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ABSTRACT: Mechanical forcing by orography affects precipitating convection across many tropical regions, but controls
on the intensity and horizontal extent of the orographic precipitation peak and rain shadow remain poorly understood. A
recent theory explains this control of precipitation as arising from modulation of lower-tropospheric temperature and mois-
ture by orographic mechanical forcing, setting the distribution of convective rainfall by controlling parcel buoyancy. Using
satellite and reanalysis data, we evaluate this theory by investigating spatiotemporal precipitation variations in six moun-
tainous tropical regions spanning South and Southeast Asia, and the Maritime Continent. We show that a strong relation-
ship holds in these regions between daily precipitation and a measure of convective plume buoyancy. This measure
depends on boundary layer thermodynamic properties and lower-free-tropospheric moisture and temperature. Consistent
with the theory, temporal variations in lower-free-tropospheric temperature are primarily modulated by orographic me-
chanical lifting through changes in cross-slope wind speed. However, winds directed along background horizontal moisture
gradients also in� uence lower-tropospheric moisture variations in some regions. The buoyancy measure is also shown to
explain many aspects of the spatial patterns of precipitation. Finally, we present a linear model with two horizontal dimen-
sions that combines mountain wave dynamics with a linearized closure exploiting the relationship between precipitation
and plume buoyancy. In some regions, this model skillfully captures the spatial structure and intensity of rainfall; it under-
estimates rainfall in regions where time-mean ascent in large-scale convergence zones shapes lower-tropospheric humidity.
Overall, these results provide new understanding of fundamental processes controlling subseasonal and spatial variations
in tropical orographic precipitation.
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1. Introduction

Mountains shape rainfall distributions in many of Earth ’s
tropical land regions, modifying the thermodynamic environ-
ment by interacting with large-scale winds or altering surface
� uxes. With over 2.5 billion people living in mountainous
areas and another 2 billion in lowland areas depending on
mountain water resources (Viviroli et al. 2020 ), orographic
precipitation is currently the main water source for over 55%
of the world ’s population, with a majority of that fraction lo-
cated in the tropics. It is also the main source of energy for
hydropower, which is the primary resource for renewable
electricity generation globally, and a potential cause of dam
failures when occurring in excess (Li et al. 2022).

Orographic rainfall features large spatial gradients, with
vastly different hydrological conditions upwind and down-
wind of ridges. In the tropics, strong precipitation gradients
are widely observed along local orography in South and
Southeast Asia, the Maritime Continent, and the northern
and central Andes (Fig. 1). The spatial structure of orographic
precipitation has been studied in various regions across the
tropics, with examples including the Ethiopian Highlands
(Van den Hende et al. 2021), the Andes (Espinoza et al. 2015),
the Western Ghats (e.g.,Tawde and Singh 2015), and the Arakan
Yoma range of Myanmar (e.g., Shige et al. 2017). The qualitative

picture behind this spatial organization is widely known: moun-
tains force low-level ascent on their upwind � anks, which, with
suf� cient moisture, drives condensation and precipitation (Smith
1979; Roe 2005). The subsiding downstream� ow, conversely,
is warm and dry. Yet this paradigm, which assumes layer-wise
ascent and saturation, is unlikely to be quantitatively accurate
in tropical regions where most rainfall stems from convection
(Kirshbaum et al. 2018) and where even simple questions,
such as what sets the upstream extent of orographic rainfall
enhancement, have been debated (Smith and Lin 1983;
Grossman and Durran 1984). This study aims to address this
issue and related open questions (such as controls on rain
shadow extent and the amplitude of rainfall maxima), taking
several tropical regions as examples.

In the midlatitudes, column-integrated water vapor transport
(IVT) has been proposed as a dominant control on orographic
precipitation ( Sawyer 1956; Smith 2019). Indeed, in the idealized
picture of forced ascent over an orographic barrier, IVT modu-
lates the condensation rate over the upwind slopes. Addition-
ally, stronger IVT typically results in a smaller nondimensional
mountain height (through both stronger winds and a smaller ef-
fective static stability), causing� ow to ascend rather than detour
around mountains (Smith 1989; Kirshbaum and Smith 2008).
Other controls on midlatitude orographic precipitation include
mountain slope and temperature-mediated microphysical effects
(Kirshbaum and Smith 2008). The spatial organization of oro-
graphic precipitation in convectively stable � ows has been
understood through the in� uence of topography on verticalCorresponding author: Quentin Nicolas, qnicolas@berkeley.edu
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velocities in saturated � ows, with a contribution from the
downwind advection of hydrometeors (Smith and Barstad
2004, hereafter SB04).

Orographic precipitation generally occurs in association
with various types of disturbances, from frontal systems in
midlatitude winter to deep convective systems in parts of the
tropics (Houze 2012). We illustrate these in Fig. 2, which
shows instantaneous radar re� ectivity from the Global Precip-
itation Measurement (GPM) Ku-band radar ( Seto et al. 2021)

for two cases. The� rst illustrates a winter frontal system over
coastal mountains of British Columbia and features a horizon-
tally wide, vertically shallow signal with a sloping bright band
(visible between 300 and 550 km at 2-km altitude in the vertical
cross section), characteristic of frontal ascent. In contrast, the
Western Ghats case, during the summer monsoon, features
smaller-scale, stronger echoes reaching deeper heights (up to
10 km; note that summertime convection in and upstream of
the Western Ghats is shallower than in the rest of the tropics;

FIG . 1. TRMM PR and GPM DPR near-surface precipitation, 500-m surface height level (thin brown contours),
and ERA5 wind vectors 100 m above the surface averaged over (top) July and (bottom) November from 2001 to
2020. Seesection 2for details on the data products.

FIG . 2. (top) Near-surface radar re� ectivity from the Ku-band GPM radar and (bottom) vertical cross section of
corrected Ku-band re� ectivity for two overpasses: (left) 11 Feb 2015 (GPM orbit 005434) over the coast range of
British Columbia and (right) 19 Jun 2014 (GPM orbit 001735) over the Western Ghats. The black lines in the top
panels show the location of the cross sections in the bottom panels, with letters L and R corresponding to the left and
right of the cross sections. This� gure was produced using the DRpy software package (Chase and Syed 2022).
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see Kumar and Bhat 2017). While wide radar echoes are also
observed in the tropics, such as in mesoscale convective systems
(Houze et al. 2015), such systems reach deeper heights than
winter midlatitude storms.

Tropical orographic precipitation has a more even temporal
distribution than surrounding continental or oceanic precipi-
tation ( Van den Hende et al. 2021; Espinoza et al. 2015; Sobel
et al. 2011). Nevertheless, intraseasonal and interannual vari-
ability in orographic rainfall seems to be in� uenced by the
classical tropical modes that regulate moist convection. Examples
include the boreal summer intraseasonal oscillation (BSISO;
Shige et al. 2017; Hunt et al. 2021), the Madden–Julian oscillation
(MJO; Bagtasa 2020), and large-scale interannual modes such as
El Niño –Southern Oscillation and the Indian Ocean dipole (Yen
et al. 2011; Revadekar et al. 2018; Lyon et al. 2006; Smith et al.
2013). Hence, any successful theory for tropical orographic pre-
cipitation needs to address the question of how mountains inter-
act with moist convection.

