
1.  Introduction
The fate of water in mountains involves flow pathways through reservoirs with different physical properties 
and capacities (Alley et al., 2002; Oki & Kanae, 2006). Accurate water budget estimation requires knowl-
edge of these reservoirs and their connections, specifically of groundwater storage dynamics in response to 
precipitation inputs and its export to discharge. Most water in rivers has an age of years to decades (Gleeson 
et al., 2016; McGuire & McDonnell, 2006), which suggests that it has spent a significant amount of time 
in storage. This “old” water concept is especially relevant in steep mountain catchments, where deeper 
vertical infiltration seems more prevalent than direct runoff (Jasechko et al., 2016). It is widely accepted 
that these mountain areas act as water towers that supply essential fresh water resources downstream. The 
prime example is the Himalayan Range, which provides water for ∼800 million people in the Indus, Ganges, 
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Plain Language Summary The Nepal Himalayas supply essential water resources to a 
large part of the population of South Asia. Most of this water drains through a mountain groundwater 
reservoir that is poorly constrained. In steep landscapes, this reservoir is continuously losing water 
due to gravitational pull. Understanding how the reservoir fills and drains is crucial to the assessment 
of its sustainability and projection into the future with respect to global climate change. However, the 
relevant subsurface processes are generally challenging to observe due to limited access to the subsurface, 
particularly in steep mountain landscapes. We have used seismic ambient noise, ground vibrations 
continuously recorded by seismometers, to monitor the groundwater dynamics on a spatially integrated 
scale in a Himalayan valley. We show that the moisture content of a shallow layer controls the transfer 
of precipitation into the deeper groundwater reservoir during the Indian monsoon seasons. Our study 
highlights the need to anticipate the effects of changes of land use, soil cover conditions and rainfall 
regime, due to climate change, to better predict the future of freshwater resources in mountain landscapes.
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and Brahmaputra basins. The evolution of this resource is often viewed through the prism of glacier melt 
(Immerzeel et al., 2010; Viviroli et al., 2007), whereas the larger and more ubiquitous mountain groundwa-
ter reservoir has received less attention. With ∼2/3 of the annual river discharge in the Nepal Himalayas 
coming from groundwater (Andermann et al., 2012), understanding the key controls on this reservoir is 
essential for projecting the future of mountain water resources in the light of global climate change and 
increasing hydropower and land use. However, constraints on groundwater recharge and dynamics in this 
area and more generally in mountainous landscapes are rare due to the scarcity of ground observations in 
steep remote locations.

Before reaching groundwater and ultimately streams, precipitation must generally first pass through the 
unsaturated superficial zone of the subsurface (vadose zone), which suggests that any change in physical 
conditions within this shallow layer may modulate groundwater recharge and runoff. In steep catchments, 
the importance of this conditioning for controlling hydrological fluxes is often debated due to the lack of in-
strumentation and contradicting observations. A first string of studies have shown that hydrological fluxes 
in steep catchments are mainly controlled by the presence of a fractured bedrock basement in these loca-
tions that promotes fast flow and efficient infiltration to the groundwater table, therefore quickly bypassing 
the vadose zone (Andermann et al., 2012; Katsura et al., 2008; Padilla et al., 2014, 2015; Salve et al., 2012; 
Zillgens et al., 2007). This preferential flow path along fractures has been reported to cause an important 
volumetric contribution of bedrock groundwater to both the baseflow and stormflow component of dis-
charge in these studies. This observation could also explain the weak dependence of groundwater recharge 
and runoff dynamics with subsurface conditions and the soil/sediment cover (Padilla et al., 2014, 2015; 
Salve et al., 2012). Nevertheless, a few studies have also shown that hydrograph response to precipitation 
is dependent on initial baseflow and various preconditions in the vadose zone. Such preconditions include 
current soil wetness that determines soil hydrological conductivity (Tani, 1997) or a finite water storage ca-
pacity in the regolith which modulates the transfer of precipitation to rivers and to deeper reservoirs (Mont-
gomery et al., 1997; Onda, 1989). Recent research has shown that a significant volume of water stored in the 
regolith is in fact “rock moisture” that is trapped below the soil layer in the unsaturated weathered layer of 
bedrock (Rempe & Dietrich, 2018; Salve et al., 2012). In this study, we will use the term subsurface moisture 
reservoir for all exchangeable water in the vadose zone, encompassing soil and rock moisture. Because this 
reservoir can represent a significant part of seasonal dynamic storage (Dralle et al., 2018) and is located 
above the groundwater table, it has been shown to buffer groundwater recharge by precipitation and hinder 
runoff in a steep (32°) 4 km2; hillslope in the Northern California Coast Ranges (Rempe & Dietrich, 2018). 
However, a very limited effect of subsurface moisture on groundwater storage and discharge has also been 
reported close to the same study site due to the previously mentioned fracture pathways (Salve et al., 2012). 
This discrepancy in the literature raises the question of the relevance of the subsurface moisture for regu-
lating water transfers at larger scales, as this control is generally observed locally on rather small hillslopes. 
In this study, we hypothesize that the highly variable conditions in subsurface moisture due to the monsoon 
seasonality in the Nepal Himalayas regulate groundwater recharge and runoff generation at the catchment 
scale and thus control the annual availability of hydrological resources downstream.

