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Abstract

Quantitative precipitation estimation (QPE) in mountainous regions remains a
challenging task owing to its high spati al and temporal variability. Satellite -based radar
observations at high resolution have the best potential to capture the spatial patterns of
precipitation, but there is high uncertainty in the interpretation of low -level
measurements due to ground clutter effects, observing geometry, and sub-grid scale
vertical and horizontal heterogeneity of precipitation systems that result from interactions
among orographic clouds and propagating storm systems. In the high elevation tropics
and in middle mountains everywhere, the landscape is often immersed in multi -layered
cloud systems that modify precipitation significantly at low levels in a complex manner
depending on time of day and location that is very different from the classical
understanding of orographic precipitati on enhancement with elevation, and are not easily
parameterized or corrected for in QPE algorithms. The overall objective of this proposal
is to characterize and elucidate the physical basis of uncertainty in Global Precipitation
Measurement Mission (GPM) Dual-frequency Precipitation Radar (DPR) QPE in
mountainous regions and develop an improved retrieval framework for orographic
precipitation. The following science objectives will be addressed specifically: i) to
characterize the dependencies among the sp#ial and temporal variability of errors in

orographic QPE and associated hydrometeorological regimes; ii) to characterize the



vertical structure of radar reflectivity associated with QPE retrieval error and establish a
physics-based retrieval model; and iii) to develop an operational framework to integrate
DPR observations and Numerical Weather Prediction ( NWP) model toward improving
the retrieval of orographic QPE. The research hypothesisare two folds: a) satellite QPE
errors (false alarms, missed detectons, underestimations and overestimation s) exhibit a
robust spatial and temporal organization that is explained by the spatial and temporal
variability in the vertical microstructure of precipitation; and b) current satellite -based
QPE algorithms fail because the vertical structure of precipitation cannot be detected. If
the vertical structure of precipitation systems can be predicted, then the key microphysical
processes can be modelled to improve QPE The study will be conducted using
observations from the Southern Appalachian Mountains (SAM) region including a high -
density rain gauge network, Micro Rain Radars (MRR), and Parsivel disdrometers since
the launch of GPM as well as Integrated Precipitation and Hydrology Experiment (IPHEX)
2014 data.

This reseach approach consists of integrating ground -based point measurements
from long -term observation networks, fields campaign (IPHEXx), multi -satellite data, and
modeling studies to develop a physically -based retrieval framework for orographic
precipitation. To characterize the dependencies among the spatial and temporal
variability of errors in orographic QPE, GPM estimations were evaluated using the

ground -based precipitation observations and investigated for the robust organization of



uncertainty. The physics-based retrieval of near-surface rain-rates was demonstrated
through explicit modeling of rain shaft microphysical processes constrained by GPM -DPR
observations. Finally, a general data-driven operational framework was developed to
improve the detection and to predict the vertical structure of precipitation systems by

integrating GPM observations with NWP model simulations .
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1. Introduction
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by forcing moist air upslope, the classical orographic enhancement of precipitation (e.g.
Barros and Lettenmaier 1994), which subsequently is returned via recharge, streamflow
and snowmelt to adjacent low -level regions. Indeed, sixty to seventy percent of the global
population relies on orographic precipita tion for freshwater necessary for irrigation,
drinking water, and hydropo wer generation (Immerzeel et al. 2010; Viviroli et al. 2011).
Light stratiform rainfall and fog in mountain regions are also essential for regional
freshwater sustainability (Bruijnzeel et al. 2011; Barro2013), especially during drought,
heavy precipitation associated with myriad convective systems from thunderstorms to
tropical storms. Thus, understanding orographic precipitation significantly improves
studies related to land surface-atmosphere interactions and water cycle including
hydrological feedbacks, biogeochemical cycles and regional and global climate changes
(Bales et al. 2006; Barros, 2013). However, even a shetérm intense precipitation in the
orographic region can result in severe natural hazards such as flash floods, avalanches
and land-slides impacting livelihood, infrastructure and even global economy (Caine
1980; Sharma and Ganju2000; Geertsema et al. 2006; Tao and Barros 2013; Tarolli et al.
2013 Eghdami and Barros, 2019. Besides, spatial variations in the orographic

precipitation rate are highly correlated with the erosion rate in the mountain regions

suggesting that the influence of climate variability in erosion (Burbank et al. 2003; Roe et



al. 2003; Lowman andBarros 2014). These observationgllustrate the need to characterize,
study and obtain reliable estimates of the orographic precipitation processes to
significantly improve climate -related studies, weather, and natural hazard forecasting,
prediction of wa ter-borne diseases and agricultural industry.

Theoretically, orographic precipitation refers to an increase in precipitation intensity
with the elevation where moist air was adiabatically lifted upwards by the terrain to reach
lifting condensation level an d further form s clouds and produces rain (Roe 2005; Barros
2013). However, in reality, orographic precipitation is a complex process controlled by
multiple factors such as the terrain size, microphysical time -scale of the hydrometeors,
dynamics of air-flow encountering the mountains and thermodynamics of air rising over
the terrain and is tied to diurnal cycle of the solar f orcing at landform scale (Houze 2012;
Barros 2013). In addition, the vertical structure and microphysics of the general
precipitation t ypes such as convective, frontal or tropical cyclones are significantly altered
due to the terrain effects, wind and thermodynamics over the mountain r egions (Barros
and Letternmaier 1994; Houze 2012). The basic mechanism in which terrain affects the
precipitating clouds are upslope and upstream triggering of convection due to shear

stress, diurnal forcing triggering the convection, local convection due to the upwind and



lee-side triggering and seeder-feeder interactions of pUl EDx DUEUD OO w2l UUI whu

Barros 2013).

Figure 1-1 Mechanisms of orographic prec ipitation . (a) upslope triggering of
convection ; (b) upstream trigge ring of convection; (c) thermal triggering of
convection; (d) leeside triggering of convection; (e) leeside enhancement of

convection; (f) organization of upslope and leeside triggering and enhancement of
convection by complex terrain; (g) seeder -feeder enhancement of rainfall ; and (h)
upstream condensation and stationary de ep orographic cloud (from Barros 2013)
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It is essential to have reliable quantitative precipitation estimates in the mountain
regions. For example, Tao and Barros (2013)showed that frequent (3 hourly) satellite -
based estimates, even if imperfect, coutl significantly improve the spacetime distribution
of precipitation from Numerical Weather Prediction (NWP) models in the Southern
Appalachian Mountains (SAM) to increase the lead times for natural hazard forecasting
and reduce false alarms. The measurement of orographic precipitation through ground -
based networks is a challenging task due to the heterogeneity of the terrain requiring a
highly dense observational network to be representative of the resulting spatial variability
in precipitation patterns th at is difficult to achieve due to remoteness and the difficult y in
accesing high elevations sites. For example, the Southern Appalachian region has high
heterogeneity in terms of topography and annual precipitation climatology ( Figure 1-2).
Ground-based point observations of the spacetime structure of rainfall in the Great
Smoky Mountains in the SAM over the last 10 years show strong spatial gradients with
elevation and landform, as well as large temporal variability at diurnal, monthly, seasonal
and inter-annual scales. Previous studies in theregion (Wilson and Barros 2014,2015and
2017 revealed that light rainf all in the SAM contributes up to 50% of the total annual
precipitation received in the region. In particular, Wilson and Barros (2014) identified low -
level precipitation systems with high -frequency light rainfall between 11:00 and 16:00 LT

(i.e. mid-day) in the inner regions of the SAM in all seasons.
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Figure 1-2: a) Topography map of the SAM . (b) Spatial distribution of the 10
year average precipitation climatology from GPM GV reference precipitation produc  t
(Liao and Barros 2019)



High heterogeneity between the valley and the ridge precipitation in the SAM is
attributed to the spatial and temporal variation in the precipitatio n microphysics (Prat
and Barros 2010;Wilson and Barros 2014, 2015 and 2017)nterestingly, as opposed to the
classical orographic enhancement of precipitation with elevation on upwind slopes (e.g.
Barros and Lettenmaier 1994), there are many instances in the SAM where mountain
valleys receive more precipitation than ridges, up to an order of magnitude compared to
the ridges due to the SeederFeeder Interactions (SFI;Bergeron 1960;Wilson and Barros,
2014 Duan and Barros 2017 among rainfall and multilayer cloud systems resulting in the
reverse-orographic effect identified by Wilson and Barros (2015). SFI refers to the process
where the raindrops produced by the high -level clouds (seeders) interact with the low -
level clouds and fog (LLCF; feeders) to enhance coalescence and accelerate raindrop
growth, and thus surface precipitation at low levels. The morning and mid -afternoon
precipitation process are due to the interaction between stratiform and low -level
orographic clouds and advection fog while nighttime and early morning SFl is governed
by interactions among passing stratiform systems, convective clouds and radiation fog

(Wilson and Barros 2014). A synthesis of these processes is illustrated ifFigure 1-3.
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Figure 1-3: Conceptual representation of seeder -feeder interactions over
complex terrain (after Wilson and Barros, 2017).

The hydrometeorological cycle of the small and middle mountains (Bergeron 1960;

Storebo 1976; Hill et al.1981; Passarelli and Boehmel983; Robichaud and Austin 1987;

Purdy et al. 2005; Wilson and Barros2014), tropical cloud montane forests (Bruijnzeel

2001)and coastal mountain regions (Torregrosa et al. 2014) are dominated by LLCF and

SFI processes. Thes@ydrometeorological regimes are dominated by the high frequency

of precipitation events and, seasonal and temporal distribution of low -level clouds and

fog which is favorable to SFIwith higher level of precipitating systems . Comparison of

observations from fog gauges and rain-gauges in the SAM suggess that the fog plays a

major role in the morning while rain dominate sin the late afternoon (Wilson and Barros

2015). Longterm climatological analysis of MODIS cloud top height in the SAM illustrates

that the low -level clouds are spatially, temporally and seasonally organized along the

ridges and foothills of the SAM (Duan and Barros 2017). Numerical simulations of SFI
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cases suggest that collisioncoalescence process dominates for drops with diameter
between 0.1 mm and 1 mm while break-up is the dominant process for the non-SFl
precipit ation events (Wilson and Barros 2014). These simulation results weae further
validated by observations from collocated Meteorological Particle Spectrometer, Parsivel
disdrometer and Mi cro Rain Radar (Duan and Barros2017).

Satellite remote sensing and the recent introduction of multi -frequency radar-based
precipitation products ha ve the potential to improve the estimation of orographic
precipitation. Radars are active sensors that transmit and receive monochromatic
radiation. The transmitted radiation undergoes scattering and absorption as it interacts
with hydrometeors in the at mosphere. Typically, single scattering, a first-order process
whereby the incident photons are scattered only once, is assumed in operational radar
algorithms (Marzano et al. 2003). However, the incident photons can undergo multiple
scattering based on the incoming wavelength of the photons, horizontal and vertical
distribution of hydrometeors, and the optical properties of the hydrometeors. Multiple
scattering (MS) becomes significant at higher frequencies, larger particle sizes, larger
antenna footprint s, and with asymmetry in the scattering phase function that describes
volume scattering (Battaglia et al. 2005).

Satellite-based precipitation radars operate at microwave frequencies and capture the
3D structure of precipitation storms. Refle cted and backscattered electromagnetic signals

from the vertical distribution of hydrometeors are used to estimate the vertical profiles of



precipitation rate. When the Rayleigh approximation holds, t he reflectivity factor Z at
height z is related to the diameter (assuming spherical shapes) and concentration of
atmospheric hydrometeors at the same height (Bringi and Chandrasekar, 2004):

.00 0Q0 (1.1)
where N(D) is the drop -size distribution and D is the diameter size. Rainfall rates are
related to Z through a power law in some retrieval algorithms. The accuracy of satellite-
based precipitation estimates in mountainous areas is affected by multiple sources of error
including bright -band (BB) and dark-band (DB) effects, nortuniform beam -filling (NUBF)
artifacts that are exacerbated by the complex spatial variability of rainfall systems,
complex multiple -scattering processes and groundclutter artifacts. Whereas these
artifacts are not specific to mountainous regions, the heterogeneous vertical organization
of hydrometeors depending on storm systems and topography, and the organization of
precipitation processes on the terrain are unique to mountainous regions. A brief

description of the physical basis of error sources is presented below.
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Figure 1-4: Conceptual Representation of (a) Bright -band and dark -band
signatures in reflectivity profiles and (b) non -uniform beam filling effect.