Boundary layer moist static energy and free-tropospheric
temperature regulate moist convection by in� uencing column
stability. Observations and simulations have shown that
free-tropospheric water vapor also exerts a strong control on
precipitation, consistent with the idea that entrainment of free-
tropospheric air modulates plume buoyancy (e.g.,Derbyshire
et al. 2004). Tropical rainfall is thus jointly in � uenced by free-
tropospheric temperature and moisture, and interacts with
slower, balanced dynamics to eliminate perturbations in
these quantities} a behavior termed lower-tropospheric quasi-
equilibrium (QE; e.g., Raymond et al. 2015). The prominent
role of lower-tropospheric moisture has been con� rmed in
observations of orographic convection at low latitudes (Hunt et al.
2021; Nelson et al. 2022). Beyond the lower-tropospheric thermo-
dynamic environment, factors such as the wind pro� le} especially
vertical wind shear, which one could expect to be important
in the presence of mountain waves} should affect moist con-
vective development (see, e.g.,Robe and Emanuel 2001;
Anber et al. 2014; Peters et al. 2022a,b). We do not consider
such factors here.

Ahmed et al. (2020) cast the observed dependence of tropical
convection on the lower-tropospheric thermodynamic environ-
ment into a simple buoyancy-based framework. Precipitation is
strongly controlled by a measure of plume buoyancy that takes
into account the in� uences of instability and entrainment, and
depends on boundary layer equivalent potential temperature as
well as lower-free-tropospheric temperature and moisture. We
recently posited (Nicolas and Boos 2022, hereafter NB22) that
mechanically forced orographic convection can be understood
in this framework, with stationary mountain waves disturbing
lower-free-tropospheric thermodynamics, in turn affecting pre-
cipitation. We developed a linear model for the spatial distribu-
tion of rainfall, combining orographic gravity wave dynamics
with the linearized QE closure of Ahmed et al. (2020). That
model assumes a simple background state that has horizontally
uniform temperature and moisture pro � les, with horizontally
and vertically uniform wind. At � rst order, the temperature and
moisture perturbations are dictated by vertical displacement in
a mountain wave, which is in turn controlled by the topographic
shape, cross-slope wind, and static stability. The normalized gross

moist stability (e.g., Raymond et al. 2009) appears as a second-
order control because it modulates convective moisture relax-
ation. One goal of the present work is to evaluate to what
extent this framework (extended to two horizontal dimensions)
can explain observed spatial patterns of orographic tropical
rainfall.

More generally, this study explores the physical drivers
behind the temporal variations and spatial structure of oro-
graphic precipitation around six tropical mountain regions:
the Western Ghats (India), the western coast of Myanmar
(Arakan Yoma mountain range), the eastern coast of Vietnam
(Annam Range), the Malay Peninsula, the Philippines, and the
island of New Britain (Papua New Guinea). We justify the use
of a lower-tropospheric buoyancy measure in quantifying daily
orographic precipitation variability and explore the dominant
controls on its components} both within the boundary layer
and the lower free troposphere. We then explore to what ex-
tent time averages of this buoyancy measure account for ob-
served spatial patterns of rainfall, and test the QE-based linear
theory of NB22 against observations.

2. Data

Two precipitation products are used. Seasonal averages
(used in sections 1, 3, and 6) are obtained from monthly aver-
ages of near-surface precipitation rates from the Tropical
Rainfall Measuring Mission Ku-band precipitation radar
(TRMM PR 3A25; Tropical Rainfall Measuring Mission 2021)
for the January 2001–March 2014 period and the Global Pre-
cipitation Measurement dual-frequency precipitation radar
(GPM 3DPR; Iguchi and Meneghini 2021) for the April 2014 –
December 2020 period, both on a 0.258 grid. In section 4,
where we require daily resolution, we use the IMERG V06B
precipitation dataset (Huffman et al. 2019), which combines
satellite-based infrared and passive microwave measurements
with rain gauge data to provide hourly estimates at 0.18resolution.
IMERG is known to suffer from biases in regions of complex
topography relative to rain gauge measurements, but these
biases are reduced when considering spatial averages (Pradhan
et al. 2022). We use daily precipitation averages at large
spatial scales, and the regions over which we average consist of
45%–80% ocean points, where con� dence in IMERG retrievals
is higher.

We evaluate the thermodynamic environment and horizontal
winds from the ERA5 reanalysis (Hersbach et al. 2018), which
provides hourly data at 0.258 resolution. Johnston et al. (2021)
showed that moisture soundings from ERA5 had excellent agree-
ment with satellite-based radio occultation retrievals in the tropics
and subtropics. Proper evaluation of ERA5 lower-tropospheric
temperature is lacking; we note that Hersbach et al. (2020)
showed improved 850-hPa temperature estimates (when
compared to radiosondes) over ERA-Interim, especially in
the past two decades.

Unless otherwise speci� ed, we use topography from the
ETOPO1 global relief model ( National Geophysical Data
Center 2011; Amante and Eakins 2009), at 60-arc-s resolution.
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3. Selecting regions of mechanically forced tropical
orographic rainfall

To illustrate the physical drivers of tropical orographic pre-
cipitation, we select six regions in South Asia and the Mari-
time Continent. We focus on mechanically forced convection,
a regime in which orographic forcing is felt through the forced
uplift of impinging � ow, by opposition to thermal forcing,
where the diurnal cycle of heating over sloped terrain drives
low-level convergence. The wind speed threshold marking the
transition from thermal to mechanical forcing depends on var-
ious factors including static stability N and mountain height
hm. One quantity often used to characterize orographic � ows
is the nondimensional mountain height,1 M 5 Nhm/U, where
U is the cross-slope wind speed. Flows withM , 1 tend to
cross topography (rather than being blocked upstream),
which may prevent the development of thermally forced cir-
culations (Kirshbaum et al. 2018). For moderately high
mountains (500–1000 m) in the tropics, various studies have
suggested that mechanical forcing dominates above about
5 m s2 1 (Nugent et al. 2014; Wang and Sobel 2017). Accord-
ingly, we selected six regions with a mean upstream wind
(during the local rainy season) higher than 5 m s2 1 and a visi-
ble orographic rainband. This sample is not an exhaustive rep-
resentation of tropical orographic rainfall, although we think

it is quite representative of mechanically forced cases. These
regions are outlined in Fig. 1, with close-up views of their to-
pography and seasonal-mean rainfall and wind inFig. 3. The
rainfall maps have some visible noise because they are only
based on TRMM and GPM radar overpasses, which have
sparse temporal coverage.