To track subsurface water in a spatially integrated way in remote locations where standard techniques and 
data may be limited, new approaches are needed for monitoring groundwater dynamics. Here, we use non-
invasive seismic interferometry, based on data from broadband seismometers. From ambient seismic noise 
correlations, seismic interferometry retrieves relative seismic velocity changes (dv/v) in the subsurface, 
allowing for the monitoring of rock properties through time (Gassenmeier et al.,  2016; Lobkis & Weav-
er, 2001; Sens-Schönfelder & Wegler, 2006). Because fluid content in rocks affects elastic moduli and there-
fore seismic velocity, seismic interferometry can be used to estimate relative groundwater storage evolution 
(Clements & Denolle,  2018; Kim & Lekic,  2019; Lecocq et  al.,  2017; Sens-Schönfelder & Wegler,  2006). 
This method is sensitive at the mesoscale (101–102 m, length scale of the 3D volume of influence), allowing 
for spatially integrated monitoring of the groundwater system and its dynamics. Thus, it bridges the gap 
between point-based well measurements and larger scale methods such as catchment scale hydrograph 
analysis or satellite-based gravimetry. It also avoids possible observational artifacts compared to piezometric 
measurements, where borehole installation often alters the subsurface condition.
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We have used seismic interferometry to study groundwater dynamics in the Himalayas, focusing on the 
Bhote Koshi catchment in Nepal (Figure 1a). Like most catchments in the central Himalaya, the Bhote 
Koshi receives up to ∼80% of its annual precipitation during the Indian Summer Monsoon (Bookhagen & 
Burbank, 2010). We analyzed ∼2.5 years of seismic data, covering three monsoon seasons, recorded at two 
seismic stations (Figure 1a). Listi station was located at 2,310 masl., near a ridge crest with steep flanks 
(slope of ∼80%), and ∼1,100 m above the Chaku station, which was located on a bedrock terrace 75 m above 
the Bhote Koshi River. Both stations are underlain by sheared metasedimentary rocks of the Lesser Hima-
layan series, below a layer of regolith and colluvium. To resolve interactions between precipitation, subsur-
face moisture, groundwater, and river discharge in this typical mountain setting, we combined the obser-
vations from these stations with complementary measurements (Figure 1a). Soil moisture sensors installed 
in the surface layer (0–20 cm depth) were located at both seismic stations and precipitation was measured 
at six weather stations. In addition, we measured the flow stage height of the Kahule Khola upstream of its 
confluence with the Bhote Koshi River using a pressure sensor. This stream drains a ∼35 km2, glacier-free 
catchment, the flow of which reflects the drainage of the instrumented ridge by which it is bounded. At the 
stage gauge, stream water samples were taken twice a week from January 2016 to October 2018. The stable 
oxygen isotope ratio (δ18O) of these samples was measured as a tracer for seasonal water input variations 
and to probe for evaporative loss. Finally, we extracted the normalized difference vegetation index (NDVI) 
from MODIS multi spectral imagery. NDVI is generally correlated with soil moisture (Taktikou et al., 2016) 
and is a good proxy for vegetation activity and transpiration (Ichii et al., 2010; Running & Nemani, 1988). 
This multi-proxy approach allowed us to assess the temporal evolution of groundwater storage, and re-
vealed the first-order importance of subsurface moisture in regulating groundwater recharge and baseflow 
release during the monsoon in the Nepal Himalayas.

2.  Materials and Methods
Precipitation was measured at six locations using fully automated VAISALA WXT510 Weather Transmit-
ters (Figure 1a). All weather parameters were logged at 1-min intervals. To obtain a representative time 
series and account for potential orographic effects, all six precipitation measurements were interpolated in 
a square box extending ∼10 × 10 km by applying a Voronoi-Thiessen tessellation on the daily precipitation 
sums (Figure S1). The aggregated precipitation time series represents the spatial mean precipitation of the 
integration area. Stations with missing data at certain dates were not used for spatial interpolation. We used 
the dirichlet(X) function in the R spatstat package. Because most of the Kahule Khola catchment lies under 
3,000 m altitude (Figure 1b), snowfall is neligible at our field site (Putkonen, 2004).
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Figure 1.  (a.) Map showing the Bhote Koshi observatory. Red triangles indicate the sites that contain seismic stations, soil moisture sensors and precipitation 
gauges. Yellow circle in the Kahule Khola tributary indicates the hydrometric station where stage height and δ18O are measured. Green triangles are additional 
weather stations used for estimating average precipitation. Red square in inset shows location of the observatory in Nepal. BK: Bhote Koshi river. (b.) 
Hypsometric curve of the Kahule Khola catchment. Symbols on the right axis of the plot represent the elevation of the stations relatively to the Kahule Khola 
hypsometry.
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Relative river stage height of the Kahule Khola river was measured ∼100 m upstream of the confluence 
with Bhote Koshi River (Figure S1). Stage height was logged using Hobo Onset pressure transducers. The 
logging interval was set to either 15 or 30 min intervals depending on the deployment period. The relative 
stage height record was corrected for atmospheric variations using the barometric time series recorded at 
our closest weather station, Tyantali station (Figure S1).

For the measurement of δ18O, daily water samples were taken by a trained onsite operator every day at 
around 9 a.m. Sampler were filtered onsite (0.22 μm filter) and stored in 30 ml Nalgene vials at ambient 
temperature before being shipped to Germany. All samples were analyzed in the GFZ Potsdam OSG-Lab, 
using a Picarro L-2140i Ringdown spectrometer.

Soil moisture was acquired at the six weather stations using a Campbell Scientific CS650 soil moisture sen-
sor. The sensor was installed close to the surface and integrates approximately 8 liters of soil volume and 
records volumetric water content as a function of bulk electric conductivity.

NDVI was extracted from the online MODIS/VIIRS Land Products global Subsetting Tool. The subsetting 
area was picked to cover the entire Kahole Kohla landscape to integrate valley-to-ridge variability of vegeta-
tion types and agricultural land use. The Tool is available at https://modis.ornl.gov/globalsubset/.

