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Abstract. Mountain block recharge (MBR) is an important
but difficult-to-observe component of mountain water bud-
gets, especially in steep terrain where groundwater measure-
ments are sparse. In such settings, relative seismic velocity
changes (dv/v) derived from ambient-noise interferometry5

provide a potential proxy for hydrological storage variations,
but interpretation is complicated because each frequency
band may reflect a mixture of processes acting at different
depths and spatial scales. Here, we investigate whether multi-
frequency dv/v can be used to constrain groundwater stor-10

age dynamics at the mountain front. We analyse continuous
seismic data from a ridge-scale array in Wanrong, Taiwan,
together with precipitation, discharge, and borehole ground-
water records, for the period March 2015 to June 2016. Daily
dv/v time series are estimated in four frequency bands. All15

bands show pronounced seasonal and event-scale variations,
including a strong velocity decrease during the typhoon sea-
son, but they differ markedly in amplitude and temporal evo-
lution. Lower-frequency bands correlate more strongly with
groundwater levels in the Hualien plain, whereas higher-20

frequency bands correlate more strongly with groundwater
levels near the mountain front, indicating that the observed
dv/v signals reflect a superposition of hydrological responses
with different characteristic depths and spatial supports. To
separate these mixed signals, we apply a Bayesian Inde-25

pendent Component Analysis approach in which the multi-
band dv/v observations are represented as a linear mixture
of latent reservoir responses. The inversion resolves two dis-
tinct characteristic timescales, with posterior median val-

ues of τ1 = 69 days and τ2 = 160 days. Higher-frequency 30

bands are dominated by the fast component, while lower-
frequency bands show a larger contribution from the slow
component. Event-wise partitioning of precipitation further
suggests that a larger fraction of summer rainfall is routed
to the slow reservoir during the typhoon season. These re- 35

sults show that multi-frequency seismic velocity monitoring,
combined with Bayesian source separation, can resolve fast
and slow groundwater storage dynamics in complex moun-
tainous terrain. The approach provides a new observational
constraint on MBR-related processes where direct hydroge- 40

ological observations are limited.

1 Introduction

Mountain regions are critical sources river discharge, sus-
taining large downstream populations and water-dependent
ecosystems (Viviroli et al., 2007; Immerzeel et al., 2010). As 45

land use intensifies in steep terrain and climate variability in-
creases, it becomes increasingly important to understand how
water is stored and transferred through mountain systems
(Viviroli et al., 2020; Immerzeel et al., 2020; ). A substantial
fraction of mountain water can be transmitted from moun- 50

tain ranges into sedimentary basins as deep groundwater, a
process commonly referred to as mountain block recharge
(MBR) (Markovich et al., 2019). Because MBR can repre-
sent a large component of catchment water budgets and can
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modulate the impacts of land-use change and cryospheric re-
treat, constraining its dynamics is essential for both hydro-
logical prediction and water-resource management (van Tiel
et al., 2024). Yet direct observation remains notoriously dif-
ficult: groundwater flow is largely hidden from view, and the5

steep topography of mountain belts makes drilling and main-
taining borehole networks expensive and logistically chal-
lenging. Consequently, many assessments of MBR rely pri-
marily on modeling or indirect tracers rather than continuous,
spatially distributed measurements (Markovich et al., 2019;10

Fu et al., 2022).
Over the past decade, ambient-noise seismic interferom-

etry has emerged as a promising approach for monitoring
groundwater storage changes (Lecocq et al., 2017; Clements
and Denolle, 2018; Mao et al., 2022). The method uses the15

continuous seismic wavefield generated by natural sources
(e.g., rivers and ocean microseisms) recorded at seismic sta-
tions (Sens-Schönfelder and Brenguier, 2019). By cross-
correlating seismic ambient noise records, one can retrieve
cross correlation functions and estimate relative seismic ve-20

locity changes, dv/v (Sens-Schönfelder and Wegler, 2006).
Variations in groundwater content and pore pressure mod-
ify elastic moduli and effective stress, producing measur-
able dv/v that can act as a proxy for hydrological processes
(Denolle et al., 2025). Seismometers are also comparatively25

easy to deploy in remote terrain, offering a practical comple-
ment to sparse borehole observations (Lecocq et al., 2017;
Clements and Denolle, 2018).

However, applying dv/v to MBR in mountainous settings
remains challenging. Complex, steep topography, strong lat-30

eral lithological contrasts, and multiple hydrological path-
ways can complicate the interpretation of dv/v time series,
making it difficult to attribute their variations to a simple
linear correlation with groundwater level alone (Illien et al.,
2021). Furthermore, steep topography likely induces rever-35

berations and scattering of the wavefield, such that applying
a conventional sensitivity kernel is not straightforward when
the wavelength is comparable to the scale of the topographic
relief. These complications make it difficult to interpret dv/v
using direct inversion or single-reservoir conceptual models40

that can be more successful in relatively homogeneous sed-
imentary basins (Clements and Denolle, 2018; Mao et al.,
2025).

To address this challenge, we introduce a statistical source-
separation framework that models the observed dv/v signal45

as a superposition of underlying hydrological components.
We apply a Bayesian formulation of Independent Component
Analysis (ICA) to jointly analyze dv/v across multiple fre-
quency bands. This approach identifies a small number of in-
dependent time series that, when linearly combined, explain50

the observed multi-frequency dv/v signals, while also provid-
ing uncertainty estimates for both the component time series
and their relative contributions. By exploiting the different
frequency dependence of hydrological processes, Bayesian
ICA offers a systematic framework for separating overlap-55

ping reservoir dynamics and quantifying how precipitation is
partitioned between fast and slow storage components in a
mountainous environments.

We apply our proposed inversion technique to identify the
dynamics of potential multiple reservoirs in a MBR setting. 60

We leverage an existing seismic array deployed on a moun-
tain ridge close to Wanrong, Taiwan, originally installed to
investigate ridge site effects (Rault et al., 2020). The array
straddles the outlets of two steep catchments immediately
upstream of the Hualien sedimentary plain (Figure 1), pro- 65

viding a rare opportunity to probe recharge and storage dy-
namics at the mountain front. The proximity of independent
hydrological and meteorological records (including borehole
water levels, precipitation, and discharge) provides external
constraints for interpretation. 70

This paper is organized as follows. Section 2 introduces
the Wanrong dataset and its hydrological context. Section 3
describes the seismic interferometry workflow used to esti-
mate dv/vṠection 4 presents observed dv/v variations across
frequency bands. Section 5 applies Bayesian ICA to iso- 75

late independent components and interprets them in terms of
reservoir behavior. Section 6 discusses the assumptions be-
hind our approach and the hydrological implications of our
results.

