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Abstract. In semi-arid regions, the timing and duration of the rainy season determine determines plant water availability, which
directly impacts food security. Rainy season metrics, which aim to define and, in some cases, predict the onset and end of
seasonal rains can support agricultural planning, such as scheduling planting dates and managing water resources. However,
these metrics based on precipitation time series do not always accurately reflect plant water availability, and the variety of
available metrics can complicate the selection of the most suitable one. This study demonstrates that rainy season metrics are more useful for agricultural
purposes when their parameters are calibrated using local vegetation data. Furthermore, a metric’s ability to capture observed vegetation variability
can indicate its applicability over larger spatial or temporal scales. We test this hypothesis in the semi-arid Rio Santa basin in the Peruvian Andes by
evaluating seven common 1 NiS study introduces a new bucket-type metric that incorporates a simplified water balance, accounts
for both accumulation and storage and also takes inter-annual legacy effects into account. We evaluate its performance
against seven commonly used rainy season metrics, both calibrated and uncalibrated, against land surface phenology data obtained from
using 18 years of satellite-derived Normalised Normalized Difference Vegetation Index (NDVI) data. Additionally, we introduce a new bucket-type
metric that incorporates a simplified water balance, considering both accumulation and storage. To test the robustnessof the metrics under future climate scenariosfrom the
semi-arid Rio Santa basin in the Peruvian Andes. Our results demonstrate that calibrating metrics using vegetation data
significantly enhances their ability to capture rainy season dynamics, with the bucket metric outperforming others in both
accuracy and robustness. Furthermore, we examine the sensitivity of ese all metrics to variations in rainfall intensity and
frequency using statistically downscaled CMIP5 rainfall data for under future climate scenarios, using a previously published high-resolution
dataset specifically designed for the Rio Santa basin which provides historical (1981-2018) and fuwre rainfall data and future
projections (2019-2100) periods under based on 30 statistically downscaled CMIP5 models for RCP 4.5 and 8.5 scenarios .
Our results show that calibrating metrics using vegetation data improves their consistency in capturing the start and end dates of the rainy season . The newly introduced bucket
metric outperforms the other metrics in both accuracy and robustness. Howeverrespectively. While most rainy season metrics exhibit expected

correlations in response to climatic Changes, some established metrics exhibit sensitivities that raise concerns about their applicability under
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potential shifts in rainfall patterns due to climate change. Overall, CMIP5 projections reveal no consistent display physically inconsistent behavior, likely due
to methodological artifacts, highlighting their limitations in assessing hydroclimatic changes. In addition to the sensitivity
analysis, we evaluate long-term trends in rainy season onset and characteristics. Statistically downscaled CMIP5 ensemble
projections for the future period suggest only a slight delay in the rainy season end, with no consistent trends in onset timing.
Instead, inter-annual variability and ensemble spread being the dominant factorsremain the dominant influences. Our findings hightight
the importance of calibrating metrics and stress-testing them across various climate conditions €mphasize the need for careful calibration of metrics
across diverse climate scenarios and different locations to ensure their agricultural relevance. The framework introduced here can easily be
adapted for application in reliability for agricultural planning, policymaking, and climate adaptation strategies. By providing a novel
framework for evaluating rainfall metrics, this study offers a scalable approach that can be readily applied to other semi-arid

regions.

1 Introduction

In semi-arid regions, people’s livelihoods are closely linked to seasonal water availability, relying strongly on the timing of the
rainy season (Warner et al., 2012). Forecasting the local to regional onset and end of the rainy season is a crucial requirement
in agriculture, tourism, water management and hydro-electricity generation while changes to the timing of the rainy season are
frequently used as a measure of climate change (e.g. Zampieri et al., 2023). Previously, a variety of approaches for numerically
determining the onset and end of rainy seasons from precipitation time series have been used in regions with distinct seasonal-
ities of rainfall, hereafter named metrics (e.g. Bombardi et al., 2019b; Fitzpatrick et al., 2015; Sedlmeier et al., 2023). Broadly,
these metrics consist of threshold-based approaches (Sedimeier et al., 2023) which must be configured for each region (Sedimeier
et al., 2023), or time series inflection point approaches (hereafter objective metrics) which, in theory, are applicable to any
region with a distinct hygric seasonality (Liebmann et al., 2007; Liebmann and Marengo, 2001). The latter have been previ-
ously used to create a global dataset of rainy season dynamics (Bombardi et al., 2019a). Furthermore, specialized methods have
been designed for regions with bimodal rainy seasons (e.g. Dunning et al., 2016) in mind or for regions with high spatiotem-
poral variability of rainfall by employing data manipulation approaches such as Principal Components Analysis (Camberlin
and Diop, 2003), Standard Precipitation Index (Silva et al., 2008), two-phase linear regression (Cook and Buckley, 2009) or
a flexible definition of the hydrological year to account for spatial and interannual variability in certain regions (Ferijal et al.,

2022; Seregina et al., 2018, to name a few).