Broadband seismic stations (Nanometrics - Trillum Compact 120s) were used in this study. Data were ac-
quired at a sampling rate of 200 Hz. We estimated daily relative seismic velocity changes from ambient seis-
mic noise correlations in the frequency range of 4–8 Hz. We used single-station cross correlation technique 
(Hobiger et al., 2014) and computed the velocity time series from the stretching method using multiple 
references (Sens-Schönfelder & Wegler, 2006; Sens-Schönfelder et al., 2014). Detailed method is available 
in Appendix A.

3.  Results and Discussion
3.1.  Co-Evolution of Hydrological Variables

The Indian Summer Monsoon imposes a strong annual cycle on the hydrology of the Bhote Koshi catch-
ment, with a distinct dry and wet season (Figure 2a). The seasonality of precipitation input is matched by a 
sustained increase in discharge of the Kahule Khola stream during the monsoon, followed by a well-defined 
long-lasting recession throughout the dry part of the year. Importantly, we observed little to no discharge 
generation in the pre-monsoon season (∼March to ∼June). Despite significant precipitation in the pre-mon-
soon season, the hydrograph shows a continuous decrease in baseflow-generated river discharge with only a 
few short-lived rise-and-fall type events from direct runoff. This decoupling suggests that there are different 
hydrological regimes throughout the year. Because the stream is predominantly fed by groundwater (An-
dermann et al., 2012), the transition between these regimes is likely to be controlled by the onset of ground-
water recharge, initiating a period when groundwater and precipitation are coupled. If this is correct, then 
understanding the timing of this coupling in relation to precipitation input is essential, requiring observa-
tion of groundwater storage through time. We defined two seasonal boundaries based on this coupling in 
Figure 2: from a dry to an uncoupled-wet season and from an uncoupled-wet to a coupled-wet season.

Previous work has linked seismic velocity decreases to increased groundwater levels (Clements & De-
nolle, 2018; Kim & Lekic, 2019; Lecocq et al., 2017; Sens-Schönfelder & Wegler, 2006) and increases in pore 
pressure (Q.-Y. Wang et al., 2017). Thus, the time series of estimated daily relative seismic velocity changes 
dv/v at Listi and Chaku stations (Figure 2b) may serve as a relevant proxy for groundwater storage. The 
annual cyclicity of dv/v, with a decrease during each recorded monsoon seasons followed by a recovery 
during the subsequent dry season is in agreement with these studies. At ∼8%, the amplitude of change 
at our stations was significantly larger than in previously reported cases (Clements & Denolle, 2018; Kim 
& Lekic, 2019; Lecocq et al., 2017), suggesting a dominant hydrological forcing on the velocity changes 
through substantial variations in groundwater content and level. Both stations exhibited similar dv/v dy-
namics, with a lower amplitude at Listi. This amplitude difference could reflect smaller groundwater vari-
ations at Listi because it is at a higher topographic position with less upstream area. However, because the 
seismic interferometry technique loses sensitivity to changes with increasing depth (Obermann et al., 2013; 
Pacheco & Snieder, 2005), our observations could also point to a deeper average groundwater level higher 
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in the landscape (Jasechko et al., 2016). A striking co-evolution between the streamflow (Figure 2a) and 
the dv/v time series occurred during major parts of the monitored period: the variables were negatively cor-
related during monsoons, and the recovery of velocities during the post-monsoon period coincided with a 
discharge recession. Remarkably, the sharp decrease of seismic velocity during the monsoon systematically 
coincided with a sustained increase in streamflow.

Further insight into the timing of this onset and the fate of pre-monsoon precipitation comes from soil 
moisture measurements (Figure 2b). Over the annual cycle, the measured soil moisture concentration had 
a pronounced relation with precipitation (Figures 2a and 2b). From the onset of pre-monsoon precipita-
tion, soil moisture increased, while dv/v remained unaffected, suggesting that any infiltrating rainwater was 
stored in the shallow subsurface unconnected to the groundwater. The onset of coupling of precipitation 
and groundwater occurred around the start of the summer monsoon, after reaching ∼610, 660, and 400 mm 
of cumulative precipitation in 2016, 2017, and 2018, respectively. Coupling coincided with the stabiliza-
tion of soil moisture concentrations, despite mounting precipitation totals. We attribute this stabilization to 
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Figure 2.  Observations from the Bhote Koshi observatory (a.) Black solid line indicates the river stage height measured at the Kahule Khola. Daily 
precipitation is plotted in blue. (b.) Daily relative seismic velocity changes variations in the 4–8 Hz frequency band is plotted as circles with a 3 days moving 
average for visualization. Measurements of soil moisture volumetric content are reported by the solid lines. Green and red colors indicate Chaku and Listi 
sites respectively. (c.) Red dots represent δ18O values measured at the Kahule Khola. Black Dots represents Normalised Difference Vegetation Indexes (NDVI) 
computed in our study area, that is a proxy for vegetation activity. The different seasons and regimes of the hydrological system are indicated in the background 
and labeled at the top.
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reaching a mean field capacity of the vadose zone. Under these conditions, the equivalent volume of any ad-
ditional water input to the subsurface is gravitationally transferred into the groundwater reservoir, leading 
to rising groundwater levels reflected by the seismic velocity decrease. We note that the buildup of moisture 
in the subsurface during the pre-monsoon period was barely recorded by the seismic velocity observations 
(Figure 2b). This may be due to the frequency-dependent response of velocity changes to partial fluid con-
tent (Helle et  al.,  2003; White,  1975), or to the limited depth extent of the layer prone to soil moisture 
changes. The duration of the soil moisture buildup phase was different for the three seasons on record with 
different cumulative precipitation totals, likely because of differences in precipitation intensity. In addition, 
transpiration losses could have slowed the increase in moisture. The onset of vegetation activity signaled by 
increasing NDVI values during the pre-monsoon period underpins this interpretation (Figure 2c).