2 Data and Hydrological Context 80

2.1 Seismic array and general context

Taiwan is a particularly suitable setting for this study because
previous work already indicates that hydrologic storage there
is both strongly variable and temporally complex. At the
island scale, geodetic and hydrological observations reveal 85

pronounced seasonal and interannual water-storage varia-
tions, while differences in seasonal amplitudes and phase
lags relative to precipitation suggest that these signals re-
flect different response times associated with transient stor-
age, infiltration, soil saturation, and runoff (Hsu et al., 2020). 90

Long-term hydrograph analyses further show that stream-
flow in Taiwanese catchments can be decomposed into fast,
intermediate, and slow components, indicating that catch-
ment response integrates multiple flow pathways and stor-
age timescales Yeh and Chen (2022). In parallel, geochem- 95

ical and isotopic evidence from the nearby Liwu catchment
(∼ 50km to the north) suggests that deep groundwater con-
tributes measurably to long-term discharge even in steep ter-
rain Calmels et al. (2011). Taken together, these studies im-
ply that mountain catchments in Taiwan reflect the superpo- 100

sition of several hydrological components.
Recent work in Taiwan further demonstrates that seismic

velocity variations are sensitive to hydrological processes.
Feng et al. (2021) related seasonal crustal seismic velocity
changes to hydrologic forcing at the scale of Taiwan, and 105

Lien et al. (2025) used time-variable seismic velocity to ex-
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Figure 1. Study area and monitoring network in the Wanrong mountain-front region, Taiwan. (a) Regional topographic map showing the
location of the study area between the main Central Range divide and the Hualien River, as well as the groundwater wells (EH-10 and
EHW-08), discharge stations (Wanlichiao and Mataian), and the extent of the local study area shown in panel (b). (b) Map of the Wanrong
ridge seismic array, including the seismic stations and the pressure gauge located in a small drainage. (c) South-to-north topographic profile
of the ridge transect shown in panel (b), indicating the elevation of the seismic stations.

amine river–groundwater interactions in the southern Ping-
tung sedimentary plain. These studies establish the feasibil-
ity of using dv/v as a hydrologic proxy in Taiwan. Here, we
extend that approach to a mountain ridge, where steep topog-
raphy, fractured bedrock, and strong lithologic heterogeneity5

complicate interpretation but also make the setting particu-
larly relevant for investigating how hydrologic storage is par-
titioned across multiple reservoirs at the mountain front.

Six broadband seismic stations (Trillium compact 120 s)
were deployed along a mountain ridge near Wanrong Town-10

ship in Hualien County (Figure 1), between the outlets of
two steep catchments (the Wanlichiao and Mataian rivers;
drainage areas of 242 and 136 km2, respectively), imme-
diately upstream of the Hualien sedimentary plain. The ar-
ray was operated from March 2015 to June 2016, spanning15

a wet summer season and the subsequent winter, following
a period of relative drought in Taiwan in 2014 (Hsu et al.,
2020). The ridge has experienced past landsliding as the
slopes are mantled by a mixture of weathering products, in-
cluding soil and coarser debris. It is primarily underlain by20

schist (Central Geological Survey, Ministry of Economic Af-
fairs (MOEA), 2008), with an estimated shear-wave velocity
of about 3000 m s−1 (Lin et al., 1998; Kim et al., 2005).
This setting provides an opportunity to investigate the transi-

tion from bedrock-dominated catchments to basin sediments, 25

where MBR may contribute to regional groundwater storage.

2.2 Hydrometeorological and auxiliary datasets

We combine seismic observations with hydrometeorological
datasets that provide independent constraints on storage and
fluxes at multiple depths and spatial scales. 30

Groundwater level time series were obtained from Water
Resources Agency, Ministry of Economic Affairs (2002). We
use data from two regional boreholes that represent contrast-
ing hydrogeologic settings: (i) borehole EH-10, located in
the Hualien sedimentary plain approximately 9.5 km from 35

the seismic array (Figure 1a), where the drilling log indi-
cates predominantly sedimentary lithology; and (ii) borehole
EHW-08, located near the adjacent mountain front approx-
imately 15 km from the seismic array (Figure 1a), where
the borehole was drilled mainly in metamorphic bedrock 40

(schist). Each borehole is equipped with two piezometric
sensors: a shallow sensor at 25 m depth and a deep sensor
at 100 m depth.

Discharge records were obtained from gauging stations on
the two rivers draining the ridge, operated by the Taiwan Wa- 45

ter Resources Agency. In addition, a pressure gauge installed
in a small stream draining the ridge provides a more local
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proxy for flow initiation and short-timescale hydrological re-
sponse, complementing the main river gauges.

We use precipitation from the GPM IMERG V7 gridded
satellite product (Huffman et al., 2014), masked using water-
shed shapefiles for the Mataian and Wanlichiao catchments5

and averaged daily. We also use ERA5 reanalysis soil mois-
ture and temperature (daily means) as proxies for shallow
wetting and drying dynamics (Muñoz Sabater, 2019).

3 Estimation of relative seismic velocity changes

3.1 Methods10

We estimate relative seismic velocity changes dv/v using
ambient-noise interferometry. Continuous seismic records
are divided into hourly segments, preprocessed by demean-
ing, bandpass filtering, and amplitude normalization through
spectral whitening, and then cross-correlated to retrieve em-15

pirical Green’s functions. We analyze four frequency bands:
0.5–1, 1–2, 2–4, and 4–8 Hz. For a pair of signals ua(t) and
ub(t), the noise correlation function is written as

Cab(τ) =

∫
ua(t)ub(t+ τ)dt,

where τ is the lag time. Hourly correlation functions are then20

stacked within each day to obtain a daily correlation func-
tion Cd(τ), which is compared with a reference correlation
function Cref(τ) constructed by stacking over a longer pe-
riod, here taken as the full survey duration. This workflow
is standard in ambient-noise monitoring and is implemented25

here using the SeisMIC Python package (Makus and Sens-
Schönfelder, 2024).

We compute all correlation configurations permitted by
the seismic array: (i) single-station cross-component correla-
tions (SC), which correlate different components at the same30

station; (ii) single-station autocorrelations (AC), which cor-
relate each component with itself; and (iii) interstation cor-
relations (IC), which correlate records between station pairs
across the ridge. Single-station cross-component correlations
have previously been shown to recover seasonal dv/v varia-35

tions in Taiwan (Feng et al., 2021).
Relative velocity changes are estimated with the stretching

method (Sens-Schönfelder and Wegler, 2006) applied to the
coda of the daily correlation functions. The method consists
in finding the stretching factor ϵ that maximizes the similarity40

between the daily correlation function and a stretched version
of the reference correlation function:

ρ(ϵ) =

t2∫
t1

Cd(t)Cref(t(1+ ϵ)) dt

√√√√√ t2∫
t1

C2
d(t)dt

√√√√√ t2∫
t1

C2
ref(t(1+ ϵ)) dt

.