The melting of ice and snow at 0-degree isotherm in the atmosphere leads to the
formation of a mixed -phase layer of stratiform precipitation ( Figure 1-4a). Changes in size
due to coalescence of liquid and ice hydrometeors ard or partially melted particles and
changes in the dielectric constant due to phase changes lead to an increase in the observed
reflectivity factor, the BB effect (Smyth and lllingworth, 1998). The BB is absent in
convective precipitation as strong updrafts and warm temperatures keep th e ice particles
aloft, whereas, in the case of large frozen hydrometeors like graupel and hail, fall
velocities are very high and may only melt at the ground, or not melt at all. The absence
of a BB isone of the characteristics of the radar return that isused to distinguish convective
from stratiform precipitation (e.g., Awaka, 1997). Underestimation and False Alarms (FA)
errors in the case of stratiform precipitation are linked to a decrease in the gradient of
reflectivity profiles near -surface (Duan et al. 2015). WBand radars (95 GHz) observe a
PEEPDBOE~ wi | [ lddgrdauisdthdent) whgre there is a sudden increase in the
reflectivity profiles at the melting layer without being followed by a decrease in the
reflectivity values (i.e. absence ofBB),because the average attenuation in the melting layer
is comparable with the attenuation in the rain layer underneath (Kollias and Albrecht,
2015; KA15, hereafter). The reflectivity factor Z is directly proportional to the sixth
moment of the drop diameter (e.g. Eq. 1) in the Rayleigh [wavelength is larger than
hydrometeor size] scattering regime and exhibits an oscillating behavior for drop -sizes

larger than 1-mm in Mie [wavelength is smaller than hydrometeor size] scattering regime
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(Kollias et al., 2002. For lower frequency radar, the assumption of Rayleigh scattering
behavior holds well for large drop -sizes and the reflectivity shows sensitivity in the

melting layer. KA15 noted that the total backscattering coefficient does not show
variability for dro p diameters greater than 1 mm in the W-band (~ 3.2 mm wavelength)
explaining the BB absence. KA15 also points out though that in the case of very small drop
sizes (less than 0.8 mm), the DB vanishesloft, and a BBsignature is present at W-band.
The emphasis of this dissertation is on satellite-based Ku- and Ka-Band precipitation
radar. In GPM Ku- (13.6 GHz; wavelength - 22 cm) and KaBand (35.5 GHz; wavelength
~ 8 cm) precipitation radar, non-Rayleigh effects are expected to be significant for Ka-
band compared to Ku - band.

Non-Uniform Beam Filling (NUBF) refers to the integration of the radar signal over a
volume that is not uniformly filled with hydrometeors due to the heterogeneity in the
vertical and horizontal structure of precipitation systems withi n radar beam, including
clear-sky and non-rainy clouds (Figure 1-4b). The effect of NUBF on the rain-rate retrieval
depends on the methods such as the attenuation corre¢ion. Thus, NUBF usually leads to
estimation errors and these errors generally result in negative bias (underestimation of
rain-rate). As the distance and the antenna beamwidth increases, the heterogeneity
increases, and thus there can be significant underestimation in the precipitation retrievals
generally (Durden et al. 1997), and low-level and small-scale local orographic

precipitation systems(Duan et al. 2015).
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MS effects are dominant in mesoscale convective precipitation systems leading to the
overestimation of precipitation rate (Marzano et al. 2003 and Bouniol et al. 2008). Monte-
Carlo simulations suggest that the CloudSat (satellite-based W-Band radar) retrievals of
stratiform precipitation with intensities greater than 5 mm/h suffer from 30 to 5 0%
overestimation (Matrosov et al. 2008). The occurrence of MS is rare and expected to be

dominant in higher frequency radars (Battaglia et al. 2010).

1.1 Challenges and Motivation

Satellite-based precipitation estimates suffer from different types of detection and
estimation errors: false alarm (FA) and missed detection (MD) are the detection errors
while underestimation (UND) and overestimation (OVR) are the estimation errors.
Previous work documenting the climatology of rainfall estimation errors fro m TRMM v6
and v7 precipitation estimates in the SAM reported larger errors for shallow precipitation
(Prat and Barros, 2010; Duan et al., 2015). Duan et al (2015) classified the entire region into
three parts: eastern, western and inner ridge to perform the error analysis with the help
of data from a ground -based high-density rain gauge network. It was revealed that the
precipitation uncertainties follow robust spatial and temporal (seasonality and diurnal
cycle) organizations of FAs, MDs, UNDs, and OVRs. The study also suggested that the
uncertainties are linked to issues in the interpretation of low -level measurements in
complex terrain by satellites owing to ground -clutter effects, observing geometry, and

non-uniform beam filling effects that result from interactions among fog and orographic
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clouds and propagating storm systems. A similar error analysis conducted on tropical

mountains suggests high uncertainty in the satellite -based precipitation estimates. For
example, TRMM-v6 precipitation estimates in the central Andes highlights a slight
underestimation of precipitation and increased false alarm rates (Scheel et al., 2011)The
precipitation on the wind ward side of the Western Ghats is underestimated by about 50%
dueto31, , zUwi EPOUUI uiled coivEckvE prétipitation s¢stétds, while the

precipitation in the rain -shadow region is over-estimated (Nair et al. 2009).

The GPM-DPR is more sensitive compared to the TRMM-PR especially in the
measurement of snow and light precipitation. The evaluation of GPM-DPR profiles
obtained over Africa highlighted that the multiple scattering phenomen a were observed
on Ka-Band reflectivity profiles greater than 30 dBZ (high -density ice particles) (Battaglia
et al., 2015).In GPM DPR, for extreme deep convective events (which is rare) such as a
tornadic supercell, multiple scattering effects are observed in both Ka- and Ku- Band
precipitation radars (Battaglia et al. 2016).Kirstetter et al., (2013) evaluated the TRMM -PR
v6 and v7 products using the NOAA/NSSL G round Radar-Based National Mosaic QPE
(Q2 precipitation products). The Q2 precipitation products are derived from various
ground -based radar networks with a high spatial resolution (0.01 ; approximately 1 km).
This study suggests overestimation of lighter rain rates are due to the convective Z-R

relationship and underestimation of higher rain -rates is due to the NUBF correction.

13



Most of these problems arise due to the operating frequency, antenna orientation,
and beam~width, viewing angle, surface elevation, and topography that affect the
measurements near the surface. These effects can be a major issue in the retrieval of
precipitation in mountainous regions and developing a correction algorithm addressing

these issues is a corplex task as the problem is highly stochastic (Germann et al., 2006).

1.2 Research Objectives and Hypothesis

The overarching objective of this proposal is to characterize and elucidate the

physical basis of uncertainty in GPM-DPR QPE in mountainous regions and develop an
improved retrieval framework for orographic precipitation with a focus on shallow

precipitation systems (warm rain processes). The researchhypotheses are of two folds: a)

satellite-based QPE errors (alse alarms, missed detections, underestimations and
overestimation s) exhibit a robust spatial and temporal organization that is explained by
the spatial and temporal variability in the vertical microstructure of precipitation; and b)
current satellite -based QPE algorithms fail because the verticalstructure of precipitation
cannot be detected. If the vertical structure of precipitation systems can be predicted, then
the key microphysical processes can be modelled to improve QPE The study will be
conducted using observations from the Southern Appala chian Mountain s (SAM) region
including a high -density rain gauge networ k, fog gauges, Micro Rain Radars (MRR),
Parsivel disdrometers and Meteorological Particle Spectrometer (MPS) since the launch

of GPM as well as IPHEx 2014 data. This research will be tansferable to other regions
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around the world such as small and middle mountains, cloud montane forests and coastal

mountain regions. The following research objectiveswill be addressed specifically: i) to
characterize the dependencies among the spatial andtemporal variability of errors in
orographic QPE and associated hydrometeorological regimes; ii) to characterize the
vertical structure of radar reflectivity and establish a physics -basedprecipitation retrieval
model; and iii) to develop an operational f ramework to integrate DPR observations and
NWP model toward improving t he prediction of the vertical structure of orographic
precipitation systems.

The following science questions (SQs) will be addressed specifically:

1) What is the detection and estimation uncertainty associated with the satellite -
based precipitation estimates in the SAM? How can the observations from
multi -frequency radar improve the detection and classification of shallow
precipitation?

2) How does the surface clutter influence the near-surface reflectivity profiles for
different hydrometeorological regimes in satellite -based observations?

3) How can the vertical structure of the precipitation systems be predicted ?

1.3 Approach and Outline

This researchaddressesthe physical basis of uncertainty involved in the satellite -
based precipitation estimates, especially in mountain regions. The research approach

consists of integrating the ground -based observations such as the longterm tipping
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bucket rain-gauge network in the Great Smoky Mountains National Park, collocated
MRRS and Parsivel disdrometer, the satellite-based observations of reflectivity and
precipitation rate profiles from the GPM -DPR Ka- and Ku-Band precipitation radar with

the Numerical Weather Predictio n model results to develop a physical-based framework
to address the uncertainty in QPESs.

To address the first part of SQ1, observations from ground-based instruments such
as the tipping bucket rain -gauges, Parsivel disdrometers, Micro Rain Radars (MRRs) ad
Stage IV gridded products are used to characterize the detection and estimation errors in
GPM Ku-PR estimations and to elucidate the physical basis of these errors. The error
analyses of different versions of GPM Ku-PR precipitation estimations with dif ferent
ground -based observations arepresented in Chapters 2, 4 and 5.

The second part of SQ1 is to develop an algorithm to improve the detection of
shallow precipitation systems by using observations from the collocated multi -frequency
radar reflectivit y profiles. The ground -observations from Maggie Valley, North Carolina
obtained during IPHEX -IOP (1t May 2014 to 1% June 2014)are used to develop the
shallow rain detection and classification (SRDC) algorithm. The algorithm was further
validated in other ground -based locations such as Finland (Hyytiala; ARM-TMP) and
Southern Great Plains (Oklahoma, ARM-SGP), model simulation of GPM-DPR and
CloudSat-CPR near the SAM and the GPM-DPR and CloudSat-CPR overpass in Borneo

near the Kapuas Mountains.
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To address SQ2, the reflectivity profiles from the GPM -DPR are investigated for
the impact of ground -clutter in precipitation estimation over the SAM region. The ground -
clutter effects are investigated with respect to different viewing angle and the impact on
the estimation of drop size distributions (DSD) and rain -rate are evaluated using ground-
observations such as the raingauges and Parsivel disdrometers. The evaluation suggests
that the ground -clutter contamination leads to the underestimation of low -level enhanced
events and missed detection of shallow precipitation events. Ground -clutter leads to
severe retrieval errors in high elevation and during winter precipitation events. To
address the lack of surface observations due to ground-clutter, a new physically -based
framework was developed by coupling GPM observations with ground -observations to
simulate the near-surface precipitation profiles.

SNQ-3 deals with the development of a physical framework by integrating
observations and model simulations to improve the detection and estimation of
orographic precipitation systems. A general, data-driven deep learning based model was
developed to detect and classify the precipitation systems using coupled GPM and NWP
simulations. The NWP simulations assist in improving the precipitation detection while
the classification algorithm assigns the class based on the precipitation vertical structure.

The structure of this dissertation is organized as follows: Chapter 2 provides a brief
description highlighting the importance and challenges in the remote sensing of

orographic precipitation. This chapter is currently accepted for publication as a book
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chapter on Satellite Precipitation Measurement (Barros and Arulraj, 2020). Chapter 3
describes the shallow precipitation detection and classification algorithm developed using
collocated multi -frequency radars to improve the detection of shallow precipitation. This
chapter was published in the Journal of Atmospheric and Oceafliechnology(Arulraj and
Barros, 2017). Chapter 4 addresses the detection and estimation errors in the GPM DPR
precipitation estimates and proposes a new physically-based framework to model the
impact of low -level clouds and fog using GPM and ground observations. This chapter was
published in Remote Sensing of Environmeg@trulraj and Barros, 2019). Chapter 5 aims to
couple the observations from GPM and High Resolution Rapid Refresh (HRRR)
simulations to improve the detection rate and successfully estimate the vertical structure
of the precipitation systems. This chapter will be submitted to Remote Sensingf
Environment Chapter 6 summarizes the major findings of the dissertation and provide

future recommendations.
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2. Remote Sensing of Orographic Precipitation

Note this chapter appeared as reference (Barros and Arulraj, 2020)

2.1 Introduction

Orographic precipitation is the primary source of fresh water for more than half
Ol wOT 1T whOUOEZUwxOxUOEUDPOOWEOEwWPUwxUQOYBidhi UwdOOUI
in adjacent lowlands going up to 90% in semi-arid regions impacting up to 70% of the
POUOEZ UwxOxUOEUPOOWpP&EUUPDEOWEDOE w#POEUWI YYNOw- I
the preponderance of rain-fed agriculture in regions of complex terrain such as the Andes
and the Himalayas, inter -annual food security of mountain populations is tightly linked
to precipitation, and thus water resilience of downstream low -lying landscapes in the face
of global change (FAO 2014 and2016; Falkenmark and Rockstrom2010. Heavy rainfall
triggers flash floods and landslides that can destroy crops and erode away high-quality
arable soils, causing roads and infrastructure to fail, thereby disrupting transportation
tied to a myriad of socio-economic impacts. In the US, orographic precipitation (rain and
snow) is the key water resource providing 70% of all water resources in the West , it is the
key source of runoff for the dams operated by Tennessee Valley Authority (TVA), and
essential to regional-scale groundwater recharge east of Appalachian Divide (e.g. Barros
et al. 2017).
Mountain landscapes can be described as altitudinal scaffolds of topographically

delineated collectors of precipitation (i.e. watersheds) interlinked through a system of
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converging channel connectors (the river network). Because of erosional processes, the
very spatial structure of mountain landscapes reflect the co-evolution of geological
mountain building processes and regional climate, in particular precipitation p atterns
(e.g. Lowman and Barros 2014;Barros et al. 2006). Depending on the latitude, season, and
topography, and environmental conditions, orographic precipitation can be classified as
stratiform, convective, or stratiform with embedded convection (Houze 2012). Whereas
light stratiform rainf all and fog in mountains environments are essential for regional
freshwater sustainability (Bruijnzeel et al. 2011; Barros 2013), especially during drought,
heavy precipitation associated with myriad convective systems from thunderstorms to
tropical storms is not only a key source of freshwater but it is also the main driver of
natural hazards, flashfloods, landslides and other natural hazards. The value of
orographic precipitation measurement is strongly tied therefore to its hydrological utility

at the desired (application dependent) spatial and temporal scales: for example, flood
(days) or flashflood (< 6 hours) and landslides (< 1 hour) forecasting versus water budget
studies (inter-annual to decadal, e.g. Lowman and Barros 2016; Lowman et al2018) with
or without (sub -seasonal to seasonal) groundwater recharge and transboundary
exchanges (e.g. Tao and Barro2010; Tao and Barros2013 2014; Tao et al. 2016).
Whereas a general understanding of the classical mechanisms of orographic precipitation
enhancement by which topography modifies the advection of moist air masses, modulates

cloud development and impacts precipitation intensity and accumulation patternsis well
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established (e.g. Barros and Lettenmaier 1994; Barros 2013), the goal in orographic
precipitation measurement and prediction is to quantify precipitation everywhere at any
time (when, how fast, how long, and where in the landscape) given the high spatial and
temporal variability of nonlinear land tatmosphere interactions that dynamically
redistribute precipitation from one watershed to another (e.g. Barros 2013). Because of
remoteness and access, mountainous regions remain among the least observed regns of
the planet, and even where observations are available longterm science-grade
observations are rare due to the difficulties of maintaining instruments and collecting data
(Barros and Lettenmaier 1994; Viviroli et al. 2011; Barros 2013).