The co-evolution of our hydrological observables gives insight into the transition from the coupled to the 
uncoupled hydrological regimes after the monsoon season. Early in the dry season, a distinct and sustained 
decrease in the rate of recovery of dv/v occurred in both recorded years (Figure 2b), especially visible at 
Chaku station. This change of slope suggests a step change in groundwater depletion, from fast in the early 
post-monsoon to steady, but slower depletion during the dry season from ∼November until around the start 
of the next monsoon. Because this feature follows the last monsoon precipitation and the decrease in soil 
moisure, we used it to conservatively define the end of the wet season (boundary between the wet-coupled 
to dry season in Figure 2). We note that the stage height of the Kahule Khola does not share the slope break 
observed in dv/v. This hints at the operation of a second groundwater depletion pathway, connected not to 
streamflow, but rather upwards via transpiration, which operates during the coupled hydrological regime, 
but not during the subsequent dry season. This hypothesis can be tested with the oxygen isotope record of 
the Kahule Khola.

Over the monitoring period, which comprised two annual cycles, δ18O values of Kahule Kohla discharge 
were constant around −10‰ during the dry season, increased progressively to −6‰ from the onset of 
pre-monsoon precipitation, dropped rapidly to around −11‰ early in the monsoon season, and restored 
to values around −10‰ later in that season (Figure 2c). The stable isotopic composition of stream water is 
determined by the precipitation input and any subsequent fractionation. We constrain precipitation chem-
istry using a contemporaneous precipitation δ18O measurement time series of samples from Kathmandu 
(Figure S7). Kathmandu is located at 1,400 masl., about 50 km to the SW of our study area, and exposed 
to the same general weather systems. During 2016 and 2017, Kathmandu precipitation δ18O showed a sim-
ilar pattern, with sparse dry season values around −9‰, pre-monsoon values increasing up to 5‰, early 
monsoon rain around −15‰ increasing to −10‰ later in the monsoon season. Fractionation after precip-
itation appears to be limited, as the Kahule Khola δ18O data consistently plot on a local meteoric waterline 
(Figure S6).

In this context, and in view of the paucity of winter precipitation, we interpret the constant, intermediate 
δ18O values for Kahule Khola dry season water samples to indicate that the stream was mainly fed by a 
groundwater reservoir in which isotopically light monsoon input is mixed with some isotopically heavier 
pre-monsoon input on time scales exceeding an annual cycle. It is likely that this mixing occurs after the 
vadose zone has reached field capacity and water starts to move downward into the groundwater reservoir. 
Heavier isotopic values of Kahule Khola stream water indicate that a part of pre-monsoon rainfall trans-
lates into fast direct runoff. At the onset of the coupled hydrological regime, with incoming isotopically 
light monsoon precipitation, the oxygen isotopic values of the stream water decreased to slightly below the 
characteristic value of the groundwater reservoir. We attribute this to a combination of groundwater evac-
uation and direct runoff during intense monsoon rainfall. The Kahule Khola water reverted to its steady, 
well-mixed δ18O signature independently of the slope break in the dv/v time series at Chaku, early in the 
post-monsoon dry season. We infer that the secondary, upward loss of water in the period before the break 
is largely due to vegetation transpiration which can modulate the drainage of water tables close to rooting 
depth (Koirala et al., 2017; Maxwell & Condon, 2016) without oxygen isotope fractionation.

3.2.  Soil Moisture and Groundwater Recharge

Our results suggest that two distinct hydromechanical regimes are active in the steep Kahule Khola catch-
ment. A key parameter controlling the passage between these regimes could be the pore connectivity in the 
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vadose zone. When this zone is undersaturated, the pores are not efficiently connected and the presence 
of air may impede flow, causing infiltrated rainwater to be stored as tightly bound water (Renée Brooks 
et al., 2010) that is removed by root uptake building up early season biomass. This state is characterized 
by short-lived episodes of direct runoff generation and a continuous decrease of baseflow. When the sub-
surface moisture reservoir reaches a characteristic storage capacity, the subsurface can no longer store ad-
ditional water and begins to transmit to the deeper groundwater reservoir. This behavior is analogous to a 
“sponge” where prior hydrophiling of the surfaces modulates the infiltration (DiCarlo, 2004, 2006). After 
the monsoon, the bound water depleted by transpiration can be replaced by groundwater through upward 
percolation processes (Renée Brooks et  al.,  2010), allowing vegetation to use groundwater indirectly at 
depths exceeding the root zone (Condon et al., 2020; Koirala et al., 2017). Therefore, evapotranspiration of 
subsurface moisture competes directly with precipitation input to regulate groundwater recharge. Because 
we cannot differentiate between a shallow and deep groundwater reservoir at our field site, the hypothesis 
of a perched seasonal groundwater reservoir (Padilla et al., 2015; Salve et al., 2012) depleted by transpiration 
is also plausible. Therefore, the dynamics would be an integrated measure of both shallow and deep ground-
water storage. We conclude that despite evidence for a fractured bedrock basement in the Nepal Himalayas 
(Andermann et al., 2012; Tipper et al., 2006), the subsurface moisture reservoir governs hydrological fluxes 
in the Kahule Khola.