Here, t1 and t2 define the coda window over which the mea-
surement is performed. The optimal stretching factor 45

ϵ∗ = argmax
ϵ

ρ(ϵ)

corresponds, to first order, to the relative travel-time pertur-
bation δt/t. Under the assumption that the perturbation is
effectively homogeneous over the sensitivity region sampled
by the coda, the relative seismic velocity change is then given 50

by

dv

v
≈−ϵ∗.

The coda window [t1, t2] is defined separately for each
frequency band so that measurements are made sufficiently
late in the correlation function to emphasize scattered coda 55

waves and avoid early source artefacts (Hobiger et al., 2014).
For each band, we set t1 to four times the longest period in
the band, corresponding approximately to four wavelengths,
and we use a window length of twelve wavelengths.The coda
window [t1, t2] is chosen separately for each frequency band. 60

We set the start time t1 to four times the longest period of the
band, corresponding approximately to four wavelengths, and
use a window duration of twelve wavelengths. This yields
coda windows of 8–32 s for 0.5–1 Hz, 4–16 s for 1–2 Hz,
2–8 s for 2–4 Hz, and 1–4 s for 4–8 Hz. 65

For each frequency band, dv/v is first estimated indepen-
dently for every available correlation configuration. For a
given reference, this yields a similarity matrix Rr(ti, ϵj),
where ti is the day index and ϵj is the tested stretching
factor. Rather than selecting a separate dv/v estimate from 70

each configuration and averaging them afterward, we com-
bine the measurements at the level of the similarity matri-
ces (Illien et al., 2022, 2023). Specifically, we stack the ma-
trices Sr(ti, ϵj) over all available configurations at a given
frequency band, and determine the final daily dv/v from the 75

stretching factor that maximizes the stacked similarity:

S̄(ti, ϵj) =
1

N

N∑
r=1

Sr(ti, ϵj),

where N is the number of available correlation configura-
tions. The final daily velocity change is then obtained as(
dv

v

)
(ti) =−ϵ∗(ti), ϵ∗(ti) = argmax

ϵj
R̄(ti, ϵj). 80

This procedure provides a ridge-scale dv/v estimate for each
frequency band and captures the average response of the
ridge across frequencies.

4 Results: Frequency-dependent dv/v and hydrological
observations 85

Figure 3 shows daily dv/v time series for the four frequency
bands (0.5–1, 1–2, 2–4, and 4–8 Hz) together with precipita-
tion and the pressure gauge located on the ridge.
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Figure 2. Hydrometeorological time series used to characterize the environmental forcing and hydrological response in the Wanrong ridge
study area. (a) Air temperature and precipitation at the seismic deployment site between 2014 and 2016. (b) Groundwater levels in wells
EHW-08 and EH-10, shown separately for shallow and deep piezometric sensors. (c) Discharge at the Wanlichiao and Mataian gauging
stations, together with relative stage measured by the local pressure gauge in a small ridge drainage. (d) ERA5 soil moisture for the 0–7,
7–28, and 28–100 cm depth intervals. The grey shaded area marks the period analyzed in this study corresponding to the seismic deployment.
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a.

b.

Figure 3. Time series of relative seismic velocity changes (dv/v) for the four frequency bands analyzed in this study. (a) Low-frequency
bands (0.5–1 and 1–2 Hz) plotted together with daily precipitation. (b) High-frequency bands (2–4 and 4–8 Hz) plotted together with relative
stage measured by the local pressure gauge. The dv/v variations show clear seasonal and event-scale fluctuations, with substantially larger
amplitudes in the higher-frequency bands than in the lower-frequency bands.

A first-order observation is the strong contrast in dv/v
amplitude across frequency bands. Low frequencies exhibit
smaller variations: 0.5–1 and 1–2 Hz fluctuate by about 0.4%
peak-to-peak. In contrast, higher-frequency bands show sub-
stantially larger excursions: 2–4 and 4–8 Hz reach peak-to-5

peak amplitudes of ∼ 1.3% to 1.5%. Interpreting dv/v am-
plitudes in terms of depth sensitivity is not straightforward
in steep topography; nevertheless, the larger high-frequency
variations are consistent with enhanced sensitivity to shallow
perturbations, where hydrological forcing is expected to be10

strongest in the shallow weathered subsurface.
All frequency bands show a pronounced velocity drop dur-

ing the summer season, with the largest negative dv/v drop
occurring in August 2015, coincident with intense precipi-
tation (Figure 2a). This timing is consistent with concurrent15

rises in groundwater level in both boreholes and increased
discharge at the river gauges (Figure 2bc). Beyond ampli-
tude, the temporal structure of dv/v differs with frequency.
While all bands share the major summer drop and subse-
quent recovery, the detailed shapes of the time series vary20

across bands. Notably, 2–4 and 4–8 Hz exhibit very similar
temporal evolution, suggesting that they are influenced by a
common set of processes and/or sample overlapping sensi-
tivity volumes. In contrast, 0.5–1 and 1–2 Hz show more dis-
tinct dynamics, implying a different mixture of hydrological25

controls at lower frequencies.

To quantify the correspondence between seismic and hy-
drological storage proxies, we compute the Pearson corre-
lation coefficient between dv/v and the groundwater-level
time series for each borehole (Figure 4). As expected, dv/v is 30

negatively correlated with groundwater level, because higher
groundwater levels increase pore pressure, reduce effective
stress, and thereby lower shear-wave velocity in the ridge
(Fokker et al., 2021). Correlation strength depends on both
frequency band and borehole location, and each frequency 35

shows a distinct pattern of correlation with the two boreholes.
At low frequency, 0.5–1 Hz shows the strongest correlation
with EH-10, the borehole located in the Hualien sedimen-
tary plain, which integrates flow over a larger upstream area
and is therefore more representative of basin-scale ground- 40

water fluctuations. In contrast, at higher frequency, 2–4 Hz
shows a clearly stronger correlation with EHW-08, the bore-
hole located in the adjacent valley and drilled in schist, con-
sistent with a more local and shallower storage control. More
broadly, the higher-frequency bands (2–4 and 4–8 Hz) tend 45

to correlate more strongly with the mountain-front borehole,
whereas the lower-frequency bands correlate better with the
borehole in the Hualien plain. These frequency-dependent
correlations support the interpretation that the multi-band
dv/v observations reflect a mixture of reservoir dynamics 50

sampled at different characteristic depths.
The relation between storage proxies (dv/v and groundwa-

ter levels) and river discharge is not straightforward. While
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ation in correlation strength across frequency bands supports the interpretation that the multi-band dv/v observations integrate hydrological
responses with different characteristic depths and spatial supports.

major precipitation events often coincide with discharge
peaks, not all inferred recharge episodes (e.g., groundwater
rises or dv/v drops) produce proportional increases in runoff
at the river gauges. Notably, the pressure gauge on the ridge
recorded an activation of the stream when the seismic ve-5

locity dropped and remained high for the rest of the period
after september 2015. This indicates that the site may have
been particularly dry before the recharge in August 2015 fol-
lowing the drought of 2014 (Hsu et al., 2020). This drought
is also reflected in the soil moisture time-serie (Figure 2d),10

which showed a dip between September 2014 to September
2015.