Transformative advancements in precipitation science and precipitation
measurement have been possible under the auspices of the TRMM and GPM misfons
over the last twenty years (Skofronick-Jackson et al. 2017). This is well illustrated in Fig.
2-1 that shows remarkable improvement in the precipitation estimation from TRMM 3B42
(gray, Huffman et al. 2007) to IMERG (blue, Huffman et al. 2015) along the rain-gauge
transect maintained by Duke Universi ty in the Eastern Andes (Barros 2013), and which
cannot be explained simply by improved spatial resolution in IMERG compared to 3B42.
The TRMM Precipitation Radar (PR) made possible unprecedented and systematic
monitoring of precipitation in Middle and Low Mountains probing into the inner regions
of complex terrain to map the vertical reflectivity profiles of orographic precipitation

systems.
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Figure 2-1: Histogram of daily rainfall observed along an altitudinal rain -
gauge transect on the eastern slopes of the Peruvian Andes (Barros, 2013).The red
(tropical montane forest) and orange (cloud forest) lines represent the rainfall
envelope for the two main ecosystems.

The measurement of orographic precipitation through ground -based networks is
a challenging task due to the heterogeneity of the terrain requiring a highly dense
observational network in order to be representative of the resulting spatial variability in
precipitation patterns that is difficult to achieve due to remoteness and the inaccessibility
of high elevations sites. Ground-based point observations of the spacetime structure of
rainfall in the Himalayas (Barros et al. 2000) and in Southern Appalachian Mountains
(SAM) show strong spatial gradients with elevation and landform, as well as large
temporal v ariability at diurnal, monthly, seasonal and inter -annual scales (Wilson and

Barros 2014 and 2015). In the SAM, light rainfall in the SAM contributes up to 50% of the

total annual precipitation received in the region. In particular, Wilson and Barros (201 4)
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identified low -level precipitation systems with high -frequency light rainfall between
11:00 and 16:00 LT (i.e. midday) in the inner regions of the SAM in all seasons.

High heterogeneity between the valley and the ridge precipitation in the SAM is
attributed to the spatial and temporal variation in the precipitati on microphysics (Prat
and Barros 20103 Wilson and Barros 2014 2015and 2017; Duan and Barros, 2017).
Interestingly, as opposed to the classical orographic enhancement of precipitation with
elevation on upwind slopes (e.g. Barros and Lettenmaier 1994), there are many instances
in the SAM where mountain valleys receive more precipitation than ridges, up to an order
of magnitude compared to the ridges due to the SeederFeeder Interactions (SFI; Wison
and Barros 2014) among rainfall and multilayer cloud systems resulting in the reverse -
orographic effect identified by Wilson and Barros (2015). SFI refers to the process where
the raindrops produced by the high -level clouds (seeders) interact with the low-level
clouds and fog (feeders) to enhance coalescence and accelerate raindrop growth, and thus
surface precipitation at low -levels. The mid-afternoon precipitation process is due to the
interaction between stratiform and low -level orographic clouds and advection fog while
nighttime and early morning SFl is governed by interactions among passing stratiform
systems, convective clouds and radiation fog (Wilson and Barros 2014). A synthesis of
these processes is presented in Fig2-2.

Besides the spatial and temporal variability linked to landform and weather,

aerosolcloud-precipitation interactions can be another important source of variability.
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Specifically, changes in cloud condensation nuclei (CCN) activation (Shrestha et al. 2010
2012) behavior on orographic precipitation processes (Barros et al. 2018; Duand Barros
2019 can result in significant spatial shifts in cumulative rainfall distributions impacting

flashflood forecasting, water resources management, and hydropower pro duction.

Precipitating "seeder” clouds

' clouds

Pigeon

Cataloochee Divide  French-Broad

Figure 2-2: Conceptual representation of orographic precipitation mechanisms
in the Southern Appalachian Mountains (After Wilson and Barros, 2017).

2.2 Orographic Precipitation Measurement

Satdlite remote sensing and the recent introduction of multi -frequency radar
based precipitation products have the potential to improve the estimation of orographic
precipitation. Radars are active sensors that transmit and receive monochromatic
radiation. Th e transmitted radiation undergoes scattering and absorption as it interacts
with hydrometeors and other gaseous species and particlesin the atmosphere.

Notionally, radar retrieval of precipitation consists of estimating the size distribution
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N(D) (spectrum of number of particles N as a function of equivalent diameter D) of the
hydrometeors from backscatter measurements which can be used subsequently used to
derive bulk rainfall properties such as rainfall volume and intensity. Because of complex
microphysics, N(D) can change significantly in the vertical and in time in the atmosphere
(see Testik and Barros, 2007), and thus a key challenge in radar measurements is to infer
the profiles of rainfall from the instantaneous measurements of backscatter signal with
coarse spatial resolution ( in km scale).

Specific details on the operational radar retrieval algorithm, and how it approaches
the different sources of error are provided by Iguchi et al. (2017 specifically for GPM -DPR
measurements. The ground -clutter effect is illustrated in Fig. 2-3. The high reflectivity
measurements (red band) in the right panel are contaminated by ground -clutter and
cannot be used to estimate rainfall. This results in eliminating near-surface reflectivity
measurements (low level rainfall) depending on the incidence angle of the radar unless
additional constraints are introduced by using multiple sensors (Arulraj and Barros 2017).
The low-level vertical structure of ref lectivity from the MRR (range resolution is 100 m)
in the left panel is indicative of missed rainfall when ground -clutter corrections are

applied to the satellite -based measurements.
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Figure 2-3: Example of ground -clutter effects on radar measurements of low
level rainfall. (a) Vertical structure of MRR reflectivity above ground level (AGL)
with GPM overpass marked by the pink dashed line in right panel. (b) Reflectivity
cross-section over the Southern Appalachian Mountains. Black dashed lines indicate
the boundaries of near-nadir scan (angle < 8.5 degrees). Pink line marks the position
of the MRR where rainfall was missed by the GPM DPR algorithm. The terrain is
marked in black line and the minimum no  -clutter bin height is shown in blue color.

Note the inter mittency of MRR fine reflectivity structure that illustrates the question
of temporal representativeness of satellite measurements (instantaneous) and spatial
representativeness of ground-based measurements (point scale) that must be reconciled
in the evaluation of precipit ation products (Prat and Barros 2010b; Duan et al. 201k
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GC effects are detected often do not work either because of underestimation of SFI and

cloud layering but also because they increase thedetection and estimation errors. Further,

it is important to note that rainfall detection and measurement sensitivity depend strongly

on the geometry of the measurement proper as shown in Fig. 2-4 as a funcion of satellite

orbit (descending and ascending overpasses) and viewing angle.Note that the number of
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instances in each zenith angle class (Fig. 21b) is limited which led to high FARs in the at

near-nadir zenith angle.
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Figure 2-4: Dependence of detection errors to the satellite orientation.
Detection errors varying with (a) satellite geometry and (b) local viewing angle.  Near-
surface precipitation estimates of Level 2, version 05A products of GPM Ku -PR
compared with rain -gauges that lie within 2.5 km of the center of DPR pixels. Time
period considered for analysis: March 2014 to May 2017. Note - YY is when both GPM
and RG detects precipitation. FA is false alarm when GPM detects pr ecipitation while
RG did not detect any precipitation. MD is missed detection where RG detects rain
and GPM misses the detection.
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This also illustrates the potential for retrieval ambiguity as complex precipitation
processes appear different depending on measurement geometry, which explains why
simple calibration and, or optimization of retrieval algorithms with a physical basis does
not result in QPE improvements (e.g. compare Prat and Barros 2010b and Duan et al.
2015). Indeed, inspection of Fig. 2-1 shows that the IMERG product severely
underestimates the frequency of light rainfall days from the cloud forest up to tree line
corresponding to about 50% of annual rainfall at high elevations in the Andes, and it
underestimates moderate rainfall at the orogr aphic optimum at lower elevation during
the monsoon, which combined with missed detection of light rainfall amounts to 2.5 m
of precipitation that is approximately 40% of annual rainfall in the rainforest altitudinal
band. Deep convection forms at the foothills of the Andes and in the Altiplano and
occasionally at nighttime and early morning at the confluence of river networks
(Giovanettone and Barros, 2009). Most moderate rainfall events on the Andean orographic
envelope (as in the Himalayas) are stratiform with embedded shallow convection (< 5km
AMSL), and thus contamination of radar measurements in the lower 2 km on steep
altitudinal gradients and complex terrain geometry is one major source of error. Whereas
only GC is specific to mountainous regions, the heterogeneous vertical organization of
hydrometeors depending on storm systems and topography, and the organization of

precipitation processes on the terrain are unique to mountainous regions (e.g. Fig. 2-2).
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2.3 Ground-Validation

A ground -validation (GV) strategy rely ing on intense ground-based data
collection of precipitation accumulations and precipitation structure during limited -
duration field campaigns such as the Integrated Precipitation and Hydrology Experiment
(IPHEx; Barros et al. 2014) and the Monsoon Himal aya Orographic Precipitation
Experiment (MHOPrEX; Barros and Lang, 2003) in the Central Himalayas including the
deployment of long -term science-grade observing systems(e.g. Barros et al. 2000; Prat and
Barros, 2010a) enablescientific data analysis and discovery to inform detailed evaluation

of precipitation retrievals and GV synthesi s in the past

36°N 36°N

35.5° NF

P13

84°W  83.5° 83°W 825°W 82°W 84°W 835 8°W  825°W 82°W

Figure 2-5: Location of IPHEx GV (left) rain -gauges and (right) Parsivel
disdrometers in the SAM. Triangles denote ridge (elevation > 900 m) and circles
denote valley locations.

From synthesis, a geography of nonstationary retrieval errors emerges exhibiting
robust spatial modes and diurnal and seasonal cycles tied to physical processe that may
vary from one region to another, and from one location to another within the same region
(e.g. Barros et al. 2004; Prat and Barros, 2010b; Duan et al. 2015). The GV framework for

error analysis and attribution therefore sets the stage for process studies, including
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models and observations, to elucidate the physical-basis of error toward ultimately
improving quantitative precipitation estimation (QPE).

Next, we rely on IPHEx data over the SAM (Fig. 2-5) to examine GPM DPR
measurements and precipitation products aimed at elucidating the physical
underpinnings of retrieval errors. In the Southern Appalachians (SAM), seeder -feeder
interactions (SFI) between rainfall and low level clouds and fog (LLCF) modify the vertical
structure of rainfall enhan cing drop coalescence efficiencybetween drop diameter of 0.1
and 1 mm that results in increasing the number of raindrops between the diameter range
(0.1 to1 mm; Wilson and Barros, 2014). Detailed studies within sub-regions of the SAM
to characterize SFI using spatially distributed observations to monitor different
microclimates (Fig. 2-2) indicate that there is substantial heterogeneity in the spatial and
temporal organization of LLCF . This heterogeneity in turn leads to variability in rainfall
microphysics from one location to another depending on time and season as illustrated
by the climatology of the regional climatology of LLCF in Fig. 2-6 (Wilson and Barros,

2017; Duan and Barros, 2017).
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Figure 2-6: Spatial distributions of AQUA MODIS LLCF (CTH <5 MSL,

confident cloudy only; 0.05°x 0.05°) during daytime and nighttime overpasses in
summer and winter. (After Duan and Barros, 2017).

Fig. 2-7 summarizes analyses of rainfall microphysics from two dis drometer
locations, P4 and P6 (see Fig. 5 for location). From midmorning to midnight, the number
of drops is approximately the same in the ridge and in the foothills (not shown), but D mis

larger by 20% at P6 due to a deeper atmospheric column for SFI amoxg low level layered

clouds (Rain on LLC).
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Figure 2-7: Fingerprinting SFI on DSD metrics. Left: diurnal cycle of D m (ratio
of fourth moment to the third moment of the diameter) at P4 (western ridge) and  P6
(foothills). Right: diurnal cycle of rain and fog occurrences at P4. Note thatD  m (P6)
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The value of Nw, the normalized DSD intercept, is the same in the ridge and in the
valley from mid -morning to the evening hours, but there is a 3-5 dB increase at P4 between
3 and 7AM (purple). Between 3 and 7 AM, fog forms on the ridge resulting in a significant

increase in Nw at P4 (Rain on Fog and Cap Clouds; Rain on FCC), but the fog layer is not

deep enough to impact drop dynamics and significantly change Dm.