While this concept explains our observations at Chaku station, low in the Bhote Koshi valley, it may not 
apply to higher positions in the mountain landscape. At Listi station, close to a mountain ridge crest, seis-
mic velocities decreased somewhat during pre-monsoon despite the soil moisture not being at saturation, 
suggesting that precipitation became connected to the groundwater reservoir (Figures 2a and 2b). This early 
connection may be due to a greater permeability of the surface, associated with thin soil cover and the pres-
ence of deep-reaching tension fractures that allows localized areas of rapid recharge (Gleeson et al., 2009). 
Moreover, the clear slope break that we attribute to the termination of transpiration losses from the ground-
water reservoir at Chaku is not as striking at Listi, where the recovery in dv/v appeared more gradual from 
the wet to the dry season. This can be explained by a groundwater reservoir that is below rooting depth 
(Maxwell & Condon,  2016). The similar but yet different seismic velocity evolution at Listi and Chaku 
shows that the seismic interferometry approach is a promising tool to monitor groundwater dynamics in 
different parts of a landscape, including those that may be representative of the catchment and its subsur-
face. Thus, local gradients in the groundwater system can be targeted, something that is beyond the reach 
of classic hydrograph analysis.

3.3.  Modeling of Seismic Velocity Changes

Our data suggest that subsurface moisture is a first-order control on groundwater storage and discharge in 
the Himalayan Bhote Koshi catchment. We further demonstrate our findings by reproducing the dv/v data 
with a hydrological model.

Simple hydrological models have succeeded in reproducing key features of dv/v variation in various settings 
(Gassenmeier et al., 2015; Hillers et al., 2014; Sens-Schönfelder & Wegler, 2006). Although the details of 
these models have varied, they shared the assumption of instantaneous transfer of precipitation to the 
groundwater system on the daily timescale. Such models predict an exponential decay of the modeled hy-
drological variable (evolution of groundwater table level, pore pressure, groundwater storage) after precip-
itation input. To test whether these models can capture the essence of groundwater hydrology at our field 
site, we have tried to fit the velocity changes observed at Chaku station with a groundwater-level evolution 
model (Hillers et  al.,  2014; Sens-Schönfelder & Wegler,  2006). We computed the hydraulic head h(t) as 
follows:


 

( ) ( )dh P t ah t
dt (1)

where P is the daily precipitation measured at the site, ϕ is the porosity of our reservoir, and a is a decay 
parameter that describes the recession of the hydraulic head after precipitation. We then converted changes 
in hydraulic head h(t) into synthetic relative seismic wave velocity changes, by linking the relative variation 
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in saturated rock mass with a relative slowness perturbation of the medium (details in Appendix B01). Re-
sults from this model do not adequately reproduce the Chaku data (Figure 3b). For example, the synthetic 
velocities decrease during the pre-monsoon, as model precipitation is directly passed to the groundwater 
reservoir (model A, Figure  3a). This model may be valid in places such as volcanoes (Sens-Schönfelder 
& Wegler, 2006) where highly permeable bedrock is exposed at the surface. However, in our setting, the 
subsurface moisture reservoir buffers groundwater recharge and may be represented by including a second 
layer in the model. To do this without introducing unconstrained physical quantities, we computed the 
antecedent precipitation index PM(t) (Katsura et al., 2008; Kosugi et al., 2008):

  ( ) ( 1)exp(ln0.5 / ) ( )exp(ln0.5 / 2 ).M M hP t P t M R t M (2)

Here, Rh(t) is the cumulative precipitation from t − 1 to t, and M the time in days required for precipitation 
input to the layer to decay to half its initial value. We assumed that the filling of the subsurface moisture 
reservoir can be represented by the cumulative nature of Equation 2 and that the half-time M captures the 
reduction of the moisture content by transpiration. Then, we introduced a threshold Pθ to represent the 
field capacity of the vadose zone. The Pθ threshold was taken as the mean value of PM(t) at the dates corre-
sponding to the onset of the seismic velocity decrease between the uncoupled to coupled regimes in 2016, 
2017 and 2018 (details in Appendix B02). Precipitation is only passed to the groundwater reservoir when 
PM(t) > Pθ with


   

( ) ( ) (min(0, ( ) ))b
dh P t ah t b GWD t h
dt (3)
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Figure 3.  Results of dv/v modeling (a.) The sketches indicate models tested in the paper with sign conventions shown by black arrows. Colored arrows 
accounts for the fluxes regulating groundwater dynamics (P: Precipitation, Q: Discharge, T: transpiration). GWD (Groundwater Depth), h (hydraulic head), h0 
(asymptotic level), and hb (critical depth for transpiration) are the variables described in Equations 1 and 3. (b.) Observations from Chaku station and the best 
fitting dv/v predictions of models A and B. (c.) Antecedent precipitation index P17 used in model B and the Pθ threshold. Gray areas depict the periods when the 
groundwater is connected to precipitation and transpiration, for example, at the field capacity of the vadose zone when P17 > Pθ.
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where GWD(t) is the groundwater depth, and hb is the depth range in which transpiration is active (model 
B, Figures 3a and 3b). b is a coupling constant linking the transpirative flux with the groundwater level 
through an increase of root density toward the surface (Canadell et al., 1996). This scaling is a simplification 
as water may be used directly and indirectly by roots. For periods with PM(t) < Pθ, we used Equation 1 with-
out a precipitation input term. Our model best fits the seismic velocity data of Chaku station with (least-
squares misfit criterion L2 = 0.022, model B shown in Figures 3b and 3c), and M values from ∼10 days to 
∼40 days produce reasonable fits (L2 shown in Figure S5). We attribute this broad range of suitable half-time 
values to a lack of constraints in our model and to the simplicity of our approach.

A few offsets between our model and the data occurred during dry seasons, possibly due to changing lo-
cal hydro-geological complexities, the single groundwater reservoir assumption, thermal strain (Richter 
et al., 2014), or a long term mechanical effect of the 2015 Gorkha earthquake and aftershocks on seismic 
velocity (Brenguier et al., 2008). In general, though, our modeling captures the dv/v dynamics and shows 
that key hydrological observations in the Bhote Koshi catchment require a subsurface moisture layer which 
is governed by the balance of precipitation input and transpirative loss, and acts as a gatekeeper that either 
separates the groundwater reservoir from surface precipitation or to permits recharge.