Taken together, the results indicate that dv/v is strongly
frequency dependent in both amplitude and temporal evo-
lution, and that different bands preferentially track different15

groundwater observations. This supports the central hypoth-
esis that each dv/v band records a superposition of hydro-
logical dynamics integrated over different depths within the
ridge. In the following section, we use Bayesian ICA to dis-
entangle these mixed signals into two independent compo-20

nents interpretable as fast and slow reservoir responses.

5 Bayesian ICA on seismic velocity changes to
disentangle hydrological reservoirs

5.1 Why Bayesian ICA on seismic velocity changes?

Ambient-noise based measurements of relative seismic ve-25

locity changes, dv/v, are commonly estimated in several fre-
quency bands. Each band is sensitive to a range of depths
and physical processes, and therefore integrates the poten-
tial effect of hydrological changes, thermal stress or earth-

quake damage to cite a few. In the context of hydrology and 30

assuming the presence of multiple groundwater storage, we
assume that the observed band-limited time series rarely cor-
respond to a single physical reservoir; instead, they reflect an
unknown mixture of underlying dynamical components as il-
lustrated on Figure 5. 35

A classical approach to disentanglement would rely on
sensitivity kernels (e.g., depth- or process-dependent ker-
nels, Mao et al. (2025)) and a forward model linking envi-
ronmental forcing to elastic property changes (Fokker et al.,
2021). In many deployments, however, the necessary ker- 40

nel information is either uncertain, incomplete, or strongly
site-dependent (e.g., due to heterogeneous near-surface struc-
ture). Here, rather than prescribing sensitivity kernels, we
adopt a blind but physically informed decomposition, where
each frequency band is modeled as a mixture of a small 45

number of independent latent reservoir responses, an ap-
proach that is widely used in geodesy through Independent
Component Analysis methods (Gualandi et al., 2016; Xiong
et al., 2024). The mixture is controlled by band-specific mix-
ing coefficients, denoted cf , which play the role of effective 50

sensitivities and are learned jointly with the corresponding
reservoir dynamics in a Bayesian framework (Roberts and
Choudrey, 2005). Using a Bayesian framework to decom-
pose dv/v time-series was also used in Parkfield, California
(Okubo et al., 2024) but it is the first time to our knowledge 55

that it is used to disentangle multiple hydrological reservoir
with dv/v measured at multiple frequencies. A general for-
mulation of the problem can given in the following.

Let dv/vf (t) be the observed dv/v time series in frequency
band f ∈ {1, . . . ,F} (with F = 4 in this work). We model 60

each band as a linear superposition of latent reservoir re-
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sponses Rk(t) weighted by the mixing coefficients wf,k:

d̂v/vf (t) =

K∑
k=1

wf,kRk(t), wf,k ≥ 0,

K∑
k=1

wf,k = 1,

(1)

where K is the number of latent reservoirs. In the special
two-reservoir case (K = 2), taken in our study, this reduces
to5

d̂v/vf (t) = cf R1(t)+
(
1−cf

)
R2(t), cf ∈ (0,1). (2)

The coefficients cf are inferred from the data and summa-
rize how strongly each frequency band loads on the “fast”
versus “slow” reservoir response. The decomposition is then
used as a generative model within a Bayesian inference10

framework. The Bayesian framework is useful here because
it enables uncertainty quantification and makes it possible
to evaluate whether the decomposition is actually well con-
strained by the data. In this sense, the mixing coefficients also
implicitly account for the net physical changes integrated15

over the unknown sensitivity kernels sampled by each fre-
quency band 5.

5.2 Bayesian formulation: posterior, likelihood, and
noise model

Let D = {dv/vf (t)} denote the multi-band dv/v obser-20

vations for frequency bands f = 1, . . . ,F and times t=
1, . . . ,T . We seek the posterior distribution of the model
parameters and latent variables, denoted collectively by θ,
given the observations:

p(θ |D) =
p(D | θ)p(θ)

p(D)
∝ p(D | θ)p(θ), (3)25

where p(D | θ) is the likelihood, that is, the probability of
the observed dv/v data given a particular choice of parame-
ters and latent reservoir responses; p(θ) is the prior, which
encodes our assumptions about plausible parameter values
before considering the data; and p(D) is the evidence, a nor-30

malizing constant that ensures the posterior integrates to one
(and is not required explicitly for the Markov Chain Monte
Carlo (MCMC) sampling described in Appendix B). The
posterior distribution p(θ |D) therefore represents the up-
dated probability of the parameters and latent reservoir re-35

sponses after combining prior assumptions with the informa-
tion contained in the observations. We sample this posterior
distribution using an MCMC algorithm, which is described
in Appendix B, with the prior distributions adopted for all
parameters given in Appendix A.40

5.2.1 Reservoir dynamics driven by precipitation.

Each latent response is generated by convolving precipi-
tation inputs with an exponential recession kernel (Sens-
Schönfelder and Wegler, 2006; Hillers et al., 2014) with time

scale τk, 45

Rk(t;θ) =
∑
t′≤t

Ik(t
′) exp

(
− t− t′

τk

)
+ Rk0 exp

(
− t

τk

)
,

(4)

This formulation makes it possible to infer how precipitation
is partitioned between reservoirs with different characteristic
recession times, and therefore to assess toward which stor-
age components the incoming water is preferentially routed. 50

Here, Ik(t
′)≥ 0 are precipitation amplitudes assigned to

reservoir k at event times and Rk0 ≥ 0 is an optional initial-
condition term. Event amplitudes are partitioned conserva-
tively from a prior precipitation series r(t):

I1(ti) = pi r(ti), I2(ti) = (1− pi)r(ti), (5) 55

with pi ∈ (0,1) inferred for each event ti (details in Ap-
pendix A).