For each region, we analyze data over a 20-yr period (2001–
20) during the local rainiest season (which also corresponds to
a mechanically forced regime), de� ned below for each speci� c
case. Two regions (Vietnam and the Philippines) experience a
second rainfall peak in boreal summer on the other side of
their mountain ranges, associated with reversed winds during
the summer monsoon (seeFig. 1). Because the winds are not
as strong then, the dominance of mechanical forcing cannot
be clearly established, and we did not include these secondary
rainy seasons in our analysis. Insection 4, we analyze daily
data averaged over the orographic rainbands; these rainbands
are de� ned manually using rectangular boxes and are outlined
in red in Fig. 3. We summarize key information about each re-
gion in Table 1, and describe these in detail hereafter.

Three of these regions have their rainiest season in boreal
summer (June–August). The Western Ghats, a mountain
range on the west coast of peninsular India, form a kilometer-
high barrier to the southwesterly monsoon � ow. With M � 0.8
(measuring wind speed 500 km upstream of the coast and 100 m
above the surface to avoid in� uences from surface friction
and � ow deceleration by topography), the Ghats fall within

FIG . 3. TRMM PR and GPM DPR near-surface precipitation, 500-m surface height level (thin brown contours), and ERA5 wind vec-
tors 100 m above the surface in six tropical regions, averaged over each region’s rainiest season (see text) from 2001 to 2020. The red
dashed boxes outline the orographic rainbands, which are analyzed insection 4. The blue dashed boxes de� ne the regions over which
cross-slope IVT is averaged inFig. 5. Here and in later � gures, PNG refers to Papua New Guinea.

1 The M is also the inverse of a Froude number.
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a clear mechanically forced regime, as attested by the small
diurnal cycle of rainfall there ( Shige et al. 2017). The dynamics
of orographic precipitation in the Western Ghats have been
the subject of several modeling studies (Smith and Lin 1983;
Grossman and Durran 1984; Ogura and Yoshizaki 1988; Xie
et al. 2006; Oouchi et al. 2009; Sijikumar et al. 2013; Zhang
and Smith 2018). These studies con� rm that the presence of
orography is crucial in producing the observed rainband, and
(expectedly) that latent heating cannot be neglected in de-
scribing the orographic � ow. Past literature has also discussed
the location of the rainfall maximum upstream of the Western
Ghats. While some studies initially suggested that it occurred
upstream of the coastline (e.g.,Xie et al. 2006), Shige et al.
(2017) determined that it was positioned over the western
slopes of the Ghats (consistent withFig. 3).

The Arakan Yoma mountain range, located along the coast
of Myanmar, also interacts with the Asian summer monsoon
(Oouchi et al. 2009; Wu et al. 2018). With maximum seasonal-
mean precipitation values exceeding 30 mm day2 1 upstream
of the range, it is responsible for the strongest rainband (in
terms of mean precipitation rate) on Earth in boreal summer.
This precipitation maximum is located along the coast (see
Fig. 3 and Shige et al. 2017). Compared to the Western Ghats,
convection is deeper and of wider scale upstream of Myan-
mar, a fact that Shrestha et al. (2015)associated with differ-
ences in lower tropospheric humidity; M has a similar value
around 0.8 there.

The island of New Britain, in Papua New Guinea (PNG), is
our third region of interest in boreal summer. The mountains
are of modest height there (300 m when averaging across the
island, although individual peaks exceed 2 km), but a strong
precipitation band reaching 25 mm day2 1 lies upstream of the
island. Winds speeds around 8–9 m s2 1 yield a nondimen-
sional mountain height M � 0.4. Orographic rainfall in PNG
has been the focus of a few studies (e.g.,Biasutti et al. 2012;
Smith et al. 2013).

The remaining three regions are associated with boreal au-
tumn rainfall. The coast of Vietnam, east of the Annam range,
receives most of its rainfall in October and November (Chen
et al. 2012; Ramesh et al. 2021), with an onshore cross-slope
wind of 8–9 m s2 1 during this season (M 5 1). The eastern
coast of the Philippines experiences a late autumn precipita-
tion peak (November–December) with a similar wind speed
and M 5 0.3 (Chang et al. 2005; Robertson et al. 2011). Finally,
the eastern half of the Malay Peninsula also receives most of its

rainfall in November and December (Chen et al. 2013), similarly
associated with mechanical orographic forcing (M 5 0.5).

4. Controls on daily variations of orographic rainfall

In the tropics, mechanically forced orographic rainfall is
subject to less temporal variability than rainfall over sur-
rounding land and ocean. In particular, it has a weak diurnal
cycle, as noted byShige et al. (2017)in the Western Ghats
and in Myanmar (see alsoAoki and Shige 2024). This can be
understood as resulting from daytime heating of the boundary
layer being limited by the ventilation resulting from strong
wind (e.g., Nugent et al. 2014). The distribution of daily rain-
fall within regions where mechanical forcing dominates is
also more uniform, with less contribution from extreme
days. This was noted byEspinoza et al. (2015)in the central
Andes and is con� rmed for regions studied here (Table 2).
Nevertheless, these regions still show substantial subseasonal
rainfall variations. The goal of this section is to determine
the factors governing these temporal variations of daily mean
precipitation.

a. Dynamic and thermodynamic predictors of daily
rainfall variations

The canonical picture of orographic rainfall highlights the
importance of the cross-slope vapor transport in governing
rain rates (Smith 2019). In a saturated atmosphere ascending
with velocity w, the column-integrated condensation rate is

C 5 2
� ‘

0
w

d(r qsat)
dz

dz: (1)

The water vapor density can be approximated as decreasing
exponentially with z, with a scale height Hsat. If u denotes
the surface horizontal wind and h the surface height, then
w(z 5 0) 5 u ? =h. In the simplest approximation where w is
vertically uniform, then

C 5
� ‘

0
(u? =h)

r qsat

Hsat
dz �

IVT ? =h
Hsat

, (2)

where IVT denotes the vertically integrated water vapor
transport. Setting precipitation equal to the product of C with

TABLE 1. Key information about the regions studied. Here and
in later tables, PNG refers to Papua New Guinea.

Region name
Rainy season

considered in this study
Nondimensional
mountain height

Western Ghats June–August 0.8
Myanmar June–August 0.8
Vietnam October –November 1
Malaysia November–December 0.5
Philippines November–December 0.3
PNG June–August 0.4

TABLE 2. Percentage of seasonal rainfall contributed by the
rainiest days (de� ned as days and locations where rainfall is
above the 90th percentile), in the whole region and within the
orographic rainband, for each region studied. The rainbands are
de� ned by the red dashed rectangles inFig. 3.

Region name Whole region Orographic rainband

Western Ghats 74 53
Myanmar 59 43
Vietnam 80 73
Malaysia 63 61
Philippines 76 66
PNG 70 55
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a precipitation ef� ciency, one sees that in this so-called up-
slope model, it is proportional to the cross-slope IVT. This
model has several shortcomings, including the assumption of
a saturated atmosphere and the oversimpli� ed vertical veloc-
ity parameterization. Nevertheless, it skillfully characterizes
temporal rainfall variations in some midlatitude mountain
ranges, as illustrated for the British Columbia coastal range in
Fig. 4; despite some scatter, daily precipitation rates in winter
are decently described by a linear relationship with cross-
slope IVT (hereafter IVT � ). Although the vertically uniform
ascent model for vertical velocity (w 5 u ? =h) is crude, it cap-
tures the simple fact that vertical velocities in convectively
stable orographic � ows are controlled by cross-slope wind.
Deviations from this simple picture, including effects of strati-
� cation, wind shear, and the speci� c dynamics of various types
of weather systems, yield the scatter.