2.4 Physical-Basis of Retrieval Errors

In addition to measurement geometry linked (Fig. 2-4), overpass frequency isalso
an important source of variability in satellite -based remote sensing for precipitation as
demonstrated in Fig. 2-8, which reconciles the diurnal cycle of revisit time frequency over

the IPHEX region globally (left panel) and its spatial distribution f or times when it is
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raining (right panel). Note the low frequency revisit bi as in the morning (left panel) and

the inner mountain region (right panel), where SFl are promi nent and strongly impact the

diurnal cycle of rainfall.
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Figure 2-8: (a) Diurnal cycle of GPM re visit overpasses over the SAM. (b)
Spatial distribution of rainfall detection.  The blue tones in the inner region valleys
and over the complex terrain at low elevations along the eastern ridges of the SAM
are indicative of low frequency bias.
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Figure 2-9: DSD non -stationarity on altitudinal gradients : a) disdrometer
(continuous lines) and GPM Ku -PR estimates (dashed lines) on the western slopes of
the SAM; b) and ¢) DSD statistics on the eastern slopes of the SAM.
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The underestimation of rainfall along the western slopes of the SAM results from
underestimating the number of small and intermediate sized raindrops (D < 2mm) at low
elevations as shown in Fig.2-9(a) for locations P5 and P6 (see Fig2-5 for locations). Note
the much higher Dm for May and June compared to the remainder summer months,
consistent with the regional climatology of mesoscale convective systems that produce
heavy rain with larger size drops in spring. Consequently, the seasonal and diurnal cycle
of detection errors reflects the relative contribution of SFI enhancement versus classical
orographic enhancement and spatial modulation of stratiform versus convective
precipitation processes (Fig. 2-10 and 2-11): high FARs in the winter (DJF) and in the
morning (high elevation) and in the summer (JJA) at mid -day in contrast with the
improved detection for convective processes generally; overestimation of light rainfall
rates due to NUBF and overcorrection of GC effects, and underestimation of convective

rainfall due to lack of sensitivity for high rainfall rates.
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Figure 2-10: a) Seasonal and b) diurnal distributio n of GPM Ku -PR detection
errors in the Southern Appalachian Mountains for ascending and descending modes
of the GPM.

The DSD of liquid hydrometeors in the GPM Level 2A products is assumed to

follow a normalized gamma distribution function with specified shape factor p =3.0 as

follows:
0600 0UQ — Quwn—— (2-1)
where Q' —— and 3 is the gamma function.

The massweighted diameter D m is defined as the ratio of fourth moment to the third
moment of diameter with the drop diameter varying between D min and Dmax with interval

of dD:

o -— (2-2)
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Figure 2-11: a) Detection and b) estimation errors varying with rain  -gauge rain-
rate observations for ascending and descending modes of the GPM Ku -PR.

The normalized number concentration or intercept factor, Nw (m-3mm-1) is calculated from
the liquid water content q (g m ) [wheref -" B 0 O0'Q@® isthe density

of water (103 g mm-3)] and Dm:

J——— (2-3)

One approach to elucidate the physical basis of retrieval error is to investigate
whether the conceptual microphysics model underlying radar retrieval is representative
of observed microphysics. GPM Ku-PR vO5A product is analyzed in this Chapter. Figure
2-12 shows the spatial structure of the average Dm and Nw retrieved since GPM launch
2014 One salient feature in the time-average spatial distribution of Ku -PR Dm and Nw is
that they vary in opposite direction swithin their respective ranges. This results in higher

Nw values over the ridges than in the valleys, and larger Dm values in the foothills on the
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eastern and western slopes of the SAM as well as at the confluences of wide open
tributaries in the inner region (Little Tennessee and the French-Broad). This is consistent
with disdrometer ob servations at some, but not at all the times of day in parts of the
western sector due to widespread mid-day and afternoon LLCF in the inner region (not
shown, Duan and Barros 2017; Wison and Barros 2014. Even though the higher (lower)
values of Nw (Dm) in the sub-regions of low frequency bias in Fig. 2-8 is physically -true,
bias in the DSD parameters are observed due to the lack of constraints in single-frequency
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Figure 2-12: Average GPM Ku -PR Version 05A DSD parameters in the SAM.
Spatial distribution: a) Dm; b) Nw. Vertical structure along transect at 83.5W:c) Nw; d)
Dm. The black line in denotes the transect. The pink circles and triangles mark
respectively valley and ridge disdrometer locations.
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retrieval algorithm and the fixed shape factor assumption in the gamma distribution in

GPM-DPR products.
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Figure 2-13: Phase-space maps of (Dm, Nw) from GPM Ku-PR Version 05A
product and from GV Parsivel disdrometer P18 during IPHEX.

Figure 2-13 contrasts theGPM Ku-PR single frequency DSD estimates (top right
panel) with the disdrometer observations at P18 (see Fig.2-5 for location) which further
supports this hypothesis. The DSD parameters at P18 are calculated from the disdrometer
DSD distributions for each time using Eqgs. (2) and (3). The Ku- PR parameters exhibit
steep trade-offs in (Dm, Nw) space over a relatively narrow region governed by the inverse
relationship also apparent in the spatial distributions in Fig. 2-12 (see also Prat and Barros,
2009). This behavior is not consistent with the disdrometer at either low (black) or
moderate to high rainfall intensity (blue), and only to a much lesser degree for

intermediate rain rates (red). The closed brown contour line delineates a region of (Dm,
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the disdrometer measurement capabilities at high temporal resolution [1 minute], in line
with the near-instantaneous duration of the satellite overpass. In addition, increases in
disdrometer Dm values do not imply substantial increases or decreases N indicating
convective rainfall (see P12 in Fig.2-9) or SFI on layered LLC as previously discussedat
P6 (Fig.2-7). Figure 2-14 shows simulation results of Rain on Fog simulations at P6 (see
Fig. 2-7) using an existing model (Prat and Barros, 2007; Prat et al. 2012) that describes
stochastic raindrop dynamics in the atmospheric column that has been modified to
simulate SFI through layered low level clouds, orographic cap clouds and, or fog (Wilson
and Barros, 2014; Duan and Barros, 2017). The left panel shows the sensitivity agimulated
rainfall intensity to the DSD spectra of fog, and thus the specific fog microphysical regime
matters in order to capture the observed rainfall at the collocated rain -gauge. Detailed
description of simulations is provided in Duan and Barros (2017). The right panel shows
that the trajectory of an individual precipitatio n event occupies a large area of phasespace
from start to end of the Rain on Fog event. Thus, the spacefilling behavior exhibited by
the disdrometer data in Fig. 2-13 reflects change in rainfall intensity that emerge as the
microphysics change during a storm. This nonlinear behavior translates into changes in
dynamics (coalescence versus breakup) at difference stages of the event (Testik and

Barros, 2007; Prat and Barros2010a; Testik et al. 2011; Prat et al. 2012).

39



N
=3
=]
=

16:00

18 **RG * FOG-400m
_18[+MRR 100m AGL 70 + NoFog 1550
£ 16 |—MOD-SFI: FOG#1 .
£ [ Mop-sFi: Foctza | 60 % 1540 —
< == MOD-SFI: FOG#2b| E
2 12| moD-sFI: FoG#3 50 H u
5 : z ; 15:30 =
S 10 |—Mop-sFi: FoG#4 & @ 40 i E
E g [~MoD-sF: FoG#s o 2 1590
;é —MOD-SFI: FOGH#S | ;o> I ) g

6|—mop-no Foe z " E
5 15:10 ©
[i4 L] e e R e 20

2T 10 15:00

0 .-“ﬂ.llmb-" L I 1 1 L

14:50 15:00 15110 15:20 15:30 15:40 15:50 16:00 O - - ; : - 14:50

Time (LT, HH:MM) 0 0.5 1 13 2 25 3
Dm (mm)

Figure 2-14: Sensitivity analysis of surface rainfall accumulation to the DSD
spectra of fog in the simulation of RoF SFI at P6 in the western foothills of  the SAM.
RGtdashed black lines are local rain -gauge observations. After Duan and Barros

(2017). Right: simulated microphysical trajectory for stratiform rainfall with and
without RoF SFI at P6 corresponding to Fog#4 DSD and fog depth of 400m. Circles
describe microphysical state at 1 -min intervals from start to end of the event as per the
legend.

The spacetime time organization of errors by topography and microphysical
regime propagates from GPM Level 2A to higher level products such as IMERG QPE
(Huffman et al. 2017). This is demonstrated in Fig. 215 for the SAM by comparing
IMERG-VO4A to the Stage IV combined radar-rain-gauge product between March 2014
and February 2017. The spatial resolution of IMERG-vO4A precipitation product is
approximately 11 km while Stage IV has a spatial resolution of approximately 4 km. The
1-hour accumulation of Stage IV precipitation data can be obtained from

http://www.emc.ncep.noaa.gov/mmb/ylin/pcpan| /stage4/.
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The spatial maps show the detection error metrics such as the probability of

detection (POD) and false alarm rate (FAR). The probability of detection is computed as:

ww 00

Where, YY is the number of correct detections of precipitation and MD is the

number of missed detections. FAR is mathematically computed as:

"00

“OE) 'Y ™8 ot
ww 00

Where FA is the number of false alarms. The optimal value of POD is 1 while the
best value of FAR is 0. Figure 215 shows that the missed detections dominate in the
eastern and western ridges of the SAM. However, FAs dominate in the east of the

Appalachian mountain ranges.
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Figure 2-15 (a) Probability of Detection and (b) False Alarm Ratio from error

diagnostics of IMERG -vO4A when compared with STAGE IV precipitation data.  Time
period of analysis - March 2014 to February 2017.

The spatial maps show the diurnal cycle climatology of POD are shown in Fig. 2-
16. Note the concurrence between the spatial patterns in Fig. 216 and Fig. 28 and the
temporal patterns in Fig. 2-4. The time-series graphs on the right show the DSD
climatologies at three Parsivel disdrometer locations (P3, P18, and P13) marked in the
spatial maps. The lowest skill of the IMERG product is at mid -day (12-17 LT) in the inner
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ridge and eastern slopes of the SAM, which are times during which there is significant
rainfall with small D m (< 1 mm) at very high concentrations and large spatial variability.
This outcome, while illustrative of the challenges in orographic QPE, clearly makes the
case for the importance of capturing the underlying physical processes in retrieval

algorithms which cannot be statistically retrieved or corrected .
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Figure 2-16 (a) Diurnal cycle of the spatial distribution of POD of IMERG -
VO4A precipitation compared with STAGE IV and (b) Parsivel disdrometer DSD
measurements .Time period of analysis - March 2014 to February 2017.
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2.5 Summary

The grand challenge of precipitation measurement in mountainous regions is

therefore to measure rainfall extremes, both light, and heavy rainfall rates, at the relevant

hydrometeorological spatial and temporal scales. The major findings of this chapter are

as follows:

Previous studies suggest the presence of robust spatial, temporal and
seasonalpatterns of low -level clouds and fog in the SAM. The impact of
the low-level clouds and fog are expected to be missed by the GPM DPR
estimations due to ground -clutter contamination of near -surface profiles
especially at off-nadir pixels .

The ground-clutter correction methodology follo wed in the retrieval
algorithm is expected to increase the detection and estimation errors of
low -level light precipitation and low -level enhanced collision-coalescence
precipitation events.

Error analysis of GPM DPR with gro und-based rain-gauge observations
suggeststhat the errors are dependent on the GPM DPR viewing geometry
and viewing angle.

Analysis of ground -based Parsivel disdrometer data suggests high spatial
and variability in the DSD parameters. However, the spatia | variability

highlighted in the GPM Ku -PR estimatesis limited.
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1 Comparison of Stage-lV estimates with IMERG precipitation estimates
provides aspatial and diurnal pattern sof detection errors in the SAM. MDs
dominate along the ridges and the inner region while FAs in the northern
part of the SAM and eastern sides of the valleys. The disdrometer
observations in the MD dominated region suggest that the DSDs are
dominated by high concentrations of small drop size s suggesting the

presence of low-level clouds and fog.
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3. Shallow Precipitation Detection and Classification
using Multifrequency Radar Observations and Model
Simulations

Note this chapter appeared as reference (Arulraj and Barros, 2017)

3.1 Introduction

The spacdtime variability of hydrometeors in convective precipitation shows
high variability in vertical and horizontal structures typically with distinct deep cores of
heavy rainfall and broad drop size distributions (DSD) in contrast with narrow DSDs for
stratiform rainfall (Houze 1993; Zafar and Chandrasekar 2004). Independently of
precipitation regimes, DSDs can change significantly with height over time because of
changes in the surrounding environment and drop tdrop interactions, including
coalescence and breakup dynamics (e.g., Prat et al. 2008). In regions where spatially
persistent multilayer cloud systems and fog banks form, seedertfeeder interactions
modify rainfall at low levels, such as in the case of reverse orographic enhancement in the
Southern Appalachians (Wilson and Barros 2014,2015, 2017). Seedéfeeder interactions
refer to the accelerated growth of raindrops produced by high -level clouds (seeders) as
they fall through multilayer cloud systems, coalesce with low -level cloud and fog drops
(feeders), resulting in a significant increase in raindrop sizes near the ground and,
consequently, significant increases in surface precipitation. The measured precipitation
radar reflectivity factor Z \m at wavelength | and range R is a nonlinear function of the

equivalent reflectivity factor Zi. and the specific attenuation ki:
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T~ 0Oy, 5 00O (3-1a)

QY | 0 ORY,  Oh. QO (3-1b)

where bwand breare respectively the backscattering and extinction cross sections
of hydrometeors of diameter size D, N(D ,R) is the DSD of rainfall at range R, and |K w| 2=
0.93 for water. Thereceived power P, (R) can be calculated using the generalized radar
equation [P«(R) &2 wZ»&fR) / R?], where the radar constant C varies directly with range
Ul UOOU EBHEWBION I U € T aefiektbity factors Zneoand kx vary non-linearly
with wavelength, hydrometeor size distribution, and rainfall rate (Liao et al. 2014;
Marzano et al. 2003)

Reflectivity profiles of radars operating at short wavelengths differ from long
wavelength radars as a result of differences in attenuation and scattering behavior as the
concentration of non-Rayleigh scattering particles changes with wavelength (Kollias et al.
2007). Strong attenuation and large non-Rayleigh scattering artifacts for moderate and
heavy intensity precipitation, typically associated with a high number of large raindrop
sizedimit the use of millimeter -wave radars (e.g., W-band) to clouds and light rainfall
(Kollias et al. 2007;Mead et al. 1996). For example, in the lower 6 km of thetroposphere,
attenuation of the CloudSat Cloud Profiling Radar (CPR; 94GHz, W band) signal is much
stronger than for the Tropical Rainfall Measurement Mission Precipitation Radar (TRMM

PR; 13.8GHz, Ku band); conversely, the TRMM PR misses the anvil part of the cloud
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system (Sindhu and Bhat 2013). Because differencem the structure of reflectivity profiles
at distinct frequencies result from specific precipitation structure features, combining and
contrasting multifrequency radar observations should help to overcome their
independent disadvantages (Figure 3-1). This approach could be particularly useful to
leverage Global Precipitation Measurement Dual-Frequency Precipitation Radar (GPM

DPR, centimeter wavelength) and CloudSat CPR (millimeter wavelength) observations,

including upcoming satellite missions[| 6 T 6§ OwUT 1 w$ UUOx1 EQWRWEET w

Aerosol and Radiation Explorer (EarthCARE)].