5.2.2 Likelihood and Gaussian noise assumption.

Because absolute dv/v amplitudes can differ across fre-
quency bands due to processing choices and unknown gains, 60

our primary inversions use a shape-only likelihood. We trans-
form both observations and predictions to a common normal-
ized space:

dv/v⋆f (t) = Norm(dv/vf (t)) ,

d̂v/v
⋆

f (t;θ) = Norm
(
d̂v/vf (t;θ)

)
,

(6)

where Norm(·) denotes de-meaning and normalization by 65

the root mean square of the data. We then assume indepen-
dent Gaussian residuals for each frequency band:

dv/v⋆f (t) = d̂v/v
⋆

f (t;θ)+ εf (t), εf (t)∼N (0,σ2
f ),

(7)

with band-dependent noise scales σf . Under this assumption,
the likelihood is the product of Gaussian probabilities over all 70

times and frequency bands; for convenience, we work with
its logarithm, which converts this product into a sum. The
log-likelihood is

logp(D | θ) =
F∑

f=1

T∑
t=1

[
−1

2
log

(
2πσ2

f

)
− 1

2σ2
f

(
dv/v⋆f (t)− d̂v/v

⋆

f (t;θ)
)2]

. (8) 75

We apply the Bayesian ICA framework to the multi-band
dv/v observations using K = 2 latent reservoirs. Posterior in-
ference is performed with five independent MCMC chains;
after discarding burn-in and pooling samples, we obtain sta-
ble and well-converged posterior distributions for the key pa- 80

rameters (Figures 6).
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Figure 5. Conceptual framework linking hydrological storage and seismic observations. In the conceptual hillslope model, precipitation infil-
trates into the subsurface and is partitioned between a shallow and a deeper reservoir, with flow partly transmitted through fractures. Seismic
interferometry records the resulting relative seismic velocity changes, while different frequency bands sample different depth sensitivities
and therefore different mixtures of the two reservoir responses.

5.3 Results: Bayesian ICA separation of fast and slow
reservoirs

5.3.1 Reservoir timescales

The two-reservoir model yields two well-defined and non-
overlapping posterior distributions for the characteristic re-5

cession timescales. The fast reservoir exhibits a posterior
median of τ1 = 69 days, while the slow reservoir exhibits
a posterior median of τ2 = 160 days (Figure 6a). The clear
separation between τ1 and τ2 indicates that the data support
two distinct reservoir timescales rather than a single broad10

characteristic timescale. The corresponding latent reservoir
responses R1(t) and R2(t) are shown in Figure 7a; R1(t)
responds rapidly to forcing and decays over weeks, whereas
R2(t) integrates forcing over longer periods and decays over
several months.15

5.3.2 Fit to frequency-dependent dv/v time series

For each frequency band f , the model predicts d̂v/vf (t) =
cfR1(t)+ (1− cf )R2(t) (Eq. 2). Overall, the two-reservoir
mixture reproduces the observed seasonal evolution and
event-scale modulations in dv/v across bands (Figure 7).20

Agreement is particularly strong during the main recharge
and recession phases spanning the rainy season in August-
September 2015 and subsequent recovery. Deviations are
most apparent from November to February, where the model
underfits portions of the observed variability. These misfits25

likely reflect processes not represented in the present two-
reservoir formulation, such as the assumption that precipita-
tion input enters the reservoirs without additional losses, and
motivate the discussion in Section 6.

5.3.3 Frequency-dependent mixing coefficients 30

The band-specific mixing coefficient cf , interpretable as the
relative sensitivity of frequency band f to the fast reser-
voir compared to the slow reservoir, shows a systematic fre-
quency dependence (Figure 6b). For the highest-frequency
bands, 2–4 and 4–8 Hz, the posterior distributions of cf are 35

concentrated near 1, indicating that these bands are dom-
inated by the fast reservoir signal. At lower frequencies,
the posterior medians shift toward smaller values: cf ≈ 0.74
for 1–2 Hz and cf ≈ 0.66 for 0.5–1 Hz. This trend indi-
cates an increasing contribution of the slow reservoir at 40

lower frequencies, consistent with the expectation that lower-
frequency dv/v integrates a larger fraction of deeper and/or
more spatially extensive storage dynamics.

5.3.4 Shape-noise levels across bands

Posterior estimates of the band-dependent shape-noise scale 45

σf also vary systematically with frequency (Figure 6c).
Higher-frequency bands exhibit smaller σf , i.e., higher
signal-to-noise in the normalized likelihood, whereas lower-
frequency bands exhibit larger σf . If the largest relative
changes in elastic properties (and hence dv/v) occur pre- 50

dominantly at shallow depths, then one expects stronger hy-
drologic signal and improved effective SNR in the higher-
frequency bands. This also implies that the true noise level at
each frequency bands could be constant.

5.3.5 Precipitation partitioning between fast and slow 55

storage

A key output of the inversion is the event-wise partition frac-
tion pi, which quantifies the fraction of forcing routed into
the fast reservoir at each precipitation event (Eq. 5). In Fig-
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Figure 6. Results of the Bayesian ICA inversion. (a) Posterior distributions of the characteristic timescales of the fast and slow reservoirs,
τ1 and τ2. (b) Posterior distributions of the frequency-dependent mixing coefficients cf , which quantify the relative sensitivity of each dv/v
band to the fast reservoir. (c) Posterior distributions of the band-specific noise parameters σf . (e) Event-wise precipitation amounts partitioned
between the fast and slow reservoirs by the inversion. The results show a clear separation of two reservoir timescales and systematic frequency
dependence in both mixing and noise.

ure 6d, we plot this fraction multiplied by the precipitation
prior, so that the displayed quantities correspond to the pre-
cipitation input assigned to each reservoir. Because the in-
version is carried out in a normalized dv/v amplitude space,
these time series are best interpreted through their temporal5

evolution and relative changes, rather than through their ab-
solute amplitudes. The inferred partitioning exhibits seasonal
structure: during summer, the median contribution routed to
the fast reservoir is reduced relative to other periods, sug-
gesting that a larger portion of precipitation is directed into10

the slower compartment during the rainy season. We return to
potential interpretations in Section 6, including the role of an-
tecedent wetness, transient connectivity, and shallow buffer-
ing that may modulate how rainfall is transmitted into fast
versus slow pathways.15

5.3.6 Comparison to a single-reservoir model

A model constrained to a single reservoir (K = 1) does not
provide a satisfactory fit to the multi-band dv/v observa-
tions (Figure S1). In particular, a single timescale cannot si-
multaneously reproduce the rapid variations emphasized in20

the higher-frequency bands and the smoother, more persis-
tent dynamics expressed at lower frequencies. This compar-

ison supports the inference that at least two distinct storage
timescales are required to explain the observed frequency de-
pendence. 25

6 Discussion

6.1 Model assumptions, validity, and limitations

Our Bayesian ICA framework is intentionally simple: it aims
to extract dominant storage timescales and their frequency-
dependent mixing from multi-band dv/v without prescribing 30

a detailed, site-specific sensitivity kernel. In the following,
we discuss the assumptions made with our approach.

All precipitation enters the subsurface forcing.