The resulting onsets and ends of rainy seasons can vary considerably depending on whether the methods were tailored to
specific rain-gauge data, crop requirements or larger-scale characterization of temporal monsoon developments (Fitzpatrick
et al., 2015; Sedlmeier et al., 2023). Often, authors emphasize the importance of determining rainy season characteristics for either
agricultural planning, monitoring of ecosystems, assessments of temporal water availability in the light of a changing climate
or water management topics in general is emphasized (e.g. Bombardi et al., 2019b; Fitzpatrick et al., 2015). However, «©

precipitation time series are typically subject to significant uncertainties (e.g. Kidd et al., 2017; Pollock et al., 2018), which
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can lead water users and managers to make improper assumptions or take misguided actions. These uncertainties are
particularly problematic in regions where decisions about planting, irrigation scheduling, or reservoir management rely
heavily on short- or mid-term rainfall predictions. To the best of our knowledge, strategies to validate rainy season metric outputs
based on independent data the outputs of rainy season metrics against independent observations are currently lacking. In this context,
the usability of these rainy season metrics from the perspective of the needs of water users and managers remains unknown I NiS raises concerns about whether
such metrics accurately capture conditions on the ground and highlights the need for validation frameworks that ensures
their relevance and reliability for practical applications and allows to reliably deduce climatic changes. Furthermore, other
aspects such as the importance of legacy effects beyond one hydrological year or the sensitivity of rainy season metrics to the al-
teration of the hydrological cycle, which is to be expected under climate change, have so far not been assessed. Regarding such

independent data to assess the validity of rainy season metrics in

This raises the challenge of designing an independent validation approach. While variables directly linked to the
hydrological cycle such as soil moisture measurements would represent the ideal choice, their availability at (near-
)climatological timescales is limited. In semi-arid regions, spectral vegetation indices (proxies for land surface greenness) from satellite data are a
promising candidate for calibration due to their availability in high spatio-temporal resolution . Additionally, precipitation measurements are subject to uncertainties (e.g. Kidd et al.,
2017; Pollock et al., 2018). This emphasizes the need for integration of a reliable validation strategy as otherwise timings derived from rainy season metrics might be inappropriate
from a practitioner’s perspective or deduced climatic changes might be interpreted in a misleading way. We Vegetation dynamics provide a useful alternative,
as they exhibit a strong correlation with the seasonal precipitation cycle, albeit with a characteristic time lag (Hanchen
et al., 2022). Remotely sensed proxies for vegetation development offer high spatiotemporal resolution and have been
successfully used to study vegetation development for more than half a century (starting with Rouse Jr et al., 1973).
We therefore argue that incorporating an independent metric validation scheme based on vegetation development provides
three crucial advantages: Firstly, validated and calibrated rainy season metrics align directly with local vegetation responses
to changes in water availability. Secondly, time series of precipitation or other water-related variables can be tested regarding
their quality. Lastly, previously published metrics, often designed for specific data and locations, can be assessed for their
applicability in different regions. Regarding such independent data to assess the validity of rainy season metrics in semi-
arid regions, spectral vegetation indices (being proxies for land surface greenness) from satellite data are a promising

candidate for calibration due to their availability in high spatio-temporal resolution.

In complex regions like the this study, we develop and demonstrate a novel approach to calibrate rainy season metrics using
vegetation dynamics, focusing on the Upper Rio Santa basin (also: Callejon de Huaylas) in the tropical Peruvian Andes.
This region is characterized by high seasonal variability of precipitation with the majority of annual precipitation occurring
between September and April and little annual variability in temperature (see Figure 1 for the geographic location and a
climograph). The region encompasses a complex hydroclimate system governed by the topography, the numerous abun-
dance of glaciers on the Cordillera Blanca (eastern slopes of the valley), the temporal evolution of the South American

monsoon (Espinoza et al., 2020; Garreaud, 2009; Klein et al., 2023a) and its interaction with ENSO (e.g. Hanchen et al.,