4.  Conclusions and Perspectives
Based on our combined seismological, hydrological, meteorological, and geochemical observations and 
modeling, the precipitation-subsurface moisture-groundwater-stream water complex in the central Nepal 
Himalayas undergoes an annual cycle with four stages (Figure 4). (1. Dry Stage) The background is defined 
by a dry season, during which stream flow is fed only by gravity-driven groundwater discharge, causing 
progressive depletion of the groundwater reservoir. (2. Decoupled Stage) Pre-monsoon precipitation is con-
verted to subsurface moisture and direct runoff, but does not result in groundwater recharge, such that 
the groundwater reservoir continues to be depleted. During this period, precipitation and groundwater are 
decoupled, and this state is prolonged by transpiration loss of subsurface moisture. (3. Coupled Stage) When 
the shallow subsurface, that is, the vadose zone, has reached field capacity, precipitation causes direct run-
off as well as groundwater recharge and evacuation. During this coupled phase, when precipitation and 
groundwater are connected, moisture that accumulated in the vadose zone over the pre-monsoon season 
remains constant and additional precipitation is removed by transpiration or mixed with the pre-monsoon 
input and is moved into the groundwater reservoir at a rate determined by the local hydraulic conductivity 
and the infiltration capacity. Mixed water resides in this reservoir for at least one full annual cycle, meaning 
that evacuated mountain groundwater is older water. (4. Coupled Stage) As monsoon precipitation wanes, 
groundwater recharge slows down and a combination of evacuation to streams and upward loss through 
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Figure 4.  Conceptual sketch of the evolution of hydrological systems throughout the monsoon cycle. The arrows indicate the fluxes that control groundwater 
and subsurface moisture storage with T being transpiration, P the precipitation, and Q the discharge. The colorbar indicates the scale for subsurface moisture 
storage where θc is the characteristic field capacity required to connect the precipitation input and the transpiration outtake to the groundwater. Colors in 
trees indicate the evolving vegetation activity during one complete seasonal cycle. Sketches are in a 1D representation. Schematically, we also report the 
corresponding dv/v variations observed at Chaku at the different part of the Monsoon cycle. Time axis is not scaled.
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transpiration causes the groundwater table to drop. This drop is initially fast, but slows down once plants are 
no longer connected to the groundwater reservoir. At this point, the dry state sets in anew.

The annual cycle we have described has hydrological seasons, which may differ from the meteorological 
seasons (Brunello et al., 2019; Müller et al., 2014). In the Nepal Himalayas, the crucial transition from the 
decoupled to the coupled state, after which precipitation is most effectively translated into runoff, is deter-
mined by the saturation of the subsurface, which is governed, in turn, by the balance of precipitation and 
evapotranspiration during the preceding weeks to month. During our monitoring in the Bhote Koshi catch-
ment, this transition happened around the meteorological monsoon onset and after 400–600 mm of cumu-
lative precipitation over a period of some weeks, but elsewhere it may occur with a greater offset. We note 
that the similar threshold behavior observed in the rock moisture reservoir on a hillslope in the Northern 
California Coast Ranges may not be as dependent on transpirative loss, as the onset of groundwater storage 
happened at a constant cumulative precipitation total for each recorded year in that study (Rempe & Diet-
rich, 2014). Moreover, within one landscape, the decoupled-to-coupled transition may not be uniform, with 
locations with less vegetation and soil cover, more precipitation, or less evaporation transitioning sooner.

These findings have likely implications for the prediction of natural hazards in the Himalayas. A precipi-
tation event that may have little impact early in the year, when subsurface moisture is depleted and has a 
buffering capacity, could result in a flood later in the year when the vadose zone is at field capacity and both 
infiltration and direct runoff lead to water discharge. Monitoring of subsurface moisture and dv/v can help 
identify the transition from the decoupled to the coupled state, when the likelihood of flooding changes. 
This transition occurs when subsurface moisture ceases to rise and the shallow seismic velocity starts to de-
crease. Similarly, the decoupled-to-coupled transition may also have an impact on deep-seated landsliding: 
a substantial and sustained hazard in the Himalaya. Such landslides are often attributed to increased pore 
pressure (Iverson, 2000), which occurs once the vadose zone of the upslope area has reached field capacity. 
The hydrological regimes highlighted in our study could help delineate a landslide season, during which 
slope stability is a direct function of local precipitation (Gabet et al., 2004). A universal relation between 
precipitation rate and landsliding does not apply where the groundwater is episodically decoupled from 
precipitation input.

Our results also imply that prediction of mountain water resources requires knowledge of the thickness 
and properties of the soil and regolith layer, which is a gate keeper to the fractured crystalline bedrock in 
which the groundwater reservoir is primarily located (Rempe & Dietrich, 2014, 2018). During our 3-year 
observation period, pre-monsoon precipitation did not contribute significantly to discharge but was rather 
mostly consumed in the vadose zone. However, this period contributes to the wetting of the landscape 
and preconditions rapid and effective transfer into groundwater and hence river discharge. The moisture 
content of the vadose zone determines first-order features of the precipitation-discharge relation in the 
Bhote Koshi catchment, and probably other catchments in the Himalayas and other mountain belts. The 
modulation cycle exerted by the subsurface moisture shows an indirect relation between precipitation and 
groundwater that may be responsible for the low streamflow sensitivity to water storage observed in other 
mountainous areas (Berghuijs et al., 2016). It is mediated not only by the infiltration of rain water, but also 
by upward water losses due to evaporation and transpiration. The balance of these gains and losses is likely 
highly sensitive to ecosystem composition, land use and the macroporosity of the soil: parameters that are 
influenced by climate change (Hirmas et al., 2018; Samaniego et al., 2018).