In the current implementation, the total precipitation r(t)
amplitudes is partitioned into the fast and slow reservoirs 35

(Eq. 5). In reality, a substantial fraction of rainfall is lost to
evapotranspiration, and part of the input may generate over-
land flow directly to the river without contributing to storage.
Incorporating ET explicitly would require either a calibrated
water-balance model or additional data. We also do not con- 40



: 11

4-8 Hz

2-4 Hz

1-2 Hz

0.5-1 Hz

re
se

rv
oi

r 
dy

na
m

ic
s

no
rm

al
is

ed
 s

ha
pe

 +
 o

ffs
et

fast component

Best fitting reservoir components

Data (grey) vs best fit (dashed black)

time [days]

slow component

a.

b.

Figure 7. Best-fitting two-reservoir Bayesian ICA model for the multi-band dv/v observations. (a) Inferred latent reservoir dynamics,
showing the fast and slow components obtained from the inversion. (b) Comparison between the observed dv/v time series (grey) and the
best-fitting model predictions (dashed black) for the four analyzed frequency bands (0.5–1, 1–2, 2–4, and 4–8 Hz). The model reproduces
the main seasonal and event-scale variations in the data, while highlighting the different relative contributions of the fast and slow reservoirs
across frequency bands.

strain the link between rainfall amplitude and the amplitude
of hydrologically induced dv/v. One could imagine a further
flexible inversion in which event amplitudes were allowed
to vary independently. While this can improve fit, it also in-
creases the risk of overfitting by allowing the forcing to ex-5

plain nearly all observed variability.

Independence of reservoirs and lack of exchange.

Our two-reservoir formulation assumes that the fast and
slow compartments evolve independently and are only linked
through precipitation partitioning. In reality, hillslope sys-10

tems likely exhibit exchange (e.g., drainage from shallow
storage feeding deeper groundwater and vice-versa) and
state-dependent connectivity. Allowing exchange would in-
troduce additional parameters (e.g., transfer coefficients)
and could help explain periods of systematic misfit (e.g.,15

November–February; Figure 7). However, we note that it
makes our components truely independent, conceptually.

Linearity between storage and dv/v.

We assume that the contribution of each reservoir variable
Rk(t) to dv/v is linear (Eqs. 1–2). This assumption is in- 20

tended as a first-order approximation, since seismic veloci-
ties may vary nonlinearly with water storage, pore pressure,
and effective stress, and because the governing relationships
may differ between the shallow regolith and the deeper frac-
tured bedrock. Even so, the close agreement between mod- 25

eled and observed band-limited dv/v over most of the record
(Figure 7) indicates that the linear formulation captures the
dominant temporal changes of the velocities.
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Temperature and other non-hydrological influences.

We did not explicitly model temperature effects within the
ICA inversion and instead rely on preprocessing and the ex-
pectation that hydrological forcing dominates annual dv/v
variability at the studied frequencies. Residual thermoelas-5

tic contributions (Richter et al., 2014) and seasonal noise-
source changes (Zhan et al., 2013) remain potential contribu-
tors, especially during winter months when rainfall forcing is
weaker. Future work could explicitly include a temperature-
driven component (e.g., an additional latent mode with a ther-10

moelastic prior) and evaluate whether it reduces winter mis-
fits without compromising identifiability of the hydrological
reservoirs. We hypothesize that temperature may play an in-
direct role through not thermal stress but rather via the par-
titioning of precipitation pi, which we captured in the inver-15

sion.

6.2 Methodological improvements and extensions

The framework is modular: while we used exponential reces-
sion to represent reservoir dynamics, other time-series mod-
els could be substituted (e.g., state-dependent drainage, or20

physically motivated unsaturated-zone transfer functions). A
natural extension is to embed a more physical hydrological
model with depth informations. Doing so robustly, however,
requires additional constraints (e.g., distributed soil mois-
ture, piezometric profiles, tracer-derived transit times, or site-25

specific sensitivity information for dv/v).
We also fixed the number of reservoirs to K = 2 to high-

light both a fast and slow components. This number was
justified by geochemistry studies in the Liwu catchment
Calmels et al. (2011), where two reservoirs (a fast runoff30

and a deep groundwater) were constrained. An additional
reservoir was coined as ’slow runoff’ but is supposed to
only be activated durnig typhoons, which did not occur dur-
ing the deployment. A principled way to infer K would
be to adopt a transdimensional Bayesian approach (e.g.,35

reversible-jump MCMC such as used in tomographic inver-
sion, Bodin et al. (2012)) or to compare models using pre-
dictive criteria (e.g., Watanabe–Akaike information criterion,
WAIC) in a way that penalizes unnecessary complexity. Such
approaches could objectively test whether an intermediate40

reservoir (or a dedicated thermoelastic component) is sup-
ported by the data.

6.3 Seasonal precipitation partitioning and
hydrological interpretation

The inferred event-wise partitioning suggests that, during45

summer, a larger fraction of precipitation is routed into the
slow reservoir than during other seasons (Figure 8). If the
slow component reflects deeper and/or more spatially exten-
sive storage (as implied by the lower-frequency mixing coef-

ficients; Section 5.3.3), this points to enhanced deep recharge 50

during the typhoon season.
A plausible mechanism is state-dependent connectivity:

repeated rainfall during summer maintains high antecedent
moisture and reduces soil-water deficits, increasing hydraulic
connectivity and promoting deeper percolation and recharge. 55

Above 200 mm of cumulative precipitation per month, most
of the precipitation was routed to the slow reservoir, which
suggest that the high precipitation may have brought the fast
reservoir closer to saturation. In the Nepal Himalayas, sub-
surface moisture has been proposed as a key regulator of 60

groundwater recharge and catchment-scale runoff generation
under monsoon forcing (Illien et al., 2021), consistent with
the idea that seasonal wetting can unlock deeper transfer
pathways.

Within this conceptual picture, the fast reservoir likely re- 65

flects shallow, rapidly responding storage (e.g., near-surface
regolith and perched zones) that drains over weeks, while
the slow reservoir reflects deeper storage and longer reces-
sion over months. The summer shift toward slow routing may
therefore reflect both more frequent and intense precipitation 70

inputs and enhanced deep connectivity under persistently wet
conditions.

6.4 Order-of-magnitude hydraulic diffusivities from
recession timescales

Although aquifer geometry and boundary conditions are un- 75

certain, the inferred recession timescales can be used to esti-
mate an effective hydraulic diffusivity D (units m2 s−1) un-
der a simple 1-D diffusion approximation (Carr and Simp-
son, 2018). For a characteristic length scale L, a common
estimate of the dominant diffusion timescale is 80

τ ≈ L2

π2D
, (9)

which yields

D ≈ L2

π2τ
. (10)

Here, τ represents the characteristic relaxation time of
hydraulic-head perturbations over the length scale L. 85

Taking L= 1700 m (ridge scale, Figure 1) gives:

– using τ2 = 160 days: D ≈ 2.1× 10−2 m2 s−1,

– using τ1 = 69 days: D ≈ 4.7× 10−2 m2 s−1.