90

95

100

105

110

115

120

2022; Maussion et al., 2015). In this region, a thorough understanding of the dynamics of the rainy season is crucial
for regional water resources and agriculture, as the seasonal rain provides water for irrigation, energy production, and
the maintenance of ecosystems (e.g. Dextre et al., 2022; Drenkhan et al., 2022). There has been much attention on
the past, present and future alteration of water availability in response to changes in glacial melt (e.g. Bury et al., 2010;
Drenkhan et al., 2015; Fyffe et al., 2021). Small-scale farmers however often have no or limited access to glacier-fed river
runoff and perceive increasing challenges related to precipitation seasonality (Gurgiser et al., 2016) and/or water quality
(Rangecroft et al., 2023). Recently, more efforts to understand and monitor several aspects of precipitation changes in
the Tropical Peruvian Andes, where climate-related challenges are anticipated to affect both society and ecosystems such adaptability is key for addressing these challenges
Precipitation in thRI0 Santa basin projected to increase in the future (Potter et al., 2023), but the potential changes to theliawgsbeen undertaken, but
it remains challenging to derive successful mitigation strategies (Hanchen et al., 2022; Klein et al., 2023b; Mateo et al.,

2022; Potter et al., 2023). Future climate scenarios indicate an overall increase in annual precipitation (Potter et al., 2023).

Potential shifts in the timing of the rainy seasomain uncertain and have not jiex the region, despite their profound implications
for both societal and ecological systems, have only recently been assessedhis context, identifying robust methods to address this uncertainty
is of high importance. Numerous studiesNotably, De la Cruz et al. (2025) used an objective metric to derive rainfall sums and rainy
season onset and end for a Peru-wide network of meteorological stations based on statistically downscaled CMIP6 pro-
jections to derive future changes. They found an increase in future annual precipitation and similar to other studies show
that past rainy season dynamics in the broatledean region reveal high inter-annual variability iainy season onset, with
generally non-signi cant or weak longer-term trends (Garcia et al., 2007; Girdldez et al., 2020; Gurgiser et al., 2016; Sedimeier
etal., 2023). Across those studies, the end of the rainy season is notably less viaaiabite start, while showing nar small
signi cant changes historically. For the Rio Santa basin speci cally, Hanchen et al. (2022) note a delayed end of the growing
season between 2000 and 2020, indicating increased water availability dif cult to detect from both satellite or gauge rainfall
data due to the small rainfall totals during the early dry season. Additionally, the regional hydroclimate experiences a complex
interaction with El Nifio Southern Oscillation (ENSO), where the overall amount of rainy season precipitation, in most, but
not all years, increases (decreases) with La Nifia (El Nifio) (e.g. Maussion et al., 2015; Vuille et al., 2008). At the same time,
there are indications that El Nifio conditions might cause seasonal rainfalls to start earlier, thus increasing overall plant water
availability even though peak season rainfalls are reduced (Hanchen et al., Bi22¢sponse contrasts with other basins
in proximity, such as the Mantaro River basin, where the opposite pattern has been suggested (Giraldez et al., 2020) thus

highlighting the spatial heterogeneity of hydroclimatic responses within the Andes.

TO test our rainy season metric calibration strategy, we focus on the Rio Santa basin, building upon previous studiesin the region: We makeageainte for
these dif culties, we employ a multi-faceted approach capitalizing stem on previous studies: We combine several pre-
cipitation datasets with remote sensing data on temporal vegetation development. Speci cally, we calculate the rainy
season metrics based on convection-permitting, bias-corrected Weather Research and Forecasting (WRF) precipitation data

andstatisticalIy—downscalestatistica||y downscaled CMIPS5 precipitation (Potter et al., 2023) to calculate rainy season characteristics for the Rio Santa basin and
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two other precipitation datasegrojections (Potter et al., 2023) and use CHIRPS gridded data (Funk et al., 2015) as well as data

from 3 local weather stations for comparisono calibrate and validate the outputs of the mefiey validation and calibration, we utilize

Land Surface Phenology (LSP) data for the period 2000—20i8he spatial extent of the Rio Santa basin, derived from

the temporal development of the remotely sensed Normalized Difference Vegetation Index (NDVI) provided by Hanchen et al.
(2022). Their researchuccessfully established NDVI as a proxy @emonstrated that NDVI — an indicator of vegetation greenness
available at high spatio-temporal resolution — captures variability and changes in water availability in thesemi-arid Rio

Santa basirrurthermore, where water availability is the primary limiting factor for plant growth. This high spatial resolution

is shown in Fig. 1, which shows the 2000-2018 average NDVI for the Rio Santa basin, illustrating both longitudinal and
altitudinal gradients. Similarly, other studies have demonstrated the applicability of NDVI in understanding precipitation vari-
ability in the central Peruvian Andes (Quiroz et al., 2011; Yarleque et al., 2046)as assessed by applying a relative threshold to the Rio

Santa basin average seasonal cycle of vegetation greenness (c.f. Caparros-Santiago et al., 2021) to obtain the start and end of the growing season based on which we subsequet

calibrate all rainy season metrics.