Recent work by Brunello et  al.  (2020) highlighted increasing pre-monsoon precipitation totals over the 
last ∼70 years. In conjunction with our findings, a longer and wetter pre-monsoon season would impact 
directly on the saturation of the vadose zone, the recharge of groundwater and river discharge, increasing 
the availability of water for hydropower and irrigation purposes. The demand for this water availability is 
large in densely populated Asian basins, particularly the ones relying on Himalayan freshwater (Immerzeel 
et al., 2020). Forecasts of global climate change impacts on the Himalayan region predict a reduction of 
melt-water availability for an estimated 60 million people downstream (Immerzeel et al., 2010). However, 
if global climate change will also alter the intensity distribution of the Indian monsoon, then we can expect 
vegetation activity, soil formation, erosion, and subsurface moisture dynamics to change as a consequence, 
with potentially even more severe consequences for water resources. The effect of subsurface changes due 
to climate change or changing land use has been acknowledged as a major knowledge gap in the freshwater 
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resources IPCC special report (Jiménez Cisneros et al., 2015). For instance, decreasing trends in soil mois-
ture due to warmer days (Fischer et al., 2011; A. Wang et al., 2011) would lead to a poor conversion of pre-
cipitation to water availability in environments similar to our study area. Therefore, the notion of mountain 
water towers in the Himalayas and sustainability studies on high mountain areas (Regine Hock, 2019) must 
be expanded from the cryosphere to include mountain subsurface moisture and groundwater and their 
complex link with precipitation. With ∼1.5 billion people on Earth projected to rely on discharge sourced 
from mountain areas (Viviroli et al., 2020), constraining this link for the major lithologies and ecosystems 
and monitoring the state of the vulnerable vadose zone in mountain regions are keys to anticipating the 
future trajectories of some of our most important freshwater reserves.

Appendix A:  Ambient Noise Processing
Appendix A01: Preprocessing and Calculation of Correlation Functions

A first step of preprocessing is needed to reduce the impact of high amplitude signals such as those induced 
by earthquakes or rockfalls before calculating the correlation functions. The seismic traces were trimmed 
to one hour segments, downsampled to 50 Hz, detrended and filtered in the 4–8 Hz frequency range. Then 
we applied spectral whitening: all the amplitudes in the Fourier spectrum were set to 1 before applying 
the inverse Fourier transform. The correlation functions with single station cross correlation (SC, Hobiger 
et al., 2014) were calculated as follows:

 



    

/2

,1 2 1 2
/2

( , ) sgn[ ( )] sgn[ ( )]
t Ti

k k i k k
t Ti

C t X t X t dt (A1)

In the equation, km represents the different components m = Z, N, E with k1 ≠ k2 for SC, t is the time of the 
year, and τ is the lag time of the correlation. T is the temporal discretization in the correlation process. The 
sgn function stands for the 1-bit normalization of our signal: positive amplitudes are set to 1 and negative 
amplitudes are set to −1. We computed correlation functions at a time step of one hour and averaged them 
on a daily basis in order to get daily correlation functions (DCFs). We stored all the DCFs in a correlation 
matrix as shown in Figure S2.

Appendix A02: Estimating Velocity Changes

If we assume a spatially homogeneous relative velocity change δv = dv/v in the medium, a relative time 
delay δτ = dt/τ will be observed in the DCFs coda with δv = −δτ where τ is the lapse time in the correlation 
functions and dt is the absolute time shift of a coherent phase. The relative velocity change has been esti-
mated using the stretching technique (Sens-Schönfelder & Brenguier, 2019).

Depending on the daily velocity change, each DCFs (C(ti, τ)) will be stretched or compressed and com-
pared to a long term average reference ξ(τ). For this study, we used multiple references ξr(τ) to avoid the 
possible degradation of a unique reference when averaged over the whole time period (Sens-Schönfelder 
et al., 2014). To do so, we first computed monthly references ξr(τ) with an overlap of 15 days. For each of 
these references, we calculated the correlation coefficients Rr(ti, ɛj) between stretched versions of the refer-
ence and the DCF as




      

2

1

( , ) ( , ) ( (1 ))dr i j i r jR t C t (A2)

where τ is the traveltime of waves in the DCF and ɛj indicates a set of stretch-values that are tested in the 
time window set by [τ1, τ2]. We defined the length of the time window as follows: we skipped four signal pe-
riods before computing the stretching on a duration of 12 periods (corresponding window indicated on Fig-
ure S2). One period corresponds to the lowest frequency of the filter we previously applied (here τ1 = 1 s). 
Introducing τ1 is necessary to avoid the use of early arrivals that are prone to change in noise sources char-
acteristics. All Rr(ti, ɛj) values were stored in a similarity matrix as shown in Figure S3.
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For each reference, a first daily measurement of δv(ti) can be done by reading the amount of stretching 
ɛj that yields the daily maximum Rr(ti, ɛj) value. To combine the measurements done with the multiple 
references, we stacked all similarity matrices Rr(ti, ɛj) after correcting for their shifting due to the velocity 
differences between the references. We finally obtained a stacked similarity matrix R(ti, ɛj) which describes 
the daily velocity variations obtained from one combination of sensor components k1, k2 (Figure S3).

We applied this method to the three possible combinations (ZN, ZE, EN). In a last step, we stacked the three 
R(ti, ɛj) matrices and picked the ɛj as the location of the maximum of R(ti, ɛj) again. The final daily δv(ti) at 
the station is equal to ɛj.