These values are moderate-to-high and could be consis-
tent with shallow saturated colluvium or highly transmissive 90

near-surface deposits. This interpretation is plausible given
that the ridge is affected by slope instabilities and landslide-
related materials documented at the site.

If instead the relevant length scale is closer to the dis-
tance to the main divide (e.g., L= 16 km), then using τ2 = 95

160 days yields D ≈ 1.9 m2 s−1, an extremely high value
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Figure 8. Relation between monthly precipitation partitioning and
temperature. (a) Monthly precipitation amount assigned to the fast
reservoir as a function of total monthly precipitation. (b) Monthly
precipitation amount assigned to the slow reservoir as a function of
total monthly precipitation; the grey line indicates the 1:1 relation.
(c) Average monthly partitioning to the fast reservoir as a function
of total monthly precipitation, shown with uncertainty bars. Marker
colour indicates demeaned temperature. The figure suggests that
warmer and wetter periods are associated with a larger proportion
of precipitation routed to the slow reservoir.

more typical of pressure diffusion through fractured rock at
larger scales (Andermann et al., 2012). This highlights a key
uncertainty: τ is well constrained by the data, but L is not
uniquely defined and may differ between the fast and slow
components.5

To help interpret the latent reservoirs, we plotted the in-
ferred Rk(t) time series against all available groundwater-
level records (Figure 9). Reservoir component 1 is most con-
sistent with boreholes located along the adjacent mountain
front draining the neighboring catchment (EHW-08 on Fig-10

ure 1), most of which are drilled in schist,with the top 10m
being colluvium materials. Reservoir component 2, in con-
trast, shows greater correspondence with boreholes from the
Hualien sedimentary plain EH-10 on Figure 1, suggesting an
association with the shallower alluvial aquifer system. A no-15

table exception occurs in June 2015, when rainfall caused a
pronounced increase in reservoir component 2, whereas no
comparable rise is observed in the borehole data. One possi-

ble explanation for this discrepancy is that evapotranspiration
is not explicitly accounted for, leading the model to overes- 20

timate the fraction of rainfall contributing to temporary sub-
surface storage.

7 Conclusions

We used multi-frequency ambient-noise interferometry to
track relative seismic velocity changes (dv/v) on a Taiwan 25

mountain-front ridge and showed that the frequency depen-
dence of dv/v reflects mixed hydrological dynamics rather
than a single storage mode. A Bayesian ICA decomposition
resolves two distinct reservoir timescales (posterior medi-
ans τ1 = 69 days and τ2 = 160 days) and reveals systematic, 30

frequency-dependent mixing: higher frequencies primarily
load on the fast reservoir, whereas lower frequencies show
an increasing contribution from the slow reservoir. Event-
wise partitioning further suggests seasonal modulation of
recharge routing, with a larger fraction of summer precipi- 35

tation routed into the slower compartment. Together, these
results demonstrate that Bayesian ICA provides an inter-
pretable, uncertainty-aware way to disentangle fast and slow
groundwater storage dynamics from multi-band dv/v in com-
plex mountainous terrain, offering a new observational con- 40

straint on MBR-related processes where direct monitoring is
limited.

Code availability. The code for Bayesian inversion will be pub-
lished on Github upon publication. We will also upload the param-
eter files used in the SeisMiC Python package for the estimation of 45

dv/v

Data availability. Data will be made available upon publication.
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Appendix A: Priors and parameterization

A1 Observation model

We consider F frequency bands (here F = 4) and a daily
time grid t= 1, . . . ,T . Let dv/vf (t) denote the observed
dv/v time series for band f .5

In the two-reservoir model (K = 2), each band is modeled
as a mixture of two latent reservoir responses:

d̂v/vf (t) = cf R1(t)+
(
1− cf

)
R2(t), cf ∈ (0,1).

Because absolute dv/v amplitudes can vary across bands
due to processing and unknown gain factors, the primary in-10

ference is performed in shape space. Each band is demeaned
and normalized by its root mean square:

dv/v⋆f (t) =
dv/vf (t)− dv/vf

RMS
(
dv/vf (t)− dv/vf

) .
Model predictions are treated consistently. Let

R⋆
k(t) =

Rk(t)−Rk

RMS
(
Rk(t)−Rk

) .15

Then the band prediction in shape space is

d̂v/v
⋆

f (t) = Norm(cf R
⋆
1(t)+ (1− cf )R

⋆
2(t)) ,

where Norm(·) denotes the same demean-and-RMS normal-
ization as above. Residuals are modeled as Gaussian:

dv/v⋆f (t) = d̂v/v
⋆

f (t)+ εf (t), εf (t)∼N (0,σ2
f ),20

with band-dependent “shape-noise” scales σf .

A2 Latent reservoir dynamics

Hydrological forcing is represented by a nonnegative event
prior series r(t)≥ 0, typically sparse in time (e.g., daily pre-
cipitation impulses). Reservoir k responds as an exponential25

recession with time constant τk:

Rk(t) =
∑
t′≤t

Ik(t
′) exp

(
− t− t′

τk

)
,

where Ik(t
′)≥ 0 is the effective event amplitude routed to

reservoir k at event time t′.

A2.1 Initial condition / tail term.30

An optional initial condition term represents storage at the
start of the study, implemented as a decaying exponential tail:

Rk,0(t) =Rk0 exp

(
− t

τk

)
, Rk0 ≥ 0,

so that Rk(t)←Rk(t)+Rk,0(t) when initial conditions are
inferred.35

A2.2 Ordered time scales.

To avoid label switching and maintain interpretability, we en-
force

τmin ≤ τ1 < τ2 ≤ τmax.

In the implementation, (τ1, τ2) are generated from un- 40

constrained variables (e.g., (x1,x2) ∈ R2) through a smooth,
monotone mapping that guarantees ordering and bounds.

A3 Conservative precipitation partition

To ensure mass conservation and avoid unphysical changes
to forcing magnitude, event amplitudes are partitioned con- 45

servatively:

I1(ti) = pi r(ti), I2(ti) = (1− pi)r(ti), (A1)

for event times ti where r(ti)> 0. This enforces I1(ti)+
I2(ti) = r(ti) exactly for every event.

The partition fraction pi must lie between 0 and 1. Rather 50

than sampling pi directly, we introduce an unconstrained
variable qi ∈ R and transform it through a logistic function:

pi =
1

1+exp(−qi)
.

This guarantees that pi always remains in the interval (0,1).
We interpret pi as the fast fraction for event i. 55

A4 Priors

A4.1 Mixing coefficients cf .

