represents the path length in the atmosphere required
to reduce the luminous flux in a collimated beam from
an incandescent lamp at a color temperature of 2700
K to 5% of its original value (WMO, 2018).

1 1 1 1 3
MOR = —In| — | =—In R — 2)
c € c 0.05 c

Eq. (2) establishes that MOR, as with visibility,
is determined by the extinction coefficient of the air.
Previous studies (Ulbrich and Atlas, 1985; Vasseur
and Gibbins, 1996; Uijlenhoet et al., 2011) mention
that o can be theoretically evaluated from the DSD
for rain events, in addition to via extinction efficiency
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(Qexr), which is defined as the ratio of the extinction
cross-section of raindrops (in mm?) to the geomet-
ric cross-section of the hydrometeors (in m?). In
meteorological studies, DSD indicates the number
of drops in a determined diameter range contained
in a unit air volume, N(D), which is the number
concentration (in m mm™'). During a rain event,
the DSD changes according to the number and size
of the precipitating raindrops. Light rain is generally
dominated by small and medium-sized drops (narrow
DSD). However, when rainfall intensity increases, the
number of large raindrops typically increases (broad
DSD). The median volume diameter (Dy, in mm) is
used in radar meteorology to characterize the DSD
broadness. Dy is the upper raindrop diameter in the
DSD that contributes to half of the total liquid water
content (LWC) (Testud et al., 2001; Wen et al., 2016):

Dy o
J D3N(D)dD = 1 J D3N(D)dD (3)
0 2 Jo

Mie’s theory enables us to estimate the extinc-
tion cross-section of rain particles by assuming that
raindrops have quasi-spherical shapes and their size,
related to the equivalent spherical drop diameter (D,
in mm), greatly exceeds the visible and near infra-red
wavelengths. For raindrop sizes D > 0.2 mm, O,
becomes 2 (Hansen and Travis, 1974; Gultepe et
al., 2006), independent of the employed wavelength
(Chylek, 1977). Therefore, o (in km™) is related to
the second moment of N(D) (Uijlenhoet et al., 2011):

e}
o = g X 10-3[ D?x N(D)dD )
0

The PWS100 can calculate visibility values based
on the type of particles detected in its sampling
volume. When a DSD is obtained during a weather
event, the instrument uses these data to provide better,
accurate MOR estimates (Campbell Scientific, 2015).

The rainfall rate is calculated using the third mo-
ment of the DSD as:

R =67 x107* J D3 xv(D)x N(D)dD (5)
0

Here, v (D) (inm s™!) is the mean fall speed of the
raindrops detected in each size bin during sampling.
Egs. (4) and (5) indicate that DSD characteristics
are crucial for describing visibility features and rain
events. o has been expressed as a function of R using

power-law expressions (o= aR”) (Ulbrich and Atlas,
1985). Atlas (1953) noted that the coefficients of such
equations are related to the DSD and associated the
differences between the theoretical and empirical
estimates of the coefficients in the ¢-R relationships
with the shape of the DSD. It should be noted that
the a-coefficient of the expression can decrease by up
to an order of magnitude as DSD broadens. Further,
Ulbrich and Atlas (1985) and Uijlenhoet et al. (2011)
settled that the exponent values in the o-R expression
are related to variations in the shape coefficients of
the gamma distribution. Moreover, Shipley et al.
(1974) and Miers (1983) reported that the coefficients
also vary depending on the type of rainfall; namely,
the exponent corresponding to thunderstorm cases is
significantly larger than that for orographic ones (Ui-
jlenhoetetal.,2011). Rahman et al. (2008) presented
data of visibility < 1 km during periods of extreme
rainfall (R > 100 mm h™?), and Gultepe and Milbrandt
(2010) reported relationships between visibility and
R for light, moderate, and heavy rainfalls.

3.2. Statistical analysis

Considering the differences in their operational princi-
ples, the PWS100 has advantages over the TR-525M
for assessing the actual duration of precipitation
events. An issue with tipping bucket rain gauges is
that measurements are discreet, corresponding to fixed
volumes of water that accumulate in a small bucket,
resulting in a record of times that rainfall accumulation
equals the bucket’s volume (Michaelides et al., 2009).
When a rain episode is light, the bucket takes a long
time to fill, and a desynchronization occurs insofar as
it compares with an optical disdrometer. On the other
hand, heavy rainfall yields rapid filling and emptying
of the bucket, leading to water loss during the accu-
mulation process. Rainwater estimates were evaluated
using statistical metrics, specifically the Nash-Sutcliffe
efficiency (NSE), the root mean square error (RMSE),
and the percent bias (PBIAS).