The principal objective of this study is to showcase a novel framework for characterizing the rainy season, emphasizing

the importance ofoth usingemploying a calibration strategy for inferred rainy season onsets and ends. In additiany test

the sensitivity of rainy season metrics to plausible changes in rainfall intensity and frequengyy@s as a consequencemight

occur due to global warminghis By capturing shifts in seasonal rainfall dynamics, our approach provides a foundation for
identifying and understanding hydrological changes that may inform future adaptation strategies. The proposed framework

is designed toelp us better compreheimprove our understanding of variations in water availability within semi-arid regionsp

a broader applicabilitpffering insights that extend beyond the Rio Santa basaind can be applied to similar climates. Regarding

the Rio Santa basin, we aim to provide insights into past and future changes. We achieve this by:

1. Establishing an approach to derive reliable rainy season metric outputs from several existing methodologies from pre-
cipitation time series by calibrating them using LSP data.

2. Introducing a novel methodology to the community to derive rainy season indicators, where we simulate water availabil-
ity in a simpli ed fashion using only precipitation time series as input and a number of calibrated constants.

3. Testing the response and sensitivity of each metric to physically plausible changes in the rainy season.

4. Analyzing changes of the temporal evolution of the rainy season in the Rio Santa Basin. By making use of the aforemen-
tioned calibrated metrics, we explore past (since 1981) and future (until 2100) changes of the onset and end of the rainy
season based on CMIP5 models for the region.

2 Material and methods

1.1 Study area
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The Upper Rio Santa basin (also: Callejon de Huaylas), situated in the central Tropical Andes of Peru (an overview is presented in Figure 1), encompasses a complex hydroclimate
system governed by the topography, the numerous abundance of glaciers on the Cordillera Blanca (eastern slopes of the valley), the temporal evolution of the South American
monsoon (Espinoza et al., 2020; Garreaud, 2009; Klein et al., 2023a) and its interaction with ENSO (e.g. Hanchen et al., 2022; Maussion et al., 2015). The dynamics of the rainy
season are crucial for regional water resources and agriculture, as it provides water for irrigation, energy production, and maintenance of ecosystems (e.g. Dextre et al., 2022;
Drenkhan et al., 2022). There has been much attention on the past, present and future alteration of water availability in response to changes in glacial melt (e.g. Bury et al., 2010;
Drenkhan et al., 2015; Fyffe et al., 2021). Small-scale farmers however often have no or limited access to glacier-fed river runoff and perceive increasing challenges related to
precipitation seasonality (Gurgiser et al., 2016) and/or water quality (Rangecroft et al., 2023). Recently, more efforts to understand and monitor several aspects of precipitation

changes in the Rio Santa basin have been undertaken, but it remains challenging to derive successful mitigation strategies (Hanchen et al., 2022; Klein et al., 2023b; Mateo et al.

2022; Potter et al., 2023).



Figure 1. Overview of the study area. The large map shows the topography of the Andes (based on SRTM data, USGS EROS Archive,

2021), administrative borders and larger towns in the greater region. The enlarged area of the Rio Santa basin shows the long-term (2000
2018) average NDVI of each pixel; no-data areas, mostly referring to land-covers such as Ice or Bare rocks are shown in magenta color.
Additionally, the Climograph at the bottom shows the seasonality of precipitation and temperature derived from spatially averaged WRF data

for 1981-2018 (Potter et al., 2023) for the Rio Santa basin.
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2 Material and methods
2.1 Data

As a target dataset for calibration, we use Land Surface Phenology (LSP) data by Hanchen et al. (2022) from 2000 to 2018
derived from MOD13Q1pidan, 2015aand MY D13Q1(pidan, 2015b(Didan, 2015a, b) NDVI time series in 250 m spatial resolu-

tion (c.f. Fig. 1). The data were i) ltered on quality assurance criteria, ii) gap- lled and smoothed using a Gaussian process
regression algorithm (Belda et al., 2020), iii) masked based on unimodal seasonal vegetation development and land-cover datz
The startlLSP was assessed by applying a relative threshold to the Rio Santa basin average seasonal cycle of vegetation
greenness (c.f. Caparros-Santiago et al., 2021) to obtain the start and end of the growing season based on which we
subsequently calibrate all rainy season metrics. Speci cally, the start (hereafter SOgpv) and end (hereafter EQSy,) of

the growing season were derived as the day where the processed NDVI data reaches 30% of its seasonal amplitude (Hanche

et al., 2022)Here, we spatially averaged the ddthe resulting LSP data were averaged to the extent of the Rio Santa basin.