In the absence of physicsbased models, operational precipitation retrievals from
satellite-based observations such as the TRMMPR and the GPM DPR rely on DSD
parameterizations that vary according to rainfall regime (e.g., convective or stratiform;
Iguchi et al. 2000; Shortand Nakamura 2000). Rainfall regime detection and classification
are therefore a key step in the retrieval work flow prior to rainfall estimatio n proper (see
Appendix B for a review of existing rainfall classification strategies developed for TRMM
and GPM precipitation retrieval algorithms).Orographic processes and/or precipitation
regimes in regions of complex topographic transitions are not explicitly addressed in
operational algorithms because of the complex microphysics of orographic precipitation

coupled to high spatial and temporal variability in  a precipitation structure modulated by
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Figure 3-1 (a) The locations were SRDC algorithm was tested. Concurrent
GPM-DPR and CloudSat -CPR overpass for (b) May 15, 2014 and (c) June 03, 2014
event.

topography (Barros et al. 2000; Houze 2012)Precipitation retrievals in mountainous
regions consequertly exhibit large detection errors (~50%) and severe underestimationof
precipitation rates (e.g., Barros 2013; Prat andBarros 2010). Further, Duan et al. (2015)
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showed that, independent of rainfall intensity, large errors and uncertainty in TRMM PR
rainfall estimates in the Southern Appalachian Mountains (SAM) exhibited diurnal and
seasonal patterns linked to spatial and temporal patterns of light and shallow orographic
rainfall. This behavior is expected in complex terrains generally (e.g., Barros et al.2000).

In this chapter, a new algorithm to detect and identify shallow precipitation using
collocated radars operating at two distinct wavelengths (i.e., centimeter vs millimeter) is
presented. The algorithm, referred to as the shallow rain detection and classification
algorithm (SRDC), relies on an integrated measure of the spacktime correlation between
the reflectivity profiles, and is demonstrated and evaluated using specifically W - and Ka-
band ground -based radars from monitoring sites in different cl imatic regions with distinct
terrain complexity (Figure 3-1a). Note that the algorithm formulation presented here
should be applicable to any pair of frequencies with significant contrast in attenuation
and scattering behavior (e.g., millimeter vs centimeter wavelengths), such as, forexample,
W and Ku, X, or C bands; the focus here is onW and Ka bands because of ground
validation data availability.

The algorithm was implemented first using observations at Maggie Valley (MV),
North Carolina, during the intensive observing period of the Integrated Precipitation and
Hydrology Experiment (IPHEx IOP) from 1 May 2014 to 15 June 2014 in SAM (Barros et
al. 2014). The second demonstration is for Hyytiala, Finland (ARM-TMP), a relatively flat

region of terrain crisscrossed with many landtwater boundaries, during the Biogenic
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Aerosolst Effects on Clouds and Climate (BAECC) field campaign from February through
September (Petdja 2013). An independent evaluation was conducted using groundbased
radar data from the Atm ospheric Radiation Measurement Southern Great Plains (ARM
SGP) site in Oklahoma, a region without salient topographic or coastline contrasts. For
proof of concept and to examine the potential generalization and application of the
algorithm to satellite -based observations, the SRDC algorithm is applied to observing
system simulations (OSS) of nearly concurrent GPM and CloudSat overpasses on 15 May
2014 during IPHEX (Figure 3-1b), and to GPM DPR and CloudSat CPR observations along
a complex terrain transect in Borneo (Figure 3-1c).

The organization of the chapter is as follows. Section 3.2 describes the data and
instruments employed in locations such as MV and ARM -TMP. Section 3.3 presents the
algorithm formulation followed by results and statistical analysis of the accuracy of the

SRDC algorithm in section 3.4, and a summary and conclusions are given in section3.5.

3.2 Data Description
3.2.1 Maggie Valley, North Carolina (MV)

The IPHEX IOP was conducted between 1 May 2014 and 15 June 2014 over the
southeastern United States with collocated instruments installed at MV (35.5198°N,
83.0947W), including a scanning W -band dual-polarization radar, a Micro Rain Radar

(MRR), an all-sky imager (ASI), a ceilometer, and an OTT Parsivel disdrometer (Barros et

51



al. 2014). TheAerosol, Cloud, Humidity, Interactions Exploring and Validating Enterprise
(ACHIEVE) W-band radar operates at 95GHz in a vertically pointing mode with a 0.25 °
beam-width and a minimum detectable threshold of -55 dBZ at 1 km. The range resolution
is 25 m, where the vertical range extends from 475m to 8.4km. The data acquisition rae
ranges from 1 to 2 s; however, data utilized in the analysis are aggregated to tmin
temporal resolution. The MRR operates at 24GHz (K band) with minimum detectable
reflectivity of -5dBZ and 1.5° beam-width in vertically pointing mode to measure the
profiles of Doppler power spectra. It was set up with a vertical resolution of 50m with
range extending to a maximum height of 1.5 km, and the measurements were aggregated
to 1-min temporal resolution. The equivalent reflectivity factor obtained from the MRR i s
used for the analysis with negative values reset to zero. The OTT Parsivetis a laserbased
optical disdrometer that simultaneously measures the particle size and velocity of the
raindrops with a temporal resolution of 10 s, and thus records the number of raindrops
and rain intensity. The formulation and implementation of the SRDC algorithm is
informed by past research, including comprehensive analysis of collocated MRR and

Parsivel observations in the SAM (e.g., Prat and Barros 2010; Wilson and Barros @14).

3.2.2 ARM-TMP
The ARM Mobile Facility (AMF2) was installed in a Scots pine forest at TMP
(Figure 3-1a) from February 2014 until mid -September 2014 during the BAECC field

campaign. The objective was to measure biogenic aerosolsfrom forests and to study
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aerosolt cloudt precipitation interactions and climate impacts (Petdja 2013. Various
instruments were collocated at the ARM TMP site, including the marine W -band ARM
cloud radar (MWACR), the Ka zenith -pointing ARM radar (Ka-ZR), a ceilometer and a
two -dimensional video disdrometer (2DVD). The MWA CR operates at 95GHz inzenith-
pointing mode, and the data were aggregated to 1-min temporal resolution. The radar
was deployed at an elevation of 160m above mean sea level (MSL), and thevertical range
of the reflectivity profiles extended from 210m to 18.2 km. The KaZR is a 35GHz zenith -
pointing Doppler radar with a data acquisition rate of approximately 1 s, deployed at an
altitude of 180m MSL. The vertical range of data extended from 500mto 18 km. Data are
available from the Ka-ZR in general and moderate sensitivity modes. The general mode
detects full range but is less sensitive; the moderate sensitivity mode is a compromise
between sensitivity and range, and thus the moderate sensitivity data are used here for
analysis (Feng et al. 2014). The rangeresolution of the MWACR and Ka-ZR is
approximately 30 m. The 2DVD comprises two orthogonally aligned video cameras to
record the hydrometeor size distribution, fall velocity, geometry, and precipitation
properties. The 2DVDdata have a temporal resolution of 1min, and the 2DVD rain rate

was used for evaluating the algorithm.

3.2.3 ARM-SGP

The ARM Program has been operating a long-term observational network in the

Southern Great Plains (SGP) for the past few decades. This site is characterized by
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homogeneous topography, and large intra- and inter-seasonal variability of radiative
energy fluxes. The central facility of ARM -SGP site is located at Lamont in north Central
Oklahoma (Figure 3-l1a), and it consists of various collocated ground-based
instrumentation supporting research related to surface meteorology, aerosols, cloud
properties, and atmospheric profilers. In this study, observations from the collocated Ka -
band Zenith Radar (Ka-ZR), W-band Scanning ARM Cloud Radar (W-SACR), and optical
rain gauge are used.

The ARM-SGP KaZR is placed at 316 m AMSL and it operates at 35 GHz with
range resolution of 30 m approximately, with a dual polarization transmitter and an
antenna with 3 -dB beam width of 0.2 Widener et al. (2012a). It operates in two modes,
general and moderate sensitivity mode. The general sensitivity mode is used here
considered for analysis due to the long-term availability of data. The W -SACR radar
operates & 94 GHz and is placed at 318 m AMSL. It is equipped with a horizontal linear
transmitter operating in vertically pointing mode, and the antenna beam width is around
0.33 (Widener et al. 2012b).

Various collocated instruments are available at the ARM-SGP site including a
tipping bucket rain gauge, a disdrometer, and an optical rain gauge to measure surface
precipitation. Due to the lack of continuity of the quality -controlled radar records, various

periods April 20, 2011 and June 2014 were selected foranalysis depending on data
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availability, and for these periods, the optical rain gauge provided the most consistent and

continuous records of precipitation rate measurement at the same elevation as the radars.

3.2.4 GPM DPR and CloudSat CPR Goddard SDSU

The Goddard Satellite Data Simulator Unit (G -SDSU; Matsui et al. 2013) simulates
satellite observations based on atmospheric conditions generated by a numerical weather
prediction (NWP) model [e.g., Weather Research and Forecasting Model (WRF)]. Here, G
SDSUGPMDPR and CloudSat CPR simulations of the 15 May 2014 event during IPHEX
previously studied by Wilson and Barros (2015, 2017) are examined in detail. Note that
the spatial resolution of both G-SDSU GPM DPR and CloudSat CPR simulations is 1.25
km, which i s different from the along-track sampling resolution of the CPR (~1 km) and
DPR (=5 km) products. Further, the CloudSat CPR G-SDSU simulation output is on a two -
dimensional grid; the GPM DPR G-SDSU simulation output is on a three-dimensional
grid with the vertical profiles aligned along the satellite overpass (single swath). The grid
points with the closest spatial coordinates between the CloudSat CPR and the GPMDPR
G-SDSU swaths were identified for analysis in section 3.4. Previous studies of CloudSat
CPR G-SDSU simulations reported that it overestimates reflectivity profiles for heights
above 4 km but that the overall macrostructure of the observations is captured well (Tao

et al. 2009).
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3.2.5 GPM DPR and CloudSat CPR Observations

The GPM DPR is a spaceborne Earth-pointing precipitation radar on board the
GPM satellite and operates in the Ku band (13.6GHz) and Ka band (35.5GHz). The Ka
band is tuned for high sensitivity to detect light precipitation and snow events up to 65°
latitude. The nominal sensitivity of Ku - band is approximately 12 dBZ while the
sensitivity of matched Ka -band radar is 17-18 dBZ. The sensitivity of interleaved Ka- band
is approximately 15 dBZ (lguchi et al. 2015; Hou et al. 2014). Kéeband radar reflectivity
profiles from the DPR Level 2A product were used for analysis. The CloudSat CPR
operates at 94GHz to detect and distinguish weakly scattered radiation from clouds at
the global scale (Stephens et al. 2008). Reflectivity data from the CloudSat geometric
profile product (2B-GEOPROF) are used here.