The NSE is a dimensionless statistic that indicates
how well the measured and reference data fit the 1:1
line. It ranges between —oo and 1.0, with the latter
value being the optimal (Nash and Sutcliffe, 1970).
Based on this statistic, the performance evaluation
will be non-acceptable when NSE < 0.5, satisfacto-
ry when 0.5 < NSE < 0.6, good when 0.6 < NSE <
0.8, and excellent when NSE > 0.8 (Moriasi et al.,
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2015). RMSE is measured in units of accumulated
rainwater (4cc, in mm) and represents the size of the
typical difference between the measurements of the
PWS100 and the TR-525M. It is usually accepted that
a lower RMSE implies better model performance.
Another criterion for interpreting the RMSE results
is based on a report by Singh et al. (2005) in which
RMSE is considered low when the result is less than
half the standard deviation of the gauge estimates.
Finally, PBIAS measures the average tendency of the
observations, expressed as a percentage, as larger or
smaller than reference measurements. The optimal
value of PBIAS is 0.0, for which low-magnitude
values suggest rainwater estimates that are very
similar between the disdrometer and the rain gauge.
The PBIAS parameter is interpreted (Walther and
Moore, 2005) as an under- or over-estimation (corre-
sponding to positive or negative values) concerning
the reference value, i.e., the rain gauge. Based on the
evaluation criteria given by Moriasi et al. (2015),
the comparison between the instruments should be
considered as not satisfactory when PBIAS > |0.25].
Interpretation of the results is essential in extract-
ing meaning from data and measurements. The effect
size quantifies the difference between (two) groups.
It has the advantage of emphasizing the size of the
difference over the simple use of statistical signifi-
cance tests (Coe, 2002; Sullivan and Feinn, 2012).
This parameter is a major tool for interpreting the
effectiveness of a particular phenomenon, providing
relevant interpretation, and can be expressed as the
Hedges effect size statistic g as shown below:
X - X,
S
where X; and X, correspond to the mean values of
the two groups to be compared, and S is the pooled
sample standard deviation of the compared groups
(Morales-Vallejo, 2008; Montero-Martinez and
Garcia-Garcia, 2016; Goulet-Pelletier and Cousin-
eau, 2018; Montero-Martinez, 2021). Cohen (1988)
proposed guidelines for interpreting this magnitude
(2): (1) 0.2 considered “small” (a real effect, in-
dicating something is happening and can only be
noticed through a careful study); (2) 0.5 considered
“medium” (large enough to be visible to the naked
eye); and (3) 0.8 considered “large” (which indicates
absolute perceptible, i.e., a very substantial effect).

g (6)
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The adjustment curve coefficients of the MOR-R
and o-R relationships were obtained with the Mat-
lab software using the Levenberg-Marquardt (LM)
algorithm and the nonlinear least-squares adjustment
method. LM is an iterative technique that locates the
minimum value of a function expressed as the sum
of squares of nonlinear functions, and it applies to a
wide variety of nonlinear least squares. The LM in-
terpolation is based on the maximum neighborhood in
which the truncated Taylor approximations adequate-
ly represent the nonlinear model. Each LM iteration
determines its parameter step from the product of a
damped inverse curvature matrix with a parameter
space gradient (Levenberg, 1944; Marquardt, 1963;
Lampton, 1997).

4. Results

4.1 Rainfall amounts

The performance of disdrometers and rain gauges
at each sampling site was evaluated by comparing
the measurements of accumulated rainwater per
event. The sampling time is crucial for striking
a balance between observing fluctuations and the
inhomogeneity of the actual physical processes of
rainfall. The data analysis in this study was based
on 4373 observations of 1-minute rainfall periods
corresponding to 16 rainy episodes, which showed
periods of at least 5 min with rainfall intensities
greater than 10 mm h™! (i.e., heavy rain). Further-
more, a sub-selection of 676 periods that showed at
least 100 drops detected with nominal sizes between
0.4 and 6.0 mm was used. As previously mentioned,
this size diameter range was selected due to instru-
mental issues and to avoid the impact of mixed rain
(Montero-Martinez et al., 2021).