We use a Beta prior for the mixing coefficient cf , since cf
must remain between 0 and 1:

cf ∼ Beta(αc,αc), αc ≥ 1. 60

This symmetric prior is centered on 0.5, so it does not fa-
vor either reservoir a priori, while still discouraging extreme
values close to 0 or 1 unless they are required by the data.

A4.2 Event partition variables qi.

We place a Gaussian prior on the unconstrained partition 65

variables:

qi ∼N (0,s2q).

Because pi is obtained from qi through a logistic transform,
this prior controls how strongly the partitioning is pulled to-
ward an even split between the two reservoirs. When sq is 70

small, most values of qi remain close to zero, which implies
pi ≈ 0.5. Larger values of sq allow more extreme values of
qi, and therefore make near-exclusive routing to one reservoir
or the other (pi ≈ 0 or pi ≈ 1) more plausible.
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A4.3 Time scales τ1, τ2.

The reservoir time scales must satisfy both physical bounds
and the ordering constraint τ1 < τ2, so they are not sampled
directly. Instead, we sample unconstrained variables (x1,x2)
and map them to admissible values of (τ1, τ2) using the pa-5

rameterization described above. We assign weakly informa-
tive priors to (x1,x2) (for example, independent Gaussian
priors), which in turn induce a broad prior over the allowed
range of (τ1, τ2). This choice keeps the prior flexible while
ensuring that the fast reservoir remains faster than the slow10

reservoir.

A4.4 Noise scales σf .

We parameterize σf via logσf and apply a half-normal prior
on σf (equivalently a log-density on logσf ):

σf ∼HalfNormal(σprior), σf > 0.15

A4.5 Initial-condition amplitudes Rk0.

When inferred, Rk0 ≥ 0 receives a half-normal prior with
scale R0,prior:

Rk0 ∼HalfNormal(R0,prior).

Appendix B: MCMC inference algorithm20

This appendix describes the Metropolis–Hastings sampling
scheme used to approximate the posterior distribution of pa-
rameters and latent states. The sampler cycles through a set
of proposal moves that target different parameter blocks, ac-
cepting or rejecting each move based on the Metropolis cri-25

terion.

B1 State vector

For the two-reservoir model, the state at iteration s com-
prises:

– event-routing variables q = (qi)
N
i=1 (one per precipita-30

tion event);

– time scales (τ1, τ2) (ordered and bounded);

– mixing weights c= (cf )
F
f=1 with cf ∈ (0,1);

– noise scales σ = (σf )
F
f=1;

– initial conditions (R10,R20);35

Given a state, event amplitudes are computed deterministi-
cally via pi = σ(qi) and Eq. (A1), then latents R1(t),R2(t)

and predictions d̂v/vf (t) are computed via the convolution
and mixing relations above.

B2 One MCMC sweep: step-by-step 40

A sweep consists of applying the following proposals in se-
quence. Let logπ(θ) denote the log-posterior (log-likelihood
plus log-priors) for current state θ.

B2.1 (1) Local event update for qi (single-event move).

Select an event index i and propose 45

q′i = qi + η, η ∼N (0,σ2
q,local),

keeping other qj unchanged. The proposal changes pi and
therefore modifies (I1, I2) at that event while preserving I1+
I2 = r exactly. Reservoir latents are updated efficiently us-
ing precomputed convolution columns (through design ma- 50

trices): only the contributions from event i change. Accept
with probability

α=min
{
1,exp

[
logπ(θ′)− logπ(θ)

]}
.

B2.2 (2) Block event update for q (multi-event move).

To improve mixing when precipitation events cluster in time, 55

select a group of event indices W and propose a common
shift

q′W = qW + δ, δ ∼N (0,σ2
q,block),

again preserving conservative partitioning at each event.
Reservoir latents are updated using matrix–vector products 60

restricted to the selected event group.

B2.3 (3) Mixing-weight update for cf (band-wise).

For each band f , propose a random walk in uf :

u′
f = uf + ξ, ξ ∼N (0,σ2

c ), c′f = σ(u′
f ).

The Jacobian term for the logistic map is included in the log- 65

posterior when sampling in uf . The proposed value is ac-
cepted with probability

α=min
(
1,exp

[
logπ(θ′)− logπ(θ)

])
,

where π(θ) denotes the posterior density. This is the standard
Metropolis acceptance rule. 70

B2.4 (5) Noise-scale update for σf (band-wise).

Propose random walks in logσf :

logσ′
f = logσf + ζ, ζ ∼N (0,σ2

logσ).

Accept/reject using the change in likelihood and the half-
normal prior on σf . 75

B2.5 Initial-condition update

For initial conditions, propose random walks in logRk0

and update the corresponding exponential tail contributions
Rk,0(t) for k = 1,2. Accept/reject using the change in likeli-
hood and the prior on Rk0. 80
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B2.6 (7) Time-scale update for (τ1, τ2).

Propose random walks in the unconstrained variables:

x′
1 = x1 + ν1, x′

2 = x2 + ν2, ν1,ν2 ∼N (0,σ2
τ ),

then map (x′
1,x

′
2) 7→ (τ ′1, τ

′
2) ensuring τ ′1 < τ ′2 and bounds.

Recompute the convolution kernels and design matrices for5

the proposed time scales, then recompute R′
1,R

′
2 (using cur-

rent q and IC terms). Accept/reject with the Metropolis crite-
rion.

B2.7 (9) Storage, best-state tracking, and pooling.

Every sweeps, store the current parameters in a trace (includ-10

ing q for two-reservoir posterior predictive reconstructions).
Separately track the maximum a posteriori state by com-
paring current log-posterior values, used for “best fit” plots.
Multiple chains are assessed for convergence (trace overlap,
R̂) and pooled after discarding burn-in and excluding non-15

converged chains.

B3 One-reservoir special case

For the K = 1 model, the mixing coefficients and partition
variables are removed: dv/vf (t) is explained by a single la-
tent R(t) with one time scale τ (and optional IC and tem-20

perature terms). The MCMC sweep is simplified by omitting
the q- and c-updates, while retaining updates for τ , σf , and
optional temperature/IC parameters.
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Figure S1. Fit of the single-reservoir (K = 1) Bayesian ICA model
to the normalized multi-band dv/v observations. The upper pan-
els compare the observed normalized dv/v time series (blue) with
the best-fitting model predictions (orange) for the four analyzed fre-
quency bands (0.5–1, 1–2, 2–4, and 4–8 Hz). The lower panels show
the posterior distribution of the single reservoir timescale τ1 and
the posterior distributions of the band-specific noise parameters σf .
The single-reservoir model does not reproduce the full frequency-
dependent variability of the observations, supporting the need for at
least two reservoirs to explain the multi-band dv/v dynamics.