Additionally, we employ different precipitation data: Central to our analysid@r@ur analysis, we utilize multiple precipitation datasets. A key
component is the WRF bias-corrected regional climate model dgiablished by Potter et al. (2023)pviding consistent precipita-
tion datawhich provides consistent precipitation estimates at 4 km grid spacing from 1981 to 2018e further use their corresponding
statistically-downscaled CMIP5 projections for a high (RCP 8.5) and a stabilization (RCP 4.5) global emissions Haeagldition, Potter et al. (2023) produced
statistically downscaled projections based on a 30-member CMIP5 ensemble from 2019 to 210 asseskising quantile delta
mapping for both the RCP4.5 and RCP8.5 scenarios. These data preserve CMIP5 model trends while adjusting precip-
itation magnitude and the number of wet days based on the bias-corrected WRF data, and are available in the same 4
km grid spacing from 2019 to 2100. The two RCP scenarios allow us to assess multiple trajectories of future changes in
the rainy season in the Rio Santa basin amée a large data bagprovide a large dataset for metric sensitivity analysisn addition,
We do not evaluate metrics for raw, coarse-scale CMIP data in this study, as at their native resolution, they are known to
inadequately represent orographic processes and interannual variability (e.g. Gutierrez et al., 2024). As a second grid-
ded precipitation dataset for the recent past, we use the gridded Climate Hazards InfraRed Precipitation with Station data
(CHIRPS, Funk et al., 2015), which are provided in 0.059.05° spatial and daily temporal resolution between 1981 and
2018. The gridded data are compared to an average of three local weather stations operated by the National Meteorologica
and Hydrological Service of Peru (SENAHMI), which were suf ciently gap-free, all located along the valley oor of the Rio
Santa basin (Hunziker et al., 2017). Both gridded precipitation datasets were restricted to the geographical coverage of the
available NDVI pixels as seen in Fig. 1 within the Rio Santa basin to acknowledge that high precipitation sums in the elevated
Cordillera Blanca regions (e.g., glacierized or bare ground land-cover) do not align with vegetation responses and then spatially
averaged (i.e. no spatial dimension). We excluded leap year days9" February) and performed the analysis based on a
hydrological year de nition suitable for the Rio Santa basin starting from:th& Sep and ending on thes 315t of Aug of the
subsequent year.
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As vegetation responses to rainfall are not necessarily immediate, the lag between the NDVI and the precipitation data must
be accounted for to allow to use the LSP data as targets. We therefore determined this lag between the spatial averages c
smoothed NDVI and a 12-week rolling average for each of the three precipitation time series by utilizing a cross-correlation
function to identify the lag with best alignment by the index (days) of the highest Pearson correlation coef cient. Finally, we
subtracted the determined lags for each precipitation dataset from the LSP data before further analysis (c.f. Fig. Al).

2.2 Rainy season metric calculation

Here, we apply the same threshold-based metrics which SedIimeier et al. (2023) compiled for the Southern Peruvian Andes,
hereafter called Gurgiser (Gurgiser et al., 2016), Climandes (Sedlmeier et al., 2023), Garcia (Garcia et al., 2007), FP (Frere anc
Popov, 1986) and JD (Jolliffe and Sarria-Dodd, 1994) and tune them speci cally for the Rio Santa basin and each precipitation
dataset. The rationale of each rainy season metric can be found in Table 1. The rst four metrics (Gurgiser, Climandes, Garcia
and JD) to derive the rainy season onset (hereafter RSO) all use some combination of four conditions: 1) The day of the onset
has to have precipitation above a threshold value; 2) The total precipitation in a de ned period after the onset must exceed
a certain sum; 3) There must be a minimum number of wet days in a de ned period after the onset; 4) There must be no
continuous periods of dry days over a certain length within a de ned period after the onset. Gurgiser uses conditions 1, 2 and
3, Climandes conditions 1, 2 and 4, Garcia conditions 2 and 4, and JD conditions 3, 2 and 4. FP use a different approach by
dividing a 30-day period into terciles, where each tercile must exceed a certain total precipitation, similar to condition 2 of the
other metrics. For calibration, our implementation of FP involves examining the rst, second, and third tercile, while adjusting
the length of the period and total precipitation thresholds.