Table I shows the results providing a descriptive
analysis (mean and standard deviation) of the esti-
mates of Acc per event detected by the TR-525M
and the PWS100. The table also includes the NSE,
PBIAS, and RMSE values as obtained for each
sampling site. The average rainwater outcomes sug-
gest that optical instruments gave greater estimates
than the tipping-bucket rain gauge (TR-525M) for
the specific dataset and agree with previous studies
(Montero-Martinez and Garcia-Garcia, 2016; Liu et
al., 2019; Montero-Martinez et al., 2020; Ro et al.,
2024).
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Table I. Average and standard deviations (in parenthesis) of rainwater amount
estimates for PWS100 and TR-525M data collected in each sampling site.
Performance measures (NSE, PBIAS, and RMSE) were also obtained, considering

the rain gauge as the reference.

Mean (SD)
e PWS100 TR-525M  NSE [ DIAS  RMSE
(%) (mm)
(mm) (mm)
CHAM 9 23.7 (16.2) 24.1 (19.7) 0.9 1.9 43
JQRO 7 28.9 (18.2) 25.4(15.2) 0.9 14.1 5.1

NSE: Nash-Sutcliffe efficiency; PBIAS: percent bias; RMSE: root mean squared
error; n.: number of rain events; SD: standard deviation.

NSE was used to determine the relative magnitude
of the residual variance between the PWS100 and
TR-525M observations and the measured disdrom-
eter variance (Nash and Sutcliffe, 1970). The results
indicate the extent to which the disdrometer data
correspond to the 1:1 line of a plot with the gauge
estimates (Moriasi et al., 2015). The NSE results in
Table I indicate very good performance levels for
both instruments at both sampling sites (Moriasi et
al., 2007). The RMSE values, being less than half
the SD of the PWS100 observations, are considered
low according to the criterion of Singh et al. (2005).
PBIAS absolute values range from 2 to 14% using
rainfall water accumulation estimates from the rain
gauge as a reference. When comparing the perfor-
mance evaluation statistic values for the JQRO site
with those for CHAM, the values for the JQRO site
are larger. However, the results presented in Table I
indicate a good performance for both instruments in
estimating the amount of rainfall in the sampling sites.

4.2 Behavior of the estimates of MOR

Figure 2 displays MOR data (gray lines) obtained
from the PWS100, and rainfall intensity estimates
gathered from the TR-525M over six rain episodes
at the sampling sites. The analysis of the MOR scores
in Figure 2 shows that the lowest values for this
parameter (MOR < 1 km) are linked to the periods
of highest R outcomes (R > 60 mm h™'), which not
only agrees with the expectations but also with other
reports. The disdrometer data indicate that the rain
events lasted a minimum of three hours and illus-
trate the effect of this phenomenon (precipitation)

on atmospheric visibility as associated with MOR
data. The estimated maximum rainfall intensity for
the events shown corresponds to periods of heavy
and extreme precipitation (R > 10 mm h™!) lasting a
few minutes. Ma et al. (2018) reported that a larger
R in precipitation (or LWC in fog) led to an increase
in the value of the extinction coefficient. Another
factor that could contribute to the decrease in MOR
estimates is the density of small droplets produced
by the raindrops splashing on the ground. These
droplets could be suspended for a few moments and
then form a small layer of fog just above the surface.
However, due to the specific conditions of the periods
studied (high rainfall intensity with a temperature
usually greater than 15 °C), the appearance of fog
is not observed. Therefore, the study of this factor
is deemed implausible and falls outside the scope of
the present study.

4.3 Relationship between rainfall intensity and
MOR

Figure 3 shows the MOR variations associated with
the R estimates obtained from the TR-525M with R
>12 mm h™! for each sampling period. The estimates
of MOR based on the extinction coefficient, gathered
from DSD, as a function of R data from the PWS100
are also shown in grey symbols. The numbers of data
points shown in the plots are 305 for CHAM and 371
for JQRO. The MOR data illustrate the expected be-
havior for periods with higher R values, during which
an increase in the concentration of large raindrops
produced more significant interactions with light and
caused a MOR reduction in those episodes. Also, the
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Fig. 2. Estimates of meteorological optical range (MOR, grey lines) and rainfall intensity collected during six rainfall
events in two sites in Mexico. The temporal resolution is 1 min.