The CloudSatt GPM coincidence product (2BCSATGPM; including CloudSat CPR
W-EEQEAQOw&/ , whand (136G 4hd Ka-band (35.5GHz) radar profiles, and
the passive microwave brightness temperatures from the 13-channel (10t 183 GHz) GMI
radiometer for coincident CloudSat and GPM overpasses within 15-min of each other are
utilized to extract nearly concurrent observations (Turk 2016). The minimum detectable
radar reflectivity of Cloud Sat CPR is-30dBZ. The 2BCSATGPM products extract the
nearest GPM DPR pixels that coincide with the CloudSat CPR track. Precipitation
estimates for the concurrent CloudSat and GPM tracks extracted from the DPR Level 2A

product [2ADPR, version 04A (2ADPR V04A)] include the precipitation r ate from three
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swaths| normal scans (NS), matched scans (MS), and higksensitivity scans (HS). The HS
detect light precipitation in the near -nadir region (within 8.5 ° angle; and with a swath
width of 125 km) with a minimum detectable reflectivity factor of 15 dBZ. The MS by the
Ka-band radar have minimum detectable reflectivity of 18 dBZ (0.5mm/h rain rate) with

a swath width of 125 km. The NS of the Ku-band precipitation radar have a swath width

of 245 km and a nominal minimum detectable reflectivity simila r to that of M S, though
Toyoshima et al. (2015) suggest that in practice the actual Kuband radar NS detectability
is 12 dBZ. Because of the differences in viewing geometry and resolution (Fig. 1 in Turk
2016), only the GPM DPR Kaband HS, specifically the nadir-looking 2ADPR VO4A
product with all the CloudSat pixels aligned with the GPM DPR grid, are presented here,

consistent with the ground -based cases.

3.3 Shallow Rain Detection and Classification Algorithm

3.3.1 Vertical Correlation Structure Calculations

The SRDC algorithm detects the presence of precipitation and classifies
precipitation features into shallow and deep structures. In this study, deep structure
events are defined as Imin precipitation rates associated with reflectivity profiles
exceeding reflectivity criteria above 5 km above ground level (AGL), whereas shallow
precipitation events have reflectivity profiles exceeding reflectivity criteria below 5 km.

Note that this reference height (i.e., 5 km) is expected to vary depending on regional
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precipitation physics and topography. As discussed earlier, the algorithm takes

advantage of contrasts between radar measuements in the centimeter (e.g. Kaband) and
millimeter (e.g. W-band) wavelengths to extract information masking their respec tive
operational disadvantages as illustrated in Figure 3-2 (Kollias et al. 2007; Sindhu and Bhat

2013).

|w-BA D || Ka-; ND |

Figure 3-2: Physical Representation of operating principle of (a) Space -Borne
and (b) Ground -based radars operating at Ka-band and W-band wavelength

Here, concurrent and collocated W-band (mm) and Ka-band (cm) radars operating
in vertically pointing mode are the basic inputs into the algorithm. The time resolution
and period considered for analysis should be identical because the algorithm involves the
calculation of the spacettime correlation between the two bands. The data are averaged
to a common temporal resolution of 1 min. To leverage the dual-frequency observations,
a two-pronged strategy is adopted: method 1 compares Ka-band profiles with W -band

profiles over the entire vertical range of observations to identify the presence or absence
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(clear sky) of deep convedive structures; method 2 captures all precipitation events, and
it is used in conjunction with method 1 to identify shallow precipitation events. The work

flow of the SRDC algorithm is illustrated in Figure 3-3, and the formulation is detailed

next.
METHOD -1 METHOD -2
Ka-BAND W-BAND Ka-BAND
L, (hgqeot) Lyy(hyy,,t) L. (hgqanst)
Max. Height —z, Max. Height — z, Max. Height — z,
v v v v
Space-Time Space-Time
Correlation (Eq. 2) Correlation (Eq. 2)
p(hxa1, hy,t) p(hk.2, hy,t)
¥ ]
Average Average
Correlation (Eq. 3) Correlation (Eq. 3)
c(hg,t) c(hg.,0)
] ]
VCS Function (H,) VCS Function (H,)
(Eq. 6) (Eq. 6)

Reflectivity

Deep No Shallow
Precipitation Precipitation Precipitation

Figure 3-3: Schematic representation of the SRDC algorithm. The algorithm
input is the equivalent radar reflectivity from collocated W  -band and Ka-band radars.
H*ca and H “eet are the VCS thresholds for classificat ion and detection, respectively.
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Take the time-dependent reflectivity profiles Z «a(hka1, t) and Zw(hwz, t) of Ka- and
W- band radars, where hkar and hwz are vertical range bins of the Ka and W bands from
the surface to maximum heights z: and z2, respectively. First, the spacet time correlation
analysis between Ka and W-band radar reflectivity factors is p erformed to obtain a three-

dimensional (3D) spacettime correlation Y(hkai, hwz, t) as follows:

Ng-1 S -
A [Zy (N t-K)- Zpe (e 013 (20 (Mo t- K) - Zyy (R D
g g 0 =0 Ka(Mkat, Ka Ka],3 w fwa, w fwa,
’ SDka1® SBu2

where Ntis the length of the moving time window (the appropriate length of the time

(3-2a)

window is examined in section 3.4), and

N,-1
é ZKa(hKal’t - k)
Zya (hg 1) =22 (3-2b)
, N
A Zy (hyz t- K)
Z, (hy,t) =+ N (3-2c)
Ne-1 S
SD = \/a (Zya (N st - K) - ZKa(hKa_'L,t))z (3-2d)
k=0
SO = | & (Zu (s t - K) - Zog (Rya D)2 (3-2¢)

The 3D spacetime correlation r (hkai, hwe, t) is then averaged over the W-band
vertical range converting the 3D data into the 2D matrix ¢ (h «as,t):
N2 .
a 7 (hear, hw2(1),1)

(P 1) = H7— &9
w2
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Where Nkaz and Nwz are the number of height bins in the Ka- and W- band radar
reflectivity profiles, respectively, within heights z 1 and zz. At a generic time t, the average
dual-frequency correlation (DFC) c(h«ai,t) is a onedimensional vertical function defined
at the height of each kin, that is a spatial series varying with height.

Changes in precipitation microphysics are captured differently in the reflectivity
profiles at the two frequencies in the precipitation column, and therefore the DFC captures
variations in the vertical stru cture of precipitation as a function of time. The height z ¢ at
which c(hkas, t) first becomes negative (the first zero-crossing) is a robust estimate of the
active depth of precipitation jointly detected by both radars. Note that the roles of Ka - and
W-band reflectivity profiles are predicated on data availability over a vertical range
suitable to quantify nonlinear attenuation differences between the two bands for the same
vertical structure of precipitation. If the vertical range of the Ka -band radar is lower than
that for W -band, then their roles in Egs. 2(a€) and Eg. 3 can be exchanged, albeit only for
rainfall conditions that result in small to moderate attenuation at W -band (light rainfall).
This will be further discussed in Section 34.

Next, the variations observed in the structure of the correlation function are
described quantitatively using a measure of the information content in each column of the
DFC (Balestrino et al. 2007; Denis and Cremoux2002). In particular, Denis and Cremoux
(2002) succssfully used the mean of the absolute value of the time derivative of a time

series X of length t to identify non-stationarity as follows:
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H(z‘)=rnx-|:é'x(”D;)' X (3-4)
0

Here, we are interested in spatial variability as a function of height z defined along
the reflectivity profile rather than a time series. Assuming the process is stationary, the
function defined in Eq. (3.4) is applied instead to the DFC c(hkas, to) obtained from Eq. (3.3)
[i.e., X is replaced by c(ha1, to), where to is the time representing the temporal window of
width N oD 8 1 &)X used to &stimate the spacétime correlation in Eq. (3.2)]. The DFC
varies from -1 to 1, the integration length of the spatial series is the height d of the Ka

the corresponding spatial metric Hs is calculated as follows:

O Ne —nh (3-59)

06 B wQ QpH ©Q Ovs (3-5b)
where L(to) is the cumulative result of the absolute average correlation differences along
the Ka-band profile. Given the small range of variability of the DFC during a storm event,
a logarithmic transformation is applied to Eq. (4.5a) aiming to enhance the sensitivity of
HsE a ws s U U W(olcEdetectsmallzzhanges that can be attributed to changes in the
vertical structure of precipitation processes. For a uniform spatial series, Hs = 0 and the
logarithmic of a zero function is not defined. To avoid this probl em, a shift was introduced
to Hs so that when the DFC is constant, the modified metric is 1. Finally, the form of the
measure of the variability of the average vertical correlation structure (VCS) function H*

for a generic time t is
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C0 p &€= Gé€Q— QD n (3-6a)
Co0 pQEd ™ (3-6b)
Note that H*(t) is tied to the specific length N: of the window used for temporal

averaging in Eq. (3-2), and different window lengths should yield different VCS values.

3.3.2 Precipitation Detection and Classification

The reflectivity profiles are processed following the two work flow paths depicted
in Figure 3-3: method 1(column VCS; O) applies to deep reflectivity profiles extending to
cloud-top height (CTH; e.g., z2 =8km at MV); method 2 (shallow VCS; "G) applies to low -
level radar reflectivit y profiles up to a height z 2to capture changes in surface precipitation
due to low -level processes (e.g., z=1.5km at MV). A reflectivity constraint is included for
no-precipitation event cases to reduce noise artifacts. Specifically, minimum reflectivi ty
thresholds of 12 and 0 dBZ were used to detect precipitation for the Ka- and W- band
radars, respectively, used in this study. Methods 1 and 2 follow the same steps except that
the Ka-band (W band) reflectivity extends vertically to either CTH or z 1 (z2). Note that z1,
z2, and CTH vary from site to site depending on how the radars operate and thus data
availability, and depending on local hydrometeorology (clouds and rainfall regimes).
Operationally, a sliding (moving and overlapping) time window is used to detect and
analyze shorttEUUEUDOOwx Ul EPxPUEUDOOB w31 1 wss OxUDPOEOz z v
extended to depend on the characteristic time scales of regional hydrometeorological
processes.
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The radar VCS functions using method 1 (‘O) and/or method 2 ('G) show significant
sensitivity to rainy versus nonrainy conditions, and for rainy conditions with precipitation
structure, which can be verified against independent ground -based observations.
The detection threshold "G is determined wit h a Bayesian classifier aiming to minimize
the overlap of the VCS probability density functions (PDFs) for method 1 (no
precipitation) and method 2 (precipitation). Similarly, the classification threshold "G s
determined to minimize the overlap of method 1 PDFs of "0 for deep and shallow
precipitation. These two thresholds are used subsequently to classify events based on
reflectivity measurements alone: 1) deep precipitation if ('O , ' ), else 2)
nonprecipitation conditions correspond to (G , 'O ) and shallow precipitation
otherwise. The application and evaluation of the algorithm for different

hydrometeorological regimes are presented next.

3.4 Results and Discussion
3.3.1 Maggie Valley

The SRDC algorithm was developed initially for the IPHEx -IOP MV site as
described earlier. Figure 3-4 shows W-band radar and MRR reflectivity profiles on 11 June
2014. Intermittent precipitation activit y was present throughout the day (from 10 :00 until
22:00 LT) with shallow precipitation ahead of the convective rainfall after 20 :30 LT. The

reflectivity profiles of the W -band radar and MRR distinctly show five events (S1, S2, S3,
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S4, and D1), where the first four events are shallow precipitation (S1: 1015t 10:30 LT, S2:
14:30t 14:45 LT, S3: 1730t 17:45 LT, S4: 180t 1845 LT) and the last event corresponds to a
deep structure (D1: 2100t 21:15 LT). The DFC is computed between the Wband radar (z1
5.8 km) and MRR (zz =1.5 km) reflectivity, and it is subsequently averaged over the MRR
vertical profile range as shown in Figure 3-5(a). The method 1 average correlation shows

high fluctuations around zero at higher levels after it first becomes negative at an altitude
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Figure 3-4: Equivalent reflectivity factor of (a) MRR and (b) ACHIEVE W-band
radar observed at MV on 11 Jun 2014 during IPHEx IOP. Note that the MRR
maximum level (1.5 km) is lower than the ACHIEVE W -band maximum lev el (8 km)
as a result of the specific radar operational configuration. Five events (S1 ¢S4, and D1,
black boxes) considered for analysis.
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below 5 km in the case of shallow events (S1S4); however, the method 1 average

correlation structure is comparatively smooth for the deep structure event, D1, until it first
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Figure 3-5: Spacetime correlation, optimal time -window and VCS metrics for
Maggie Valley, NC . (a) Average of the method 1 spacettime correlation computed in
step 2 of the SRDC algorithm for the fi ve events highlighted in Figure 3-4. Changes in
the pattern of the curve exhibit the evolution of D1 from S1  {S4. (b) Trade-off between
the MD and FA errors for varying time -window wi dth. (c) PDF of the optimum (15 -
min) moving time window for the computation of VCS by the SRDC algorithm.

from using the Ka band for column VCS calculations; instead, W band is used here though
it suffers from severe attenuation for deep structure cases. This approach was adopted
after careful inspection of the adequacy of W-band observations, which revealed
consistently deep and well-defined W-band reflectivity profiles as a result of the high
frequency of light and shallow precipitation in t his region. Thus, interchanging the Ka-
and W-band profiles is deemed acceptable at MV during IPHEX, and indeed generally if

attenuation is small enough that there is information content through the active depth of

precipitation as discussed in section 3.3.
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The SRDC algorithm was applied to the IPHEX IOP data from 1 May 2014 and 15 June
2015, comprehending 2738 rain events (dmin time scale) and 35693 min without rainfall.
To determine the width for the moving time window, a sensitivity study of the PDF of

precipitation occurrence using methods 1 and 2 for different time intervals of
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Figure 3-6: VCS functions computed from SRDC methods 1 and 2 for the 11

June 2014 event compared with the rain -rate recorded by a Parsivel disdrometer

collocated with the ACHIEVE W -band radar and MRR at MV. Threshold for
precipitation detection (red dotted lines) and classification (black dotted lines). SRDC
algorithm detects pre cipitation when H 2*(red solid line) is less than the detection
threshold (red dotted horizontal line). FA occurrences (orange lines). SRDC algorithm
classifies the event as deep when H 1* (black solid line) is less than the classification
threshold (black d otted horizontal line).

length N« was performed, with the time-averaged values posted at the end of the
averaging window interval (i.e., t o). The optimal window size (here, 15 min) produces the

best trade-off between the missed detection and false alarm(FA) errors asshown in Figure
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3-5b. Note the increase and decrease in thdalse alarm rate (FAR) and missed detection
rate (MDR) as the width of the window increases. Figure 5¢ shows the PDF for the 15min

temporal width to highlight the missed detection (MD) and false alarm statistics. The
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Figure 3-7: Probability Distribution Function of VCS metrics at MV . (a) PDF
of 15-min method 1 VCS for classification of precipitation events at 1  -min time scale.
(b) Histogram of detection skill for different deep and shallow precipitation classes as

a function of precipitation intensity during IPHEx IOP (1 May  ¢15 Jun 2014) at MV.

percentage of MDR and FAR errors for a 15-min window (N : = 15) width are 0.8% and
2.64%, respectively| the best compromise at MV. Method 1 performs well for the no -
precipitation cases as expected, whereas method 2 is skillful at detecting precipitation,
therefore enabling, in combination with method 1, the separation of deep and shallow
events.