In the tropics, where convective ascent is more important,
one might expect other factors than cross-barrier winds to
modulate ascent rates. Still,Bagtasa (2020)suggested that en-
hanced cross-slope winds in the Philippines associated with
certain phases of the MJO favored rainfall in late autumn.
Similarly, Shige et al. (2017)showed that rainfall in the West-
ern Ghats and the Arakan Yoma range of Myanmar was in
phase with the southwesterly wind strength modulated by the
BSISO. This suggests that cross-slope winds, and perhaps
cross-slope IVT, still are important controls on orographic
precipitation at low latitudes. Figure 5 (� rst and third col-
umns) shows the joint distributions of IVT � and precipitation,

as well as precipitation conditionally averaged on IVT� .2

While a positive relationship remains, it does not hold as
strongly as in the midlatitude winter case shown inFig. 4, with
numerous dry days associated with strong IVT� . Therefore,
we attempt to � nd another variable to characterize temporal
variations in tropical orographic rainfall, starting with thermo-
dynamic metrics that have been associated with convective
rainfall.

The question of what environmental factors set convective
precipitation rates is at the heart of any theory of tropical at-
mospheric dynamics. The QE hypothesis (e.g.,Emanuel et al.
1994) states that convection acts to deplete anomalies in con-
vective available potential energy (CAPE). This description
predicts the effect moist convection has on its environment,
consuming instability and setting vertical temperature pro� les
close to moist adiabats. However, it alone does not provide
information on convective intensity or precipitation rates,
given environmental conditions. One further development
stems from the observed exponential dependence of precipi-
tation rates on column moisture content (e.g., Bretherton
et al. 2004). The physical roots of this dependence lie in the
effect that entrainment of free-tropospheric air has on plume
buoyancy.

Seeking a uni� ed measure that would characterize rainfall
across the tropics,Ahmed and Neelin (2018) derived an ex-
pression for a lower-tropospheric averaged plume buoyancy
that only depends on environmental temperature and mois-
ture pro� les. Dividing the lower atmosphere in two layers, a
boundary layer (subscript B) and a lower-free-troposphere3

(subscript L ), this expression reads (Ahmed et al. 2020)

BL 5 g aB

ueB 2 u*
eL

u*
eL

2 aL

u*
eL 2 ueL

u*
eL

� �

, (3)

where g is the acceleration of gravity, ue is equivalent poten-
tial temperature (and u*

e its saturated value), and subscripts
denote averages taken over respective layers. The weightsaB

and aL 5 1 2 aB depend on the thickness of each layer and
the assumed mass� ux pro� le of the plume. We useaB 5 0.52
(as in Ahmed et al. 2020). The � rst term in (3) is a CAPE-like
term, wherein the difference between boundary layer ue and

FIG . 4. Joint distributions of daily cross-slope IVT and precipita-
tion in the coast range of British Columbia. Precipitation is aver-
aged over the orographic rainband (red box in the inset). Cross-
slope IVT (de � ned as its northeastward component) is averaged
immediately upstream of the precipitation maximum (blue dashed
box in the inset). The black dashed line shows the best linear� t. The
red dots represent conditionally averaged precipitation over bins of
width 80 kg m2 1 s2 1, with error bars representing a 95% con� dence
interval obtained by bootstrapping. The inset shows climato-
logical rain (IMERG) and 100 m wind (ERA5) averaged over
November–January.

2 Throughout this manuscript, conditionally averaging A on B
means averagingA over days whereB is in a given range of val-
ues. Where relevant, the ranges of values are defined in the fig-
ure captions.

3 Here, the boundary layer is defined as between the surface and
900 hPa, and the lower free troposphere between 900 and 600 hPa.
We chose these definitions (over using a fixed-depth boundary
layer and variable-depth lower free troposphere) so that lower-
free-tropospheric averages are not affected by surface elevation
changes. Points where the surface pressure is lower than 900 hPa
are masked out of all analyses. These represent a small fraction of
each domain and can be visualized as the white shaded regions in
Fig. 11. The analyses are robust to the exact definition of the
boundary layer top; changing it to 875 or 925 hPa does not signifi-
cantly affect any of the results presented. Moreover, daily varia-
tions in boundary layer height (as determined by ERA5) are
modest in the rain bands analyzed inFigs. 5–10, with standard devi-
ations lower than 15 hPa.
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lower-free-tropospheric u*
e provides a measure of moist con-

vective instability. The second term describes subsaturation of
the lower free troposphere, and quanti� es the ef� ciency of en-
trainment at reducing buoyancy by drying the plume (hence
the negative sign in front of it).

When conditionally averaged on BL [at O(10) km and hourly
scale], precipitation is near-zero for negative values and strongly
increases above zero buoyancy, a behavior reminiscent of its
exponential dependence on column moisture. The strength of
this precipitation-buoyancy relationship lies in its universality,
as it holds over all tropical oceans, and, with slight modi� ca-
tions, over tropical land (Ahmed et al. 2020). Using conditional
averages reduces the scatter in precipitation rates associated
with a given value of BL. This spread can be due to both sto-
chasticity or ignored physical effects (e.g., higher-order depen-
dencies on the vertical structure of environmental temperature
and moisture, or wind shear effects). Figure 5 (second and
fourth columns) shows the joint distribution of precipitation and
BL for each region, using daily-mean data spatially averaged
over the rainbands (red boxes inFig. 3). Spatially averaging the

nonlinear rainfall –BL relationship is expected to smooth out
the sharp increase around zero buoyancy; hence, we show expo-
nential � ts [rather than ramp � ts of the form max(0, aBL 1 b)]
with the joint distributions. We also show conditional averages
at various BL values. Plume buoyancyBL is more skillful than
IVT � at capturing daily rainfall variations in all regions except
perhaps Myanmar, where the range of BL is narrower than
in other regions (during the summer monsoon, the coast of
Myanmar is in a precipitating state most of the time). It is
notable that BL characterizes rainfall with similar accuracy
in regions that have different convective vertical structures
(Kumar and Bhat 2017; Shige and Kummerow 2016). This in-
dicates that BL is not only suitable to quantify rainfall from
deep convection, but that it is also an adequate measure in re-
gions where precipitation tops frequently lie around 4–6 km.
We next decompose variations inBL into contributions from
its components to understand the origins of precipitation var-
iability in tropical orographic regions.