MOR outcomes obtained directly from the optical
disdrometer are observed to match those from the
DSD data. The variability in the MOR data could be
attributed to natural DSD fluctuations (Ulbrich and
Atlas, 1985) that depend on environmental thermo-
dynamic conditions (Gultepe and Milbrandt, 2010),

such as relative humidity, atmospheric pressure, or
temperature.

Furthermore, Figure 3 also displays a power law
MOR-R parameterization. It can be noticed that the
power-law equation reasonably models the values of
MOR whenthe precipitation s extreme (R>50mm h ™).
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Fig. 3. Plots of meteorological optical range (MOR) data
(km ") from PWS100 versusrainfall intensity (R>10mmh ")
estimates with the rain gauge at 1-min rain intervals
gathered at each site. The diagrams also display the MOR
estimates using the extinction coefficient from raindrop
size distribution (DSD) outcomes (open red diamonds).
Each point corresponds to a sampling period during which
at least 100 raindrops were detected by the PWS100.

Table II presents the performance evaluation of the
fitting equations derived from the data collected at
the sampling platforms used in this study. Based on
the evaluation criteria provided by Moriasi et al.
(2015), the coefficient of determination values in
Table II (r* > 0.95) indicate that the performance of
the power-law model obtained for each site is very
good. The RMSE results show a similar performance
between the fitting equations obtained for each sam-
pling site. However, the NSE criteria suggest that
the performance of the models should be considered
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unsatisfactory because the obtained values are less
than 0.45 (Moriasi et al., 2015).

Table II. Performance measures for the MOR-R fitting
expressions for each sampling site shown in Fig. 3.

MOR = aR?
n 2 RMSE NSE
(km)
CHAM 305 0.99 1.29 0.16
JQRO 371 0.99 0.79 0.39

n: number of 1-min sampling intervals used for the analysis;
MOR: meteorological optical range; r*: coefficient of
determination; RMSE: root mean squared error; NSE: Nash-
Sutcliffe efficiency; CHAM: Chamela; JQRO: Juriquilla.

4.4 Relationship between the extinction coefficient
and rainfall intensity

Figure 4 illustrates the o estimates computed with
the second DSD moment as a function of the rainfall
rates calculated using the rain gauge measurements.
Each panel displays a o-R fit equation obtained for
each sampling site, along with the corresponding
coefficient of determination. The lines correspond
to the expressions obtained with heavy precipitation
data (R> 10 mm h™?).

Table III presents the fitting equations for the o-R
data shown in Figure 4. Data with R > 10 mm h™"
were used for the heavy rain adjustment (n represents
the number of periods that met this requirement). The
coefficients of the equations are expressed as the 95%
confidence interval (CI). The a- and b-coefficients for
the o-R relationships are similar to those obtained by
Shipley et al. (1974) using tipping bucket rain gauges
to estimate the rainfall rates in thunderstorms and
stratus rainfall. The effect size results suggest that
the adjusted equation for JQRO differs slightly from
the reference values, expressed as o = (0.16 = 0.04)
RO7#012) 1 the case of the equation obtained for
CHAM, there is no significant difference between the
coefficient and exponent outcomes with the reference
values (probably because of the greater range of the
intervals).

The exponent values of both expressions are
consistent with those reported by Atlas (1953) and
Miers (1983) and have implications for understanding



256 G. Montero-Martinez and F. Garcia-Garcia

10 CHAM
/:{
/7/7/-/
//‘ 0=0.11 x R0%%; r2=0.99
/
o /|
Eqp
O /
0.1
02 04 06 08 0 100 120 140
Rainfall intensity (mm h™")
10 JQRO
i1 <
// 0=0.11 x R*®; r2=0.71
= .
E %
o /
0.1
02 04 06 08 0 100 120 140

Rainfall intensity (mm h~")

Fig. 4. Relationships of ¢ vs. R for heavy rainfall sampling
periods at the selected measurement platforms. Continuous
lines correspond to the results of the fitting equations (see
details in the text).