While the FP and JD metricsiy apply toare focused exclusively on the onset of the rainy season, the three remaining
threshold-based metriese a common technique to determpeovide a more comprehensive approach by also addressing the end
of the rainy season (hereafter RSE): 1) de ning a precipitation threshold for the potential day of the rainy season end and 2)
de ning a threshold for the precipitation sum over a number of subsequent days. The Garcia metric omits the rst criterion. For
comparison, we also tested two other, non-threshold-based metrics: The widely established metric by Liebmann and Marengo
(2001), hereafter named LM, which accumulates seasonal rainfall against the average of the hydrological year. Then, the days
of the minimum and maximum are considered the onset and end of the rainy season. The method by Cook and Buckley (2009),
hereafter CB, employs a change-point detection method, tting a two-phase linear regression iteratively over i) the rst 250
and ii) the last 200 days of the hydrological year independently. By minimizing the sum of squares of residuals, the best t for
the regressions is found and the changepoints determine the onset and end of the rainy season. We implemented this approa
using the python package pwlif (Jekel and Venter, 2019). Approaches considering data other than rainfall time series, combin-
ing threshold-based approaches with fuzzy-logic (Laux et al., 2008) or Pentad-based approaches (e.g. Giraldez et al., 2020
Marengo et al., 2001) are beyond the scope of this study and thus not included.



Using the NDVI-derived SO®\; and EOSpy, as targets, we calibrated each of the threshold-based metrics and the our
novel metric (de ned below) by changing their parameters (c.f. Table 1) for each of the three precipitation time series through
the application of a Differential Evolution optimization algorithm (Storn and Price, 1997), with parameters constrained to

235 physically plausible boundaries. Due to the limited number of growing seasons available (i.e., 18), splitting the data into
calibration and validation periods would not have allowed to obtain robust correlation and was therefore omitted. To allow for
the robust and ef cient processing of a large humber of timeseries regarding the threshold-based metrics, we generally start
the iterative search for the RSE starting from the previously derived RSO. Additionally, when a RSE is found within the 90
subsequent days following the RSO, the iterative search is continued to account for erroneous detection of dry spells in the

240 early rainy seasorfor all metrics, RSEs were discarded if an unrealistically early end (before February 1% occurred.

10



Name (Reference) | RSO (original) RSO (adapted) RSE (original) RSE (adapted)

Gurgiser Pq > Omm Pa> & P¢ =0 mm P4 5
: P P P P
(Gurgiser et al., 2016) Pg-d+7 > 10mm Py.gs 3 > ’2) Pg-q+as < 10mm Py.g+ 3 < é
N[Pgawo > Omm] 11 | N[Pga, 5> §] 4§
Climandes Pg> 1mm Pa> 3 Psy 1mm Py 5
- P P P P
(Sedimeier et al., 2023) Pudss  8mMmM Paar 2 2 Py.gsa0 < 16mm Pgas 3 < f
No[Pg:arao < O:1mm] 6 | Ne[Pggr 5< pl &
Garcia P P > 20 P : !
did+3 mm Poar 2> 5 Pa:dv20 2 mm Paa+ 2 or
(Garcia et al., 2007) Nc[Pd:d+30 < O:lmm] 9 NC[Pd:d+ §< g] g
P
FP Pga+0  25mm Pugs i 2 5 Onset only Onset only
(Frere and Popov, 1986) Pus10: de2o  20mm Pd+% 2002 2 3
Pa+20: a+30  20mm Pge2 2.0 2 b
JD N [Pg.q+s > 0:1mm] 3 N [Py.4+ 2> é] 3 Onset only Onset only
(Jolliffe and Sarria-Dodd Py.dss 25mm P Pr. , > 4
(1994), originally based ’ didr g 1p s
onStenetal. (1981)) | Ne[Pdarso < 0:1mm] 7 Ne[Pagr g < 5l 4
LM d such thathg = min A where d such thathg = max A where
: P P
Lieb dM | A_Fd _"d
(Liebmann and Marengo A= i P, p A= o P, =}
2001)
CB Linear regression tting and change point detection to determine when daily precipitation
(COO')‘ and  Buckley.| changes from decreasing each day to increasing each day (onset) and from increasing to de-
2009
creasing (end).