Note that BL is a function of three variables: ueB, ueL, and
u*

eL [Eq. (3)]. Alternatively, following Ahmed et al. (2020),

FIG . 5. Joint distributions of daily cross-slope IVT and precipitation ( � rst and third columns; green colors) and BL and precipitation
(second and fourth columns; red colors). Here,BL and precipitation are averaged spatially over the rainband regions (red boxes inFig. 3).
IVT is averaged right upstream of the rainband regions (blue boxes in Fig. 3). The cross-slope direction is de� ned as 708 (Ghats),
608(Myanmar), 2408(Vietnam), 2258(Malaysia), 2258(Philippines), and 3208(PNG). Linear � ts (for the IVT –precipitation relation) and
exponential � ts (for the BL–precipitation relation) are shown as dashed lines, with the associated coef� cients of determination in the
legend. The black dots represent conditionally averaged precipitation over bins of width 80 kg m2 1 s2 1 (for IVT) and 0.03 m s2 2 (for BL),
with error bars representing a 95% con� dence interval obtained by bootstrapping.
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it can be viewed as a function ofueB, TL , and qL , where T is
temperature and q denotes speci� c humidity, hereafter in
temperature units (i.e., multiplied by the ratio of the latent
heat of vaporization of water L y to the heat capacity of air at
constant pressurecp). In this description, plume buoyancy is
affected by boundary layer ue (which affects lower-tropospheric
stability), lower-free-tropospheric temperature (affecting both
stability and lower-free-tropospheric subsaturation) and lower-
free-tropospheric moisture (affecting only the subsaturation
component). To evaluate the sensitivity of BL to each compo-
nent, we linearize its expression:

dBL 5
� BL

� ueB

dueB 1
� BL

� TL

dTL 1
� BL

� qL

dqL , (4)

where d denotes a deviation from a time average,� BL /� ueB 5
gaB/u*

eL, and the expressions for� BL/� TL and � BL/� qL are given
in Ahmed et al. (2020) (these expressions were derived from
a simpli� ed version of BL that is very close to the one em-
ployed here). Here, we use � xed values of � BL /� ueB 5
0.014 m s2 2 K2 1, � BL/� TL 5 2 0.058 m s2 2 K2 1, and� BL/� qL 5
0.014 m s2 2 K2 1, which have little dependence on the speci� c
base state considered.

Figure 6 examines the contribution of each term on the
right-hand side of (4) to variations in BL , over the Western
Ghats and PNG. For example, to estimate the contribution of
ueB variations to BL variations, we � x TL and qL and estimate
the BL perturbations that would have occurred if only ueB had
varied, i.e., (� BL /� ueB)dueB. We regressdBL on this measure
and show the joint distribution of both quantities (top panels),
then repeat the same analysis with (� BL /� TL )dTL (middle
panels) and (� BL /� qL )dqL (bottom panels). It is apparent
from these univariate linear regressions thatqL dominates BL

variations in both regions. This is true even though BL is
4 times more sensitive toTL (|� BL /� TL | � 4� BL /� qL ). Indeed,
variations of qL are less constrained than those ofTL : lower-
free-tropospheric temperature anomalies are quickly smoothed
in the tropics by gravity waves, resulting in a state of weak
temperature gradients (e.g.,Sobel et al. 2001). Over the Western
Ghats, TL variations still account for 28% of the variance in BL,
while ueB variations do not correlate with BL . In PNG, the
converse picture holds. Figure 7 shows the coef� cients of
determination ( R2) of the regression lines that appear inFig. 6,
extended to all regions. In addition, we perform bivariate linear
regressions ofdBL againstueB and TL, ueB and qL, and TL and
qL (we omit � BL/� ueB and other prefactors as these only change
the regression coef� cients, and not theR2). From the univariate
regressions alone, there seem to be two types of behavior:
one where buoyancy variations are controlled by lower-free-
tropospheric thermodynamic quantities (the Western Ghats and
Myanmar), and the other where boundary layer ue and lower-
free-tropospheric moisture set these variations (Vietnam,
Malaysia, the Philippines, and PNG). However, the bivariate
regressions show that in all regions,TL and qL account to-
gether for the highest fraction (over 85%) of the variance in
BL. Consistently, the rest of this section focuses primarily on
the factors governingTL and qL variations.

An important caveat is that the three variables that control var-
iations in lower tropospheric buoyancy BL are not independent of

each other. In QE theory, convection rapidly reduces CAPE
variations, tying free-tropospheric saturation equivalent
potential temperature u*

e to subcloud layer equivalent poten-
tial temperature ueB. Thus, one expectsueB and TL to exhibit
substantial correlation. Indeed, correlation coef� cients
between daily ueB and TL averaged over the orographic pre-
cipitation bands vary between 0.7 and 0.9 in all regions. How-
ever, this relationship only indicates that ueB and u*

eL covary,
and does not provide insight into BL variations becauseBL de-
pends onueB 2 u*

eL, as in(3). Additionally, turbulent exchange
between the subcloud layer and the lower free troposphere
produces smaller correlations (0.3–0.6) between daily ueB and
qL variations. TL and qL are essentially uncorrelated across all
regions.

FIG . 6. Joint distributions of buoyancy anomalies dBL and their
contribution from (top) ueB anomalies, (middle) TL anomalies, and
(bottom) qL anomalies for two regions illustrating different re-
gimes: (left) the Western Ghats and (right) PNG. For each plot,
dBL is also regressed on the individual contribution (� BL /� V)dV
where V 5 ueB, TL , or qL . Black dashed lines show the best� t lin-
ear regression.
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To link this analysis back to precipitation variations, we
compute correlations between daily values of rainfall and
each of ueB, TL , and qL upstream of each of the mountain
ranges studied (Table 3). These correlations are only a crude
measure of the association of each component with precipi-
tation, given that the precipitation –buoyancy relationship is
expected to be nonlinear. Nevertheless, a few of the obser-
vations made above hold: qL has the strongest association
with precipitation, TL anomalies are negatively associated
with precipitation (recall that � BL /� TL , 0), and ueB has a
weak positive association with rainfall.

b. Controls on daily ueB variations

In this work, the boundary layer extends between the
900-hPa level and the surface} which loosely corresponds
to the subcloud layer. Boundary layer ue, or equivalently
subcloud entropy, is set by exchanges with the surface and
the lower free troposphere, with a small contribution from
radiative cooling (Emanuel et al. 1994). Entropy exchanges
at the top of the boundary layer are twofold: one contribution
being in the form of quasi-continuous turbulent mixing across
the top of the layer, the other one arising from penetrative
convective downdrafts. Over ocean, sea surface temperature
(SST) is often the dominant quantity affecting subcloud en-
tropy (e.g., Lindzen and Nigam 1987). Because the orographic
rainbands of interest in this section are in close proximity to
the sea, one might expect SSTs to exert a strong control on
ueB. We verify this fact in Table 3: SST strongly correlates
with ueB at the daily scale, with correlation coef� cients be-
tween 0.5 and 0.8 in all regions.