precipitation events at the sampling sites. According
to these authors, the o-R power-law coefficients for
Bergeron precipitation range from 0.15 to 0.38,

whereas the exponents lie between 0.55 and 0.70.
Moreover, the reported values for the a-coefficient
are between 0.25 and 0.32 and close to 0.36 for wide-
spread rain and thunderstorms, respectively. When
orographic rain occurs, the a-coefficient changes by
an order of magnitude, being between 1.25 and 2.6
(Atlas, 1953). The a-coefficient results in Figure 3
imply that the precipitation events studied here were
caused by non-orographic rain. Furthermore, the
b-exponent values obtained for both sampling sites
are also consistent with those reported by Shipley et
al. (1974) for rainfall from stratus and thunderstorm
clouds (mixed clouds) and are significantly greater
than those for orographic, warm rain (Atlas, 1953).
Based on Moriasi et al. (2015), the NSE outcomes
obtained for the o-R relationships indicate good (0.6 <
NSE <0.8) and very good (NSE > 0.8) performances
for the JQRO and CHAM cases, respectively. Thus,
these findings suggest that fitted parameterizations for
heavy rain can also be used to estimate the extinction
coefficient for periods with extreme rainfall.

4.5 Variation of the extinction coefficient

The presence of large drops contributes a greater
volume of water to the rain rate than smaller drops
(Pickering et al., 2021). Willis (1984) and Willis
and Tattelman (1989) reported that precipitation
from warm-based convective clouds, such as those
found at the sampling sites of this study, can be
described using a gamma-distribution function.
Montero-Martinez et al. (2021) demonstrated that
all three gamma parameters decrease as R increases
at the selected sampling locations, a finding that
aligns with results from other studies conducted at

Table III. Results for the 95% confidence intervals from the coefficients of the fitting
relationships between ¢ (in km™!) and R (in mm h') estimates and the corresponding
performance measures of NSE and RMSE. Also, the Hedges’ effect size (g) outcomes are
shown for the o-R fitting equations as concerning to that reported by Shipley et al. (1974).

g
n Equation NSE RM§1E
u b (km™")
CHAM 305 ¢=(0.11=0.01)ROE0004 57 3.8 0.86 0.50
JQRO 371 o= (0.12+0.02)R(O-81:0:05) 0.2 0.1 0.71 0.34

n: number of 1-min sampling intervals used for the analysis; NSE: Nash-Sutcliffe efficiency;
RMSE: root mean squared error; CHAM: Chamela; JQRO: Juriquilla.
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diverse locations (Tokay and Short, 1996; Atlas and
Ulbrich, 2006; Caracciolo et al., 2006). Figure 5
presents the R and Dy (in mm) estimates for the rainy
periods selected at the sampling sites. Dy is used as
a proxy of the DSD width. Atlas (1953) and Ulbrich
(1983) demonstrated the relationship between Dy
and the DSD gamma distribution’s shape and slope
parameters.
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Fig. 5. Plots of Dy outcomes calculated from disdrometer

vs. rain gauge R estimates for the Chamela (CHAM) and

Juriquilla (JQRO) sampling platforms. Red circles indicate

the statistically significant D averages for the rain gauge R

categories. (Dy: median volume diameter; R: rainfall rate.)

The plots in Figure 5 show that the DSD broadens
(as inferred by the increase in D) as R increases.
Data dispersion is significant at the sampling sites.
It is not straightforward to distinguish differences in
the estimates between locations; however, the greater
Dy averages in JQRO with respect to CHAM suggest

different rain producing microphysical processes.
Moreover, the results show a similar tendency for
maximum Dy values when R > 50 mm h™ .

According to Ulbrich and Atlas (1985), the behav-
ior of the o-R parameters is opposite to each other:
a decreases as b increases. The same authors also
mention that the exponent on R is also related to the
gamma shape parameter of the DSD gamma distri-
bution parameterization: b increases as u increases.
Atlas (1953) asserted that the minimal exponent
increments in power-law equations are due to the
velocity change with drop size. Considering these
statements and the outcomes in Figure 5, the values
of the exponent in Table III are consistent. It is worth
noting that the PWS100 underestimates the number
of raindrops smaller than 0.8 mm, which results in
overestimations of Dy. Therefore, the exponent on
R should have a value smaller than those reported
in Table II1.