Table 1. Rainy season metric rationales whelrés the day of the year marking the onset or end of the rainy se&g0i8,the precipitation

on dayd (in mm), and for exampIeF,) P4.4+6 is the sum of precipitation on each day from the onset to 6 days after the Nr{fatg30 >

0mm] is the number of days with precipitation over 0 mm in a 30 day period. Some metribk uisstead olN , which represents continuous

dry days, e.gN¢[P4:d:30 < 0:1mm]< 7 is the condition that no dry spells of more than 7 days occur in the 30 days after the onset. The
parameters ' to " are the tuneable parameters of each metric, witllenoting a precipitation threshold in mm angldenoting an integer
number of daysA is the cumulative sum of anomalous precipitation from day d &mdP is the annual average daily precipitatiorFor
RSEsarcia Which is published aBq.q4:20 =0 mm we used a value of 2 mm instead as 20 consecutive days with zero precipitation are not
present in any of the datasets.

11
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2.3 A new rainy season metric: The "bucket" metric

Finally, we introduce a novel approach, which attempts to simulate a simpli ed water balance by consecutive balancing of daily
input through rainfall and output through constant evapotranspiratititionally constrained by a minimum and maximum

bucket water content, ensuring realistic water balance limits:
8
EBWC(t 1)+ B2 (P(t) ET); ifBWCnn BWC(t) BWCuy

BWC(t)= _ BWCpp; if BWC (t) <BWC mn (1)
" BWCy; if BWC (t) > BWC

where BWC [ni#/m?] represents the Bucket water content at time t, BD is the bucket depth [m] anithe water density,
here constant as 1000 kg/inP [mm/day] is the precipitation input and ET [mm/day] is the daily output.

Note that ET [mm/day] is inspired by evapotranspiration but does not represent the actual physical process as the simplistic
design of the metric considers it to be constant over the whole hydrological year, partly integrates other hydrological compo-
nents such as runoff and thus within- and between seasonal variation is not directly accounted for. The metric starts at day d = O
at an initial BWC (BWG,;). The model is constrained as no further evaporation occurs as soon as a minimum valug,J\BWC
is reached. Similarly, a maximum value (BWg is de ned where no more water is accumulated — any surplus conceptually
runs off or drains from the bucket. The parameters BWBWC,x, BWCn, trso, trsg, BD and ET need to be tuned and do
not change over time. For each season, rainy season onset and end are then determined based on two previously calibrate
BWC thresholds denoted agsb, trsein Figs. 2 & 3. In Fig. A2, an example of a full BWC and precipitation time series, along
with the derived RSOs and RSEs, is shown.

In contrast to the metrics previously introduced which calculate each season independently, the bucket metric is able to
calculate over the complete multi-year time series, allowing to incorporate legacy information about water availability prior
to the rainy season of interest. As for the other approaches, we optimized all parameters according to the corresponding inpu
data. While this approach is inspired by existing simple hydrologic bucket models and thus by actual hydrological processes,
our aim is not to accurately represent these, but rather to account for parameters altering plant available water in a simpli ed
fashion.

2.4 Sensitivity analysis and Future projections

To understand how tuned threshold-based metrics and objective methods respond to hydro-climatological changes, we
utilize the almost large number of rainy seasons ( 5000) provided by the future projections of Potter et al. (2023) to
assess sensitivities of the metrics in regard to potential and physically plausible changes of the rainy season. To account
for a variety of scenarios, we correlate the rainy season metric outputs (RSO/RSE) calculated for all rainy seasons in-

dependent of model, year or scenario with both full hydrological year and sub-seasonal (SON, DJF, MAM, JJA) rainfall
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sums. The sub-seasonal rainfall sums are referring to the same rainy season RSO/RSE were derived on, meaning that,
for example, JJA refers to the dry months after the RSO. The rationale for correlating the seasonal rainfall sums even
beyond the period where the RSO typically occurs is to test whether some of the metrics show implausible sensitivities
which reduce their usefulness from a practical perspective. Additionally, we used four Expert Team on Climate Change
Detection and Indices (ETCCDI) climate indices (Zhang et al., 2011) based on the WRF and statistically downscaled
CMIP5 data created by Potter et al. (2023). These are the number of dry and wet days (DD, WD), de ned as days with
precipitation less and greater than 1 mm; the Simple Precipitation Intensity Index (SDII), representing the average daily
precipitation on wet days (WD) and the sum of precipitation above the 95" percentile relative to the historical (1980-2018)
period (R95pTOT). Using LSP data as dependent and rainfall sums as independent variables we assess sensitivities by
applying bin-weighted linear regression for each variable independently. Bin sizes for the regressions are determined in
an objective fashion by applying the Freedman-Diaconis rule (Freedman and Diaconis, 1981) to each of the nine inde-

pendent variables.