Other factors such as surface wind speed variations or con-
vective downdrafts contribute to variations in ueB on shorter
time scales than SST changes. Because there is no clear

in� uence of orographic mechanical forcing on any of these
factors, we do not delve deeper into this topic.

c. Controls on daily lower-free-tropospheric
temperature variations

Topographically forced gravity waves carry temperature
perturbations. In the canonical picture of mechanical oro-
graphic forcing, a mountain of height hm is placed in a strat-
i� ed atmosphere (with buoyancy frequencyN) with a uniform
background horizontal wind U. When the nondimensional
mountain height Nhm/U� 1, the � ow ascends over the moun-
tain, creating (by adiabatic cooling) a cold anomaly in the
lower-free-troposphere upstream. The stronger the wind, the
deeper the ascent region, hence the colder the anomaly.
In the case of an idealized ridge of height 1 km, the sensitivity
of the temperature perturbation to the impinging wind is (see
the appendix)

� T �
L

� U
� 2 0:2 K (m s2 1)2 1: (5)

We now seek to verify whether TL variations in our regions
have patterns that are consistent with this picture. Figure 8
shows time-meanTL maps in all six regions. Cold anomalies
(of around 0.5 K) are visible in each region’s rainband, indi-
cated by poleward (in the Western Ghats and Myanmar) or
equatorward (in Vietnam, the Philippines, and PNG) excur-
sions of isotherms upstream of and above the topography.
These anomalies are consistent with the idea of upstream
cooling by orographic lifting in the mean state. To study tem-
poral variations in the strength of this cool anomaly, we aver-
ageTL upstream of each mountain range to obtain daily time
series. Because the mountains are of modest height in each re-
gion, we expect mountain waves to be dominantly affected by
winds in the lowermost kilometer of the troposphere. We thus
average horizontal winds within the boundary layer and regress
them on the TL time series at each location. The resulting
wind vectors are multiplied by 2 1 so that onshore cross-slope
� ow corresponds to negative temperature perturbations, and
shown in Fig. 8. If our simple estimate (5) were to hold,
regressed winds would have a magnitude around 5 m s2 1 K2 1

for a 1-km-high mountain.

FIG . 7. Coef� cients of determination (R2) from linear regressions
of dBL against its individual contributions from ueB, TL, and qL

anomalies (seeFig. 6), as well as joint contributions from pairs of
these variables. Note that despite differences in the univariateR2

across regions (withueB anomalies accounting for more variance in
BL than TL anomalies in a univariate sense), the (TL, qL) pair ex-
plains the highest fraction of variance in dBL in all regions.

TABLE 3. Correlations between daily precipitation ( P) and
the three quantities affecting plume buoyancy (ueB, TL , and qL),
and between daily SST and boundary layer equivalent potential
temperature ueB. Precipitation, ueB, TL , and qL are averaged
over the red boxes in Fig. 3, and SST is averaged over the ocean
part of each box.

Region name P 2 ueB P 2 TL P 2 qL SST 2 ueB

Western Ghats 0.19 2 0.15 0.56 0.80
Myanmar 0.16 2 0.18 0.30 0.53
Vietnam 0.23 0.03 0.53 0.61
Malaysia 0.17 2 0.18 0.51 0.69
Philippines 0.12 2 0.06 0.50 0.56
PNG 0.15 2 0.15 0.51 0.60
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The wind regressions are directed onshore and cross-slope in
each region, which is again consistent with the idea thatTL is
modulated by the strength of stationary mountain waves. Further-
more, the magnitude of the regression vectors upstream of each
region (except Myanmar) is around 2–5 m s2 1 K2 1, consistent
with (5). It is apparent from Fig. 8 (especially in the Philippines,
Vietnam, and PNG) that cold anomalies are also associated with
up-temperature-gradient winds: background temperature gra-
dients are not everywhere small in these tropical regions, and ac-
cordingly cooling can happen through horizontal advection.

d. Controls on daily lower-free-tropospheric
moisture variations

Given the dominant control qL exerts on lower tropospheric
buoyancy (Fig. 6), understanding drivers of its temporal
changes is key to understanding rainfall variations. In the same
way they bear temperature anomalies, mountain waves carry
moisture perturbations through vertical displacements in a
background pro� le of speci� c humidity. Rising air upstream of
a mountain moistens the lower free troposphere, while down-
stream subsidence dries it. The magnitude of this effect is esti-
mated using linear mountain wave theory in the appendix. In
this idealized picture, the sensitivity of the upstream moisture
perturbation to the cross-slope wind is

� q�
L

� U
� 0:5 K (m s2 1)2 1: (6)

Once again, this effect neglects any convective response:
mountain-induced TL and qL perturbations result in enhanced
convection, which, in turn, dries the troposphere. A frame-
work to understand the response of convection to thermody-
namic perturbations in a mountain wave is presented in
section 6. Solving for q�

L in this framework reduces the sensi-
tivity in (6) by about half.

In the absence of horizontal gradients in the background
moisture pro� le, qL perturbations would be dominantly due
to the time-mean ascent perturbation imposed by the terrain,
which is well described by stationary mountain waves for a
mechanically forced regime (NB22). In Earth ’s tropics, how-
ever, water vapor is far from horizontally homogeneous. This
is apparent in Fig. 9, where color shading represents the time-
meanqL in each region: horizontal moisture gradients are much
stronger than TL gradients. Although the impact of orography
on the mean qL distribution is less apparent compared to TL

(because of the stronger backgroundqL variations), it seems to
be associated with moisture contours deviating southward in
Myanmar and northward in the Philippines (corresponding to
positive anomalies); a local maximum is also present over PNG.
Given the background horizontal moisture gradients and the
moisture perturbations around orography in Fig. 9, one might
expect variations in qL to be in� uenced by both winds along the
background moisture gradient and winds across orographic slopes.

The vectors in Fig. 9 show horizontal winds regressed on
upstream-averagedqL . In the Western Ghats and Myanmar,

FIG . 8. Boundary layer horizontal wind regressed on lower-free-tropospheric temperature (TL; averaged in the dashed boxes). The
result is multiplied by 2 1 so that upslope� ow is associated with negative temperature perturbations. The color shading shows seasonal-
mean TL. Arrows are masked where neither the u wind regression nor the y wind regression satisfy the false discovery rate criterion
(Wilks 2016) with a 5 0.01.
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moist perturbations are mostly associated with cross-slope
winds, following the theoretical picture of mechanical forcing.
The magnitude of the regressions (1–2 m s2 1 K2 1) is somewhat
smaller than expected from(6); one would expect 2–4 m s2 1 K2 1

when accounting for the correction due to convective feedback
(see above). The fact that both negativeTL and positive qL

perturbations} hence positive BL perturbations} are favored
by cross-slope winds in the Ghats and Myanmar explains why
IVT � characterizes precipitation better there than in other re-
gions (Fig. 5).