The performance of the algorithm with the 15 -min moving window for 11 June 2014 is
examined in detail next. The time series of VCS functions computed from method 1 and

method 2, and the corresponding time series of the rainfall intensity recorded by the
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collocated Parsivel disdrometer are shown in Figure 3-6. Green and pink dotted lines
identify the precipitation detection and classification thresholds, respectively. Most of the
precipitation events are detected by tracking the VCS function values, after applying the
reflectivity threshold criteria. Column VCS "G and shallow VCS "G are higher than the
precipitation detection threshold for noprecipitation conditions, whereas shallow VCS G
is lower than the detection threshold for precipitation events. For example, the algorithm
detects the start of the D1 event 2 min in advancebecause of averaging artifacts, resulting
in two false alarm counts. Similarly, method 1 VCS values above and below the
classification threshold are identified as shallow and deep, respectively. Inspection of the
PDFs of precipitation and no-precipitation cases detected by the algorithm figure 3-5¢)
indicates that "0  =1.91, the point of intersection between the two curves, is appropriate
for rainfall detection.

The next step is to classify the precipitation events based on vertical structure. The
PDFs of the VCS functions of shallow and deep structure events are shown inFigure 3-7a,
where G = 2.76 is the point of intersection. At MV, the ambiguity in the classification of
deep structure precipitation is 14.0%, whereas for shallow or low -level rainfall the value
is close to 12.0%. ThéG and 'O thresholds were used to differentiate between no-

precipitation, deep, and shallow precipitation events over the duration of the IPHEX -IOP,
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and the corresponding contingency matrix is shown in Table 3-1. It is evident from Figure
3-7(b) that many shallow events observed at MV during the IPHE x IOP had very high
precipitation intensity compared to that of deep structure events. This is an indicator of

Table 3-1: Contingency table for precipitation detection and classification by
SRDC methods 1 and 2 for profiles observed during IPHEX IOP at MV.

Classified as

Deep (%)  Shallow (%) No precipitation(%)

Actual Deep 85.3 14.4 0.3
Shallow 12.3 79.0 8.7
No Precipitation 4.0 2.6 93.4

the robustness of the algorithm that captures the reverse orographic enhancement effects
associated with seedett feeder interactions among stratiform rainfall, low -level clouds,
and deep fog in the inner mountain region (Wilson and Barros 2014, 2015, 2017). The
algorithm misses shallow precipitation events with ra in rates less than 5mm h?, though
most missed events ae for rain rates less than 2 mmh? based on the disdrometer
observations often not recorded by the collocated rain gauges, and thus approaching
instrumental sensitivity. In addition, some misclassification errors result in part from
temporal offsets at the beginning and ending of rainy per iods, which can be addressed
moving the windowed VCS values from the end (t o = 15" minute) to the center of the
window (t o= 8" minute). In the case of deep structure precipitation, events with rain rates

greater than 8mm ht are missed for the IPHEx-IOP due to the use of W-band for column
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calculations constrained by the field setup as discussed earlier, and the statistical sample

is also small because of the lack of convective activity during the IPHEX IOP.

(a) Ka-Band Reflectivity
July 14, 2014
10 . —— 30
E4;‘. ES
gl . "j 20 —
— | m
£ 103
— 6 - ) >
Q | 0 =
= | >
2 4t ﬁ}-"l‘?l ©
= Yl 102
2 il I 1 2%
l||\‘ ;* ih‘
0 : : .30
00:00 03:00 06:00 09:00 12:00 15:00
Time (HH:MM UTC)
(b) .
W-Band Reflectivity
July 14, 2014
10 - - - - 30
E1 E2 E;h E4/| |[[ES5
8l .>’ "‘w 1 | ' 20 ﬁ
T Kl \“ l‘ o
£ g, (N 10 T
i ST 1 | I >
e ol B L o 3
."3 4r 5 | l\ | ’ vlw ! N“ ’l . ‘ ; il“-"“.’\ T 10 ‘E
Z | ot 02
<l I8 f ‘L | -I i
LI
| \ . |
At | L | L '.|| d 30

Time (HH:MM UTC)

0 1 1 1
00:00 03:00 06:00 09:00 12:00 15:00

Figure 3-8: Equivalent reflectivity factor of (a) Ka -ZR and (b)MW ACR observed
at ARM TMP on 14 Jul 2014. Events considered for analysis (black boxes).
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3.2.2 ARM-TMP
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precipitation structures that are quite different compared to MV. Indeed, ARM TMP

reflectivity profiles for deep structure events generally show enhanced reflectivity below
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Figure 3-9: Spacetime correlation, optimal time -window and VCS metrics for
ARM -TMP. (a) Method 1 average space time correlation structure computed in step 2
of the algorithm for the five events highlighted in Figure 3-8 (E1404:30 to 04:45 UTC;
E208:40 to 08:55 UTC; EB10:45 to 11:00 UTC; E#13:30 to 13:45 UTC; Ef15:15 to 15:30
UTC) in Finland on 14 Jul 2014. (b) Comparison of MDR and FAR errors (expressed a s
a percentage of the total number of events) as a function of the time window width.
(c) PDF of the optimum (15 min) moving time window for the computation of VCS by
the SRDC algorithm.

the melting layer as a result of downward transport of ice from aloft , the so called dark-
band effect (see, e.g., Fig. 9 in Kollias and Albrecht 2005). For this reason, the altitude
threshold to distinguish shallow and deep structure events is lower (z <=4 km). To account
for the significant differences in precipitation ph ysics, method 1 is applied here to the Ka
band reflectivity profiles up to z 1 =8.5km and method 2 is computed using z2 =1.5km
profiles for both Ka - and W- bands. The maximum elevation for method 1 is selected based
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on the regional climatology of typica | precipitation structure and clouds. Studies based on
models and observations suggest that the maximum CTH closely depends on the height
of the tropopause, and cloud tops in the high latitudes do not exceed altitudes of & 9 km

(Pan et al. 2010; Pan and Muachak 2011).
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Figure 3-10: Rain rate observed by 2DVD compared with VCS computed by
methods 1 and 2 of the algorithm at ARM TMP on 14 Jul 2014. Threshold for
precipitation detection (red dotted lines) and classification (black dotted lines). FA
occurrences (orange lines) and MD occurrences (purples lines).

The 14 July 2014 event selected for detailed examination exhibits intermittent shallow and
deep structure precipitation from 0300 to 1600 UTC (Figure 3-8). Out of the five
precipitation events (E1: 043G 0445 UTC, E2: 084D 0855 UTC, E3: 10461100 UTC, E4:
13303 1345 UTC, and E5: 15161530 UTC) detected, E2 and E5 are clasfied as shallow
events. Spacétime correlations for the individual events are displayed in Figure 3-9(a).

Note how the average correlation pattern is quite similar to that obtained at MV (Figure
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3-5a), with smooth average correlation patterns for deep events below zc with a significant
increase in reflectivity above. For the shallow events, there are large noisy oscillations in
the correlation value above z.. The full ARM TMP dataset collected from 6 May 2014 until
11 September 2014 was used in the analyis corresponding to 10,391 min of precipitation
and 82,352 min of non-rainy condi tions. The next step was to find the appropriate time
width for the moving window to optimize precipitation detection. Figure 3-9b
summarizes the FAR and MDR errors, and Figure 3-9(c) shows the PDFs of precipitating
occurrence for optimal window sizes. Again, as in MV, a 15 -min interval achieves the best
error trade-O1 I 6 w3 T 1T WEOT OUPUT Oz UwEx x OPEEUD O Omin
window, and the variations of the VCS pattern s obtained from method 1 and method 2
are shown in Figure 3-10. Note that the FA and MD occur at either the beginning or the
end of the event. The VCS values for method 1 show the expected variations between

clear-sky and deep structure precipitation events, while method 2 captures both shallow

and deep precipitation as in MV.
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Figure 3-11: Probability Distribution Functio n of VCS metrics at ARM -TMP.
(a) PDF of 15-min method 1 VCS values for classification of precipitation events at 1 -
min time scale. (b) Histogram of detection skill for different deep and shallow
precipitation classes as a function of precipitation intens ity during BAECC (May
2014 September 2014) at ARM TMP.

When contrasting the precipitation detection PDFs obtained for ARM TMP ( Figure 3-9c)
and MV (Figure 3-5¢), it is apparent that method 1 VCS for clear-sky conditions is very
different for the two locations. By contrast, the PDF of method 2 VCS at the ARM TMP
site (Figure 3-9c, red curve) closely resembles the PDF obtained for MV (Figure 3-5c, red
curve). The differences in "0 PDFs of noprecipitation in MV and ARM TMP explain the

different "G values for each location. This is attributed to the different operational setup
of the Ka-band radars and differences in the vertical structure of light rainfall between the

two hy drometeorological regimes as well.
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Table 3-2: Contingency table for precipitation detection and classification by
SRDC methods 1 and 2 for profiles observed at ARM TMP

Classified as

Deep (%) Shallow (%)  No precipitation (%)

Actual Deep 91.7 8.2 0.1
Shallow 17.0 78.4 4.6
No Precipitation 4.3 4.8 90.9

The detection threshold for ARM TMP is 'O = 1.36 with MDR and FAR of 3.9% and 4.5%,
respectively (Figure 3-9¢). A similar approach was followed for the precipitation
classification, and the threshold for precipitation classification can be obtained from the
PDFs in Figure 3-11a (O = 1.3). These thresholds are used to compute the contingency
matrix shown in Table 3-2. Shallow precipitation events are associated with higher
ambiguity corresponding to a misclassification error of 17%, whereas deep structure
precipitation is misclassified 8% of the time.

A comparison among the histograms of precipitation intensity of actual and detected
shallow and deep structure precipitation events is presented in Figure 3-11(b). Overall,
the rain-rate PDF observed at ARM TMP is similar to MV with most of t he observed
precipitation being light rain fall with intensities below 2 mm h-%. Note that, if dark band

cases were classified as shallow (not shown), then the VCS threshold value for
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classification is "0 = 1.5, yielding higher misclassification errors of 7.3% and 16.1% for

deep and shallow systems, respectively.

3.4.3 ARM-SGP

Observations from the ARM -SGP Central facility in Lamont, Oklahoma were used
to test the SRCD algorithm under a broader range of storm regimes. The W-band Scanning
ARM Cloud R adar (W-SACR) placed at SGP has been operating intermittently for the past
5 years. A total of thirty days of collocated W -SACR and KaZR data (8 days between
April 20, 2011 and June 12, 2011 and 22 days from June 4, 2012 to June 26, 2012) are
considered for this analysis corresponding to 149 minutes of precipitation events. Most of
the precipitation events considered during this period of analysis were short -lived
(duration less than 2 hours). Three cases of isolated deep structure events showed strong
reflectivity values extending up to 10 km. The shallow events were generally restricted to
zc=5 km. The SGP observations exhibit entirely different hydrometeorological properties
and precipitation structure compared to ARM -TMP and MV. For this case, the vettical
range for the Ka-Band profile was z: = 10 km and z = 2 km for the W-band profile in the
column VCS calculations. These vertical ranges are consistent with Clothiaux et al. (2000)
who developed climatology of cloud heights and radar reflectivities at the ARM SGP site

and found that most of the hydrometeors are observed between 1 and 10 km.
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Figure 3-12 Equivalent Reflectivity factor of (a) Ka -Band Zenith Radar and (b)

W-Band Scanning ARM Cloud Radar observed at ARM -SGP in Oklahoma, USA, on
July 08, 2012
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Figure 3-13(a) Performance of the SRDC precipitation detection algorithm with
varying window -size. (b) PDF of precipitation detection for the ARM -SGP in
Oklahoma, USA .

Figure 3-12 shows the W- and Ka-band radar reflectivity profiles for a shallow
precipitation event observed at the SGP on July 8, 2012. Detailed analgis similar to that
presented for MV and ARM -TMP was repeated for this case. The optimal time-window
computation showed similar results with 15 -minute duration providing the best trade -off
between missed detection and false alarms (igure 3-13a). The PDFs of precipitation
detection for the 15-minute mo ving window are shown in Figure 3-13(b). The threshold
value for the precipitation detection from modified entropies calculated following
Method-1 and -2 is H*t=1.3. Precipitation detection fails for 7 minutes only out of the

149 mins tested here, corresponding to 4.7% error; the fale alarms amount to 4.54% error.
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Figure 3-14: Rain-rate compared with VCS computed by SRDC Method -1 and
Method 2 of the algorithm at the ARM -SGP in Oklahoma, USA, on July 8, 2012. The
red and black dotted lines denote the threshold for precipitation detection and

classification, respectively. The orange and purple lines mark false alarm (FA) and
missed detection (MD) occurrences.