Considering the variations of ¢ with the width of
the raindrop spectrum (characterized by Dy or the
DSD gamma distribution expression), our results
point that the association between MOR and DSD is
not a simple one and also depends on environmental
(particulate matter concentrations) and thermody-
namical (pressure, relative humidity, and others)
factors in the sampling regions as noted by Gultepe
and Milbrandt (2010).

5. Summary and conclusions

Concurrent MOR values and microphysical mea-
surements were collected at two sites in Mexico with
different climatic and geomorphological character-
istics to study the evolution of the former parameter
during rain events. One sampling location is close to
the Pacific Ocean coast (equatorial monsoon climate),
whereas the other is in an urban area on the High
Plateau of Mexico (cold semi-arid climate). Optical
disdrometers (PWS100) were deployed in the sam-
pling locations to gather data for these parameters
from June 2018 to September 2019. Weather obser-
vations were obtained from meteorological stations
installed on the same platforms.

The selected precipitation events have periods
of rain with intensities greater than 10 mm h™!;
therefore, this study focused on analyzing MOR
changes during heavy and extreme rainfall. Estimates
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of total rainfall per event from PWS100 and rain
gauges reveal an optical device overestimate (up
to 15% based on the PBIAS outcomes) relative to
the gauges due to the former’s better detection of
light rain. Nevertheless, the NSE and RMSE results
suggest that the performance of the instruments
used to estimate precipitation at both study sites is
satisfactory.

MOR and rainfall data in Figure 2 show that
the most significant decreases in MOR scores are
associated with heavy and extreme rainfall intensity
periods. The MOR estimates derived from the ex-
tinction coefficient, evaluated using DSD outcomes
from PWS100, are comparable to those collected
directly from the instrument based on the forward
scatter light.

A power-law type equation (0= aR”) was obtained
for each event to fit the behavior of both parameters
using the second DSD moment to estimate the extinc-
tion coefficient o and tipping bucket rain gauge ob-
servations to compute rainfall intensity. The resulting
coefficient values of the o-R power-law fitted equa-
tions for the data sets collected in the selected sites
(which were expressed as 95% Cls) are consistent
with those obtained in previous studies for rainfall
from mixed clouds (Bergeron type) or convective
thunderstorms (Atlas, 1953; Miers, 1983; Uijlenhoet
et al., 2011). However, the size effect outcomes re-
vealed that differences concerning the reported values
in Shipley et al. (1974) could be considered large for
the case at CHAM. This underscores the need for
further studies to establish a general o-R relationship.
The a-coefficient values are much closer to those
related to thunderstorms or widespread rain than
to others types, such as orographic rainfall (which
are an order of magnitude higher). Furthermore,
our h-exponent values in the o-R fitted expressions
are near those shown in Shipley et al. (1974), Miers
(1983), and Uijlenhoet et al. (2011) for mixed-phase
(thunderstorms) or non-orographic storms. Given that
the reports regarding the PWS100 underestimate the
number of small raindrops (D < 0.8 mm), which may
generate an overestimation of Dy, our values for the
exponent on R would be slightly lower. Nonetheless,
the NSE and RMSE values indicate adequate perfor-
mance for the fitting equations at each sampling site.

For the locations and sampling periods of this
study, visibility variation is a function of raindrop

concentration. Our findings indicate that MOR (vis-
ibility) and extinction coefficient estimates during
precipitation events at the sampling sites chosen for
this study are closely related to rainfall intensity,
specifically the large raindrop proliferation. Bulk
parameters (rainfall intensity) can then be used to
estimate MOR. However, the need for further studies
to reduce the uncertainties of the expressions relating
visibility to rain parameters is evident, especially
during intense rainfall episodes when o estimations
do not adequately reflect the increased concentration
of large raindrops. An alternative explanation would
be to consider the cross-section variations due to the
oscillations of these raindrops. The instruments used
in this study do not provide any data on this phenome-
non, so we could not explore the topic. Understanding
these issues would enable us to better comprehend the
interactions between electromagnetic radiation and
hydrometeors and, in turn, improve transportation
safety regarding visibility degradation. These results
also suggest that practical application-fitted param-
eterizations for heavy rain can be used to estimate
the extinction coefficient for periods with extreme
rainfall, which could have significant implications
in the fields of meteorology and hydrology, as well
as in enhancing transport safety in Mexico.
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