In Vietnam, Malaysia, and the Philippines, regressed winds
have little cross-slope� ow component: they are mostly directed
down mean moisture gradients. In these regions, moistening of
the lower free troposphere thus seems to be more effectively
attained through large-scale horizontal moisture advection
than mechanical forcing of upslope � ow. This result contrasts
with the intuitive view that mechanically forced orographic
precipitation and accompanying lower-tropospheric humidity
variations are mostly controlled by forced ascent, i.e., by the
strength of upslope � ow. It shows that, despite its importance
in setting the time-mean rainfall pattern, orographic forcing
might be less important than large-scale horizontal moisture
advection in setting the daily variability of precipitation in these
regions. Such control of precipitation by large-scale advection of
moisture in the midtroposphere was noted over the Arabian
Sea during the summer monsoon (Hunt et al. 2021) and in
northern Australia during its monsoon season (Xie et al. 2010).

The regression pattern in PNG is neither cross-slope nor
down-moisture-gradient. Indeed, the orographic rainband of

PNG corresponds to a local maximum in lower-tropospheric
speci� c humidity. Although we do not have a precise explana-
tion for this pattern of wind anomalies, one may speculate that
it is associated with large-scale upward motion in the South
Paci� c convergence zone (SPCZ), where PNG is located.

We note that moistening of the lower troposphere is not
solely controlled by horizontal winds, and that any source of
uplift, such as convectively coupled waves or cyclonic distur-
bances, will affectqL . In this section we focused on horizontal
wind control because horizontal winds dictate the strength of
uplift in stationary mountain waves, and are consequently a
primary factor modulating the effect of orography on qL

variations.

e. Controls on daily precipitation variations

To verify whether the same factors that govern lower-free-
tropospheric temperature and moisture control rainfall var-
iations, we now regress horizontal wind on daily upstream
precipitation in each region (Fig. 10; upstream precipitation is
de� ned as an average over the same boxes we previously used
to de� ne the rainbands). Enhanced rainfall is associated with
some amount of upslope � ow in all regions, con� rming the
importance of orographic mechanical forcing in in� uencing
precipitation variability there. Deviations from pure upslope
� ow (especially in Vietnam, Malaysia, the Philippines, and
PNG) are consistent with the wind patterns that accompanyqL

variations (see Fig. 9), that is, down-moisture gradient winds.
This con� rms the joint control of orographic lifting and large-

FIG . 9. Boundary layer horizontal wind regressed on lower-free-tropospheric moisture (qL , averaged in the dashed boxes, in temperature
units). The color shading shows seasonal-meanqL. Arrows are masked using the same criterion as inFig. 8.
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scale moisture advection on orographic precipitation variability
in the tropics.

Color shading in Fig. 10 shows precipitation regressed on
this same upwind precipitation index. The existence of areas
of weak positive association with the upwind rain index that
are much wider than the orography indicate that orographic
rainfall is partially controlled by large-scale, “ background”
precipitation variations. The stronger regression coef� cients
localized close to and preferentially upstream of the orogra-
phy suggests the existence of an orographic mode of precipita-
tion variability in each region. Patterns of positive association
extend several hundred kilometers upstream of the regions
used to de� ne the rainfall index, as expected given the far-
reaching in� uence of mechanical forcing upstream of a ridge
(NB22).

5. Spatial distribution of buoyancy around orography

Strong spatial gradients are a ubiquitous characteristic of
orographic rainfall. All regions in Fig. 3 exhibit a windward
rainfall peak and a leeward rain shadow less than 200 km
apart, with seasonal-mean precipitation rates varying from
more than 15 mm day2 1 to less than 5 mm day2 1 on short dis-
tances. The buoyancy framework presented insection 4natu-
rally applies on short (hourly to daily) temporal scales, as
buoyancy anomalies are consumed in a few hours (Ahmed
et al. 2020). Here, we explore its potential to explain precipi-
tation patterns on much longer time scales. Speci� cally, we

explore whether seasonal-mean spatial features of orographic
precipitation follow the spatial distribution of time-averaged
buoyancyBL .

The precipitation –BL relationship was initially introduced
as a nonlinear statistical relationship holding at short spatial
and small temporal scales (Ahmed and Neelin 2018). It is sta-
tistical in the sense that a single value ofBL corresponds to a
range of precipitation rates} the relationship appears when
conditionally averaging precipitation. Taking time averages is
thus favorable in that it eliminates the underlying stochastic-
ity. However, averaging over a nonlinear relationship may
yield a nonunique mapping between time-mean precipitation
P and time-mean buoyancyBL . For example, it appears from
Fig. 5 that the orographic rainband upstream of Myanmar has
a narrower distribution of BL than other regions. This sug-
gests that BL values in that region may be higher than in
other places with comparable rain rates (e.g., upstream of the
Western Ghats or PNG). Nonetheless, one might still expect
a monotonic relationship between BL and P, perhaps with
variations across regions.

We compute BL from ERA5 temperature and moisture
data at 0.258 and daily resolution, then average temporally
over each region’s rainiest season (seeTable 1) for 20 years.
The resulting maps are shown in Fig. 11. We note that the
boundary layer top is taken as the 900-hPa level, which
ignores spatial variations in boundary layer depth. Including
these variations (using ERA5 estimates of boundary layer
depth; not shown) does not affect the results presented here.

FIG . 10. Boundary layer horizontal wind regressed on precipitation averaged in the dashed boxes. The color shading shows precipitation
regressed on this same index. Masked arrows and white shading indicate that the regressions do not satisfy the false discovery rate crite-
rion with a 5 0.01.
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Spatial features on these maps are broadly consistent with the
maps of mean precipitation in Fig. 3. A distinct peak is visible
upwind of each orographic barrier, with decreasedBL values
in the lee: this con� rms that mechanical forcing spatially dis-
tributes precipitation in a manner consistent with its effect on
the temperature and moisture � elds. This effect was already
noted in section 4 in the maps of time-averaged TL and qL

(Figs. 8and 9, where upstream cold anomalies were present in
all regions, and moist anomalies in several regions). TheBL

peaks are collocated with rainfall peaks (seeFig. 3) in all re-
gions. One small exception is the easternmostBL peak in
Myanmar, which extends farther inland than the observed
precipitation maximum. We note that the ERA5 precipitation
distribution (not shown) follows the BL pattern, with higher
values than TRMM PR/GPM DPR inland. This may indicate
that the reanalysis does not accurately represent the underly-
ing BL distribution there.

Except for the special case of Myanmar, rain shadows are
consistent with the time-mean buoyancy distribution. Reduced
values of BL , mostly associated with a warmer and/or drier
lower troposphere, are visible downstream of the mountain
ranges, consistent with the expected effect of gravity wave
subsidence there. In the Western Ghats and in PNG,BL does
not drop as sharply as precipitation downstream of the rainfall
maximum. Once again, ERA5 precipitation (not shown)
partly re� ects this fact, with overestimated rainfall values es-
pecially downstream of PNG. This could mean that ERA5
underestimates the warm and dry anomalies resulting from
mechanically forced subsidence there (perhaps because the

topography is under-resolved). Alternatively, the BL frame-
work may only partially account for the suppression of pre-
cipitation in rain shadows. Convection may be affected by
higher-order variations in the vertical structures of tempera-
ture and moisture, or by neglected dynamical effects (e.g.,
mountain lees are regions of strong wind shear).