Figure 3-14shows the VCS time-series for the July 8, 2012 event. VCS computed according
to Method-1 fails to detect rainfall, while the opposite is true for Method -2. The
precipitation detection algorithm accurately det ects 42 deepstructured and 100 shallow
events (events with vertical extent below zc =5 km). The column VCS (Method-1) is used
for the classification of precipitation events, and Figure 3-15a) shows the PDF of the
precipitation classification. The precipitation classification algorithm misses 7 deep -
structured precipitation events and no shallow event using H* «a = 1.5 as the threshold
value. Table 3-3 shows the contingency matrix derived using the detection and
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classification thresholds. The precipitation rate distributions of shallow and deep -
structure events are shown in Figure 3-15(b). Around 75% of the shallow and deep events
considered for this study are light rainfall with precipitation rate less than 2 mm/h, while
15% of the light, deep-structured precipitation event s were missed by the algorithm. The
classification skill at ARM -SGP for the deep structured events was better than for shallow
events for MV and ARM -TMP. We attribute the contrasting behavior at ARM -SGP to the
small sample size of quality controlled data available at the time this study was conducted

and the specific period of study.
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Figure 3-15 Probability Distribution Function of VCS metrics at ARM -TMP.
(a) PDF of 15min Method -1 VCS values for classific ation of precipitation events at 1 -
min time -scale; (b) Histogram of detection skill for different deep and shallow
precipitation classes as a function of precipitation intensity at the ARM -SGP site in
Oklahoma, US.

3.4.4 GPM DPR and CloudSat CPR G-SDSU Simulations

The G-SDSU was used to simulate the radar equivalent reflectivity profiles observed by

GPM DPR and CloudSat CPR at 1855 UTC 15 May 2014 in the SAM (Wilson and Barros
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2015, 2017). Simulated reflectivity profiles along the coinciding satellite overp asses for the
GPM DPR and CloudSat CPR are shown inFigure 3-16. The maximum spatial distance
between the GPM and CloudSat overpass pixels is 0.19268, and over 94% ohe pixels are
collocated at the model resolution of 1.25 km. The simulated GPM DPR (Ka-band) and
CloudSat CPR (W-band) reflectivity profiles are the inputs into the SRDC algorithm
toward evaluating the performance for satellite -based (nadir looking) radar at the same
resolution. A terrain elevation mask was applied to the G -SDSU-simulated GPM -DPR and
CloudSat-CPR profiles, and the analysis is conducted only for reflectivity profiles above
the terrain.

Table 3-3: Contingency table for precipitation detection and classification by SRDC
Method 1 and 2 for profiles observed at ARM -SGP

Classified as
Deep Shallow No Precipitation
Actual Deep 79.6 % 13.6 % 6.8 %
Shallow 0% 95.2 % 4.8 %
No Precipitation 7.2% 0.2% 92.6%

The simulated reflectivity profiles for GPM DPR and CloudSat CPR exhibit deep and
shallow precipitation structures with heavy and light rainfall, respectively. Note the
difference between the downward -looking perspective from satellite -based sensors and

the upward -looking perspective in the case of ground-based sensors (MV, TMP, and SGP)
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is well illustrated by the severe attenuation of simulated CloudSat CPR reflectivity in the

lower troposphere for the deep convective event with heavy rainfall between 32.5 J and

33N.
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Figure 3-16: Equivalent reflectivity factor simulated by the G -SDSU for a
concurrent overpass of (a) GPM DPR and (b) CloudSat CPR for 15 May 2014 event
during IPHEX. Events E1 and E2 considered for analysis (black boxes).
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Attenuation artifacts are still present in the case of the convective rainfall between 32.5]
and 33IN (E1), but not so for the light rainfall event between 36.5Jand 37.5]N (E2).

The simulated reflectivity profiles were input into the SRDC algorithm using a spatial
moving average window width of five consecutive grid points (spatial length of 6 km) to
calculate the correlation between the two frequencies along the CloudSat daytime
overpass trajectory| that is the algorithm appl ied here by trading local time for space
along the satellite overpass, with the pixel number along the overpass tract used as the
spatial coordinate. Figure 3-17 shows the comparison of low -level (method 2) and column
VCS (method 1). TheG-SDSUdoes not simulate ground clutter artifacts that are present
in the satellite-based observational datasets. Thus, the low-level height for method 2 is
taken as 1km AGL, which is the active depth of low level seeden feeder processes in the
region (Wilson and Barros 2014, 2015, 2017; Duan et al. 2015); to capture the attenuation
effects at high frequencies (e.g.CPR), the depth of the column for method 1 is taken as 8
km AGL. Indeed, the impact of CPR attenuation is apparent in the large negative values
of low-level VCS for the cases of heavy rainfall (from left to right u ntil latitude 34 N).
Beyond 34N latitude, shallow rainfall is captured by the method 2 VCS (note the feature
between 36.5and 37.5N). The detection and classification thresholds were not computed
for this limited case study (an extensive OSSE study would be required for statistical

robustness). Nevertheless, applying the zero-crossing criterion to the method 1
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Figure 3-17: Rain rate simulated by WRF compared with 15 -min VCS
computed by SRDC methods 1 and 2 for the 15 May 2014 event. Method 1 average
correlation profile computed from the space ¢time correlation DFC, where (b) E1: 32.5¢
33N and (c) E2: 36.537N. E1 is a deep precipitation event, while E2 is a shallow light
rainfall event with precipitation depth below 4 km. Average correlation curves fo r

these events show different behavior and zero -crossing altitudes consistent with
different precipitation structures.
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average correlation to identify the active depth of rainfall yields results that are ¢ onsistent
with the ground -based observations, as shown inFigure 3-17(b) and Figure 3-18(c) for E1
and E2, respectively. This case study is indicative of the potential applicability of the

SRDCalgorithm at least for nadir - or near-nadir -looking satellite -borne radar systems. It
also highlights the need to further characterize the impact of attenuation at high

frequencies, as well as the need for large datasets to establish opational metrics, such as
the VCS thresholds estimated for the ground-based applications. The performance of the

algorithm using actual GPM DPR and CloudSat CPR observations is illustrated next.

3.4.5 GPM DPR and CloudSat CPR Observations

Reflectivity profiles observed by CloudSat CPR and GPM DPR Kaband on 3 June 2014
over complex terrain in Borneo (115JE) from the Kapuas Mountains to the South China
Sea (sedFigure 3-1 for map) were extracted to demonstrate the application of the SRDC
algorithm to observations from space-based platforms (Figure 3-18). Because the
reflectivity profiles are affected strongly by ground clutter, the digital elevation model
(DEM) mask included in the CloudSat CPR products was used to remove the radar bins
in the lowest 2 km AGL. The GPM DPR Ka-band radar overpass coincides with the
CloudSat CPR between 1.9and 3.5IN, and all the pixels are within the resolution of GPM
DPR products (5 km). The time difference between the two overpasses is approximately
7 min. Missing values above 9 km AGL in the 2ADPR V04A HS product and low -level

values affected by ground clutte r were replaced with a Gaussian random variable of mean
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0 and variance 0.01. The ground clutter values in the CloudSat CPR reflectivity product
were replaced by a Gaussian random variable of mean 0 and variance 0.01. The mean
values for the missing value correction of GPM DPR and CloudSat CPR were chosen
based on the minimum detectable threshold of the instruments. Low -level VCS (method
2) values are computed for 4 km profiles of the two satellite products. Column VCS
(method 1) values are calculated using maximum heights of 12 and 4 km AGL for GPM
DPR and CloudSat CPR respectively. The spatial window chosen for the analysis is
approximately 10 km, corresponding to 10 CloudSat-CPR and two GPM-DPR co-aligned
pixels. The joint temporal evolution of the VCS and the precipitation rate estimates
derived from Ka -band radar (2ADPR VO04A HS product) is examined next.

Table 3-4: Detection and classification VCS t hresholds used in the SRDC
algorithm for MV, ARM TMP, and ARM SGP.

Location T ZI. < Tl Z-. <
MV 191 2.76
ARM TMP 1.36 1.3(1.5)
ARM SGP 1.3 15
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Figure 3-19: VCS functions computed by SRDC methods 1 and 2 for the
reflectivity profiles and rain rates from the GPMDPR 2A product . Method 1 average
correlation profile computed from the space ttime correlation computed in step 2 of
the algorithm, where (b) E1: 1.7 % 2N, (c) E2: 2} 2.2)N, (d) E3: 2.5% 2.7)N, and (e) E4:
2.93 3.1)N. E1 and E4 are deep structure events, E2 is a shallow event, and E3 is a no
precipitation event. Note the change in the shape and altitude of first zero  -crossing

points of the correlation profiles based on the structure of precip itation.

The deep structure events observed between 1.3 and 1.9\ (E1), and 2.9) and
3.1)N (E4) are captured by both method 1 and method 2, while the shallow structure
between 2 and 2.2N (E2) is captured only by method 2 as expected Figure 3-19a). As in
the previous case study, the detection and classification thresholds are not computed
because of the lack of enough samples for robust statistics Note how the CloudSat CPR
observes a $&allow cloud system between 2.5 and 2.MN (E3) that is missed by the GPM
DPR Ka-band. The method 1 (column) average correlation patterns for the four
highlighted events (E1¢E4) are presented in Figure 3-19(bte). Like for ground -based
observations at MV and ARM -TMP, the first zero crossing of the average correlation is a
robust criterion to determine the depth of precipitation structure s from space. Indeed, the
SRDC detects most of the precipitation features observed where and when concurrent
observations exist, despite differences in instrument sensitivity and observing geometry.
Exploratory applications of the SRDC using Ku-band NS instead of Ka-band HS
(Appendix C). The results are consistent Ka- and Ku, although the zex@rossing heights
are different as expected with Kiand being higher bigss than 1 knilhis indicates that

because attenuation is lower for #and then the potdial to retrieve vertical structure

information from KuW is even better than for K&/.
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3.5 Conclusions

This study presents a dual-frequency radar algorithm for shallow rainfall
detection and classification (SRDC). The algorithm aims to provide an efficient way to
combine multiple radar observations, taking advantage of different operating frequencies
to characterize the vertical structure of precipitation using an integrated VCS metric to
describe the evolution of the spacet time correlation structu re of radar reflectivity profiles.
The SRDC formulation is applicable to any pair of frequencies with contrasts in
attenuation and scattering behavior, such as, for example, replacing Ka band with either
Ku, or X, or C band. Indeed, performance should be expected to improve using
frequencies lower than Ka band. The focus here is on W and Ka bands because of data
availability constraints only.

The SRDC was tested using collocated groundbased W- and Ka-band radar
reflectivity observations with a focus on war m rainfall events at the surface only. Snowfall
at the ground was not included because the vertical structure of reflectivity (and the
underlying microphysics) for snow events above and below 0 JC is out of the scope of this
work. Method 1 and method 2 VCS are used to detect and classify precipitation events.
However, the detection and classification thresholds can be estimated with confidence
only when large collocated datasets at different frequencies are available. The behavior of
the first zero crossover illustrates that method 1 and method 2 work as intended and are

immune to the exact zc location and the correlation variability. Further, over a given

91



geographic region, when the algorithm is first applied, the z < can be used to aid in the
classification until robust VCS statistics are determined. The algorithm was applied first
to radar profiles obtained from the IPHEx IOP ground validation campaign in MV with
successful detection of precipitation 99% of the time. Further, the algorithm performed
well in distinguishing between shallow and deep precipitation in the complex terrain of
the SAM, even with column VCS calculated using W -band radar instead of Ka-band radar,
which exhibits less attenuation at low levels be cause of setup constraints.

An independent evaluation was conducted at the ARM TMP in Finland.
Furthermore, a third independent application of the SRDC was carried out at the ARM
SGP in the central United States. The SGP is representative of the midatitu de continental
plains, while the TMP site was located close to and in between landt water margins and
coastlines. Consequently, the maximum vertical range considered for the computation of
column VCS (method 1) is quite different, reflecting climatic differ ences in precipitation
climatology. Nonetheless, the MDR and FAR obtained from the precipitation detection
algorithm for both TMP and SGP agree with each other and are approximately 4.5% and
0.5%, respectively. The classification algorithm provides better classification skill for deep
structures compared to shallow events for MV and ARM TMP. However, the opposite is
true in the SGP case, although only three cases (42 min of rainfall) were available at the
time when the study was conducted. The detection and classification threshold values

using W-band as support for the column correlation calculations (method 1) are very close
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in both TMP and SGP (Table 3-4), when both sensors were operating with a similar set up

and in contrast to MV, which supports the general applicability of the algorithm.

Figure 3-20: Physical Basis of SRDC using dual -frequency correlation and dual
frequency ratio : (a) (left to right) Observed Ka - and W-band reflectivity, and surface
rainfall rate at ARM TMP on 14 Jul 2014, including a transition from deep structure to
shallow structure rainfall (see also Figure 3-8). (b) (left to right) DFC and DFR profiles
computed from the observations. (c) (top) Temporal evolution of DFC ¢DFR
trajectories at the times marked by the dashed lines of the same color in (a) and (b).
(bottom) Schematic generalization of evolution of the relationship between DFR and
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