Appendix B:  Modeling Velocity Changes Induced by Groundwater Level 
Variations, Detailed Method
Appendix B01: Model A

The first applied model in the paper is similar to the one used in Sens-Schönfelder and Wegler (2006) and 
Hillers et al. (2014). In a first step, we model the evolution of the groundwater table depth. Conventions are 
shown on Figure 3 of the main text. The variation of the hydraulic head is here approximated as a repre-
sentative column reservoir of porosity ϕ. We assume that the rate of recession of the hydraulic head h(t) is 
proportional to its height such as


 

( )( ) ( )dh P tt ah t
dt (B1)

where P(t) is the precipitation rate and is the decay parameter. Similarly to an unconfined aquifer that obeys 
to Darcy’s law, this equation predicts an exponential decay of the hydraulic head after impulsive rain events 
at tn with its analytical solution:


   ( )( )( ) a t tn n

n
P th t t e (B2)

We introduce the asymptotic level h0 to convert the hydraulic head height into the absolute groundwater 
table depth GWD(t) as shown on Figure 3 with:

 0( ) ( )GWD t h h t (B3)

Equation B1 is here discretized and integrated using a central Euler scheme with the daily precipitation data 
as inputs to obtain daily h(t). Figure S4a shows examples of the model using our precipitation data set with 
parameters taken as ϕ = 0.017 and a = 0.08 d−1. Because absolute groundwater level changes are uncon-
strained, we run our simulations with an arbitrary but realistic value of h0 = −50 m.

We then convert the hydraulic head daily variations h(t) into daily relative velocity changes δv. We assume 
that a change of h(t) will induce a change in the relative slowness profile S(t, z) with δs being the relative 
slowness difference between the saturated and dry state of the reservoir. We define a reference hydraulic 
head href that is taken as the mean h(t) over the whole time period of the study. We have S(t, z) = δs for 
h(t) < z < href and S(t, z) = −δs for href < z < h(t).

To model the depth sensitivity of the seismic waves, we used the 3-D scattered wavefield kernel derived by 
Pacheco and Snieder (2005). Because we applied the single station cross correlation technique, we consid-
ered coincident source and receiver which leads to the following equation

  


 


2
1

3 , (2 ) expD
rK Dr

D
x (B4)

with D being the diffusion constant, x is the point in space at distance r from the source/receiver and τ is the 
lapse time in the correlation function. We horizontally integrate K3D(x, τ) to get the depth sensitivity K(z, τ). 
Kernel examples for different diffusivity constant are plotted in Figure S4b.
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In a last step, we compute the daily delay time by integrating the slowness perturbation profile weighted by 
the kernel as

  


 
0

( , ) ( , ) ( , ) .t S t z K z dz (B5)

We then convert the delay times in modeled daily relative velocity changes δvm = −δτ/τ. We report in Fig-
ure  S4c different synthetic velocity changes obtained from Equation 10 with the 3 kernels proposed in 
Figure S4b. Because the kernels do not change significantly at the spatial scale of groundwater changes 
(∼10 m) results are poorly dependent on the value of the diffusivity D and the kernel used. Therefore, we 
use the value of D = 1.105 m2 s−1 for our simulations.

We used an interior point algorithm in Matlab® (fmincon) to minimize the following least square misfit 
between our model and the data over the total number of days N:

 


  2

1
misfit ( ( ) ( )) .

N

m
i

v i v i (B6)

Our best fitting model is obtained with a = 0.0134 d−1, ϕ = 0.032, and δs = 0.007. We note that different 
combinations for ϕ and δs can give similar results.

Appendix B02: Model B

As explained in the main text, we propose to implement the role of the subsurface moisture reservoir with 
a simple antecedent precipitation index approach that does not require unconstrained physical parameters. 
The antecedent index is computed as follows:

  ( ) ( 1)exp(ln0.5 / ) ( )exp(ln0.5 / 2 ).M M hP t P t M R t M (B7)

Rh(t) is the cumulative precipitation from t − 1 to t and M is the half-time period in days required for the 
precipitation fed to the layer to decay to half of its initial value. We then introduce a threshold Pθ to model 
the field capacity of the subsurface: precipitation is only passed to the groundwater storage when PM(t) > Pθ. 
We calculate the Pθ threshold as the mean value of PM(t) at the date of the June 17, 2016, June 21, 2017, and 
June 9, 2018 (red lines on Figures S5b–S5f). We chose these dates based on the trend detection of the onset 
of the seismic velocity decrease and the plateau observed in the soil moisture data that defines the start of 
the coupled regime. Then, we model the effect of vegetation in introducing the parameter hb which is the 
critical depth at which the vegetation do not influence the drainage of groundwater anymore (see conven-
tions in Figure 3). For this study we take the value of hb = 10 m which is a classic reported tree root depth 
(Canadell et al., 1996). We introduce the effect of transpiration on the groundwater with a second term to 
Equation B1 involving an additional scaling term b within the depth hb. Therefore, for PM(t) > Pθ, we have


    0

( ) ( ( ) ) (min(0, ( ) )).b
dh P t a GWD t h b GWD t h
dt (B8)

For periods when groundwater is not connected to the surface (PM(t) < Pθ), we have

   0( ( ) ).dh a GWD t h
dt

 (B9)

We convert the hydraulic head h(t) evolution in seismic velocity variations following the same method 
described in model A. We test a whole class of models with parameter M ranging from 1 to 100 days and 
try to fit the data in minimizing Equation B6 using the same solver applied before for model A. The corre-
sponding misfit values are shown in Figure S5a. The misfit space shows several local minima ranging from 
M ∼ 10 days to M ∼ 40 days. This suggests that values corresponding to the weekly and monthly scale fit 
the data equally well. We show five inverted models in Figures S5b–S5f and their corresponding antecedent 
precipitation index PM.
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