6. A linear model for seasonal-mean tropical orographic
precipitation

Section 5 suggests that the spatial organization of tropical
orographic rainfall is adequately captured by the time-mean
plume buoyancy distribution. However, we have yet to quan-
tify the effect of orography on this distribution. Here, we
delve further into the physical drivers through which orogra-
phy in� uencesBL and sets the strength and location of rainfall
peaks and rain shadows. We use a simple theory that solves,
for any topographic shape, the time-mean temperature and
moisture anomalies carried by a stationary mountain wave
(including convective feedback on the moisture anomalies) to
estimate the time-mean precipitation distribution. The model
describes mechanically forced rainfall in tropical regions, and
neglects thermal forcing and Earth’s rotation. We compare its
predictions with observations and with two existing theories
for mechanically forced orographic rainfall.

a. Derivation

The theory we present closely follows the one developed in
NB22, but extends it to two horizontal dimensions. We give

FIG. 11. Maps of seasonal-mean plume buoyancyBL. The 500-m topography contour is shown in magenta. White shading represents unde-
� ned BL values, wherever the surface pressure is lower than 900 hPa.
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an outline of the derivation, and refer readers to that work for
more details. A low-latitude domain with topography h(x, y)
has a constant background windu0 5 (u0, y0) and Brunt –
Väisälä frequency N. The � ow is decomposed as the sum of a
basic state, a “ dry” mode (which carries temperature and
moisture perturbations from a stationary mountain wave) and
a “ moist” mode (which consists of a convective response to these
perturbations). The dry mode in� uences the moist mode by alter-
ing convective heating and moistening, which are parameterized
as functions of lower-tropospheric temperature and moisture fol-
lowing the BL framework, but the moist mode does not affect
the dry mode. This simplifying assumption allows for analytical
tractability, and was tested in NB22; idealized simulations
showed that the moist mode does reduce the temperature pertur-
bations carried by the dry mode, but that this effect is of second-
order importance. In this section only, temperature and moisture
are in energy units (compared to the previous sections, they are
multiplied by cp), for consistency with NB22.

Steady-state thermodynamic and moisture equations for
the moist mode read as follows:

u0 ? =Tm 1 v m

ds0

dp
5 Qc 2 R, (7a)

u0 ? =qm 1 v m

dq0

dp
5 Qq 1 E, (7b)

where s0(p) and q0(p) are the background dry static energy
pro� le and moisture pro� le (in energy units). The terms Qc

and Qq denote convective heating and moistening, whileR
and E are radiative cooling and surface evaporation rates.
Also, v is the pressure velocity, and the subscriptm is used
for moist mode quantities (we will similarly use a subscript d
for dry mode properties), so Tm and qm are, respectively, the
moist mode temperature and moisture perturbations.

We use the weak temperature gradient approximation for the
moist mode, which implies that Tm is horizontally uniform. This
allows us to setTm 5 0: one can add any horizontally uniform
nonzero Tm(p) to the reference pro� le T0(p), hence resulting in
Tm 5 0. Truncating the vertical velocity pro � le asv m(x, y, p) 5
v 1(x, y)V(p), where V is a � xed vertical pro� le, and vertically
averaging over the depth of the troposphere yields

2 v 1Ms 5 hQci 2 hRi , (8a)

u0 ? =hqmi 1 v 1Mq 5 hQqi 1 hEi , (8b)

where Ms 5 2 hV� s0/� pi , Mq 5 hV� q0/� pi , and h?i denotes a
vertical average in pressure coordinates.M 5 Ms 2 Mq is
known as the gross moist stability, andM/Ms as the normalized
gross moist stability (NGMS; Raymond et al. 2009).

Following Ahmed et al. (2020), the precipitation–BL rela-
tionship is linearized (and boundary layer ue is assumed constant),
yielding

hQci 5
q�

L

t q

2
T�

L

t T

5
qdL 1 qmL

t q

2
TdL

t T

, (9)

where qdL and qmL are lower-free-tropospheric moisture per-
turbations carried by the dry and moist modes, TdL is the dry

mode temperature perturbation (recall Tm 5 0), and the con-
vective time scalest T and t q are constants appearing from the
linearization. For seasonal-mean rainfall, these are taken as
t T 5 7.5 h andt q 5 27.5 h, a factor 2.5 higher than their values
when used to represent precipitation at the hourly scale. Because
the vertical structure of moisture perturbations is horizontally
uniform, qmL and hqmi are proportional to each other; we there-
fore de� ne an adjustment time scale for vertically averaged
moisture, t̃ q 5 0:6t q such thatqmL /t q 5 hqmi /t̃ q.

We now use conservation of energy to relate convective
heating, moistening, and precipitation by

hQci 5 2 hQqi 5
r wL y g

pT
P, (10)

where pT 5 800 hPa is the depth of the troposphere and
r w 5 1000 kg m2 3 is the density of water. The � rst factor on
the right-hand side converts a precipitation rate (in m s2 1 or
mm day2 1) into a convective heating rate (in J kg2 1 s2 1). We
henceforth de� ne b 5 pT/(r wL yg). Using this de� nition and
combining (8a), (8b), (9), and (10), we derive an equation for P:

u0 ? =P 1
NGMS

t̃ q

(P 2 P0) 5 bu0 ? =
qdL

t q

2
TdL

t T

� �

, (11)

where P0 5 b[(MshEi 2 MqhRi )/M] is a background rain rate.
The right-hand side of Eq. (11) represents a forcing of convec-
tion by the dry mode. The second term on the left-hand side
represents convective relaxation: precipitation forced by the
cool and moist perturbations of the dry mode dries the lower
free troposphere, which in turn relaxes rainfall back toward
the background rate P0. The reverse process happens when
precipitation is suppressed by warm and dry perturbations.
This process happens on a length scaleL q 5 t̃ q|u0|/NGMS.
We note that this framework is suitable for various vertical
structures of convection, and that changes in the vertical
structure V(p) only affect the solutions through the NGMS.
Remarkably, solutions can be obtained with negative NGMS
(which typically results from bottom-heavy vertical motion
pro� les; e.g.,Back and Bretherton 2006). In these cases, con-
vection ampli� es (rather than damps) the precipitation per-
turbation forced by the dry mode.

Solving for TdL and qdL using mountain wave theory allows us
to map a given topographic shape to the associated precipitation
distribution using a Fourier transform. In the dry mode, moisture
is conserved and there are no diabatic processes. Hence, horizon-
tal advection terms are balanced by vertical advection:

u0 ? =
qdL

t q

2
TdL

t T

� �

5 wdL
1
t T

ds0

dz
2

1
t q

dq0

dz

� �

, (12)

where wdL is the vertical velocity of the dry mode (we use
height coordinates in the spirit of linear mountain wave theory).
We de� ne

x 5 b
1
t T

ds0

dz
2

1
t q

dq0

dz

� �

(13)
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