To reliably determine trends from the future CMIP5 projections, individual models were excluded individually per rainy
season metric whenever the metric would produce ve or more invalid values out of 81 seasons (2019 — 2100). Invalid

values occur whenever the conditions for RSO or RSE are not met within a hydrological year.

3 Results & Discussion
3.1 Evaluation of Rainy Season Metrics

We rst compare the skill of all considered metrics in predicting the RSO close to respective referengs,Sae®ss all years

and datasets. Figure 2a-e illustrates that all calibrated threshold-based metrics consistently predict the lag-corfggted SOS
across the three precipitation datasets, demonstrating a strong correspondence and outperforming the initial (i.e. uncalibrated
setup of the metric, which for all threshold-based metrics except JD is lacking correlation and showcasing higher RMSE val-
ues. The bucket metric stands out by exhibiting low errors (average RMSE = 8.7 days) and a robust corrékatbaqy

on average) across all three input datasets (c.f. Fig. 2, Fig. 4). This is likely related to the fact that the bucket metric was
designed to directly determine the lag between rainfall inputs and vegetation responses while the other metrics make use of the
cross-correlation maximization. Hence, the bucket metric does account for legacy information between seasons. Although we
did not directly observe a deterioration of correlation when removing the legacy information from the metric before parameter
optimization, the resulting BWC timeseries was highly unrealistic and unsuitable for transferability (not shown). LM and CB
on the other hand demonstrate a relatively low agreement withS@®ith LM showing weak correlations which for CB are
missing (c.f. Fig. 2g and h).

Regarding the RSEs, the three threshold-based metrics (Fig. 3a-c) demonstrate a relatively low RMSE (ranging between 8.8
and 14.4) albeit lacking correlation (maximufe0.25), whereas the bucket metric (Fig. 3d) shows an even lower RMSE (5.6
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on average) and a weak correlatiohr0.4 on average), likely related to the bucket metric incorporating non-plant-available
water simulated as bucket over ow (see Section 2.3). Gurgiser and Climandes share the same criteria for RSE and thus the
resulting calibration is identical (c.f. Table 1 & Fig. 3). The LM and CB metrics show an overall low skill in predicting the
lag-corrected EOgy with high errors and LM showing a weak correlation for 2 of 3 datasets (c.f. Fig. 3f). The overall
discrepancy across the metrics between skill on predictinghn\g@%&nd EOSpv (see Fig. 4) may be linked to EQSy

displaying low variability (standard deviation,= 6.63 days), unlike the higher variability of SQsy, ( = 17.61 days). Addi-

tionally, the coupling between precipitation and water availability tends to be more prominent at the onset of the rainy season
due to depleted hydrological system storages, resulting in reduced predictive power of rainfall for vegetation development as
rainfalls recede.

While each metric shows reasonably high skill for all three precipitation datasets after calibration, the substantial differences
in the resulting optimization parameters (c.f. Tables in Fig. 2 a-f & 3 a-d) underscore the necessity of tuning and testing rainy
season metrics according to local climatic conditions, speci ¢ datasets and target applications. Given proper tuning, the results
are comparable even though the metrics follow different logic and use a different number of parameters. Interestingly, among
the threshold-based metrics, those with more parameters do not necessarily perform better in terms of error and correlation
For example, RS and RSkawis Which have the fewest parameters (four and two, respectively), still show a consistent
performance. A systematic test of the relevance of individual parameters is beyond our scope here, especially given the high
performance of the bucket metric which is our primary focus herey, ourOur generally skilful results after calibration also
illustrate that existing concerns (e.g. MacLeod, 2018) regarding the sensitivity of thresholds-based metrics to rainfall dataset
bias and resolution appear to be surmountable if independent reference data are taken into account, rendering these metric
more exible than is currently appreciated.

Although other authors asserted a strong agreement between the LM method and local threshold-based approaches (e.(
Dunning et al., 2016), our results emphasize that agreement in metric outputs from the same time series alone does not nece:
sarily guarantee the representativeness towards plant growth or suitability for practitioners of any kind. While we acknowledge
the effectiveness of the LM method in larger scale climatological rainfall analysis, our analysis shows that it a) exhibits less
correspondence with vegetation development than calibrated methods (Figs. 2—4) and b) tends to produce delayed onsets in th
speci ¢ setting of the Rio Santa basin during extended dry spells following early-season rains (not shown). Similarly, the two-
phase regression method (CB) tends to compute late onsets in cases of prolonged dry spells and/or when the development of tt
rainy season follows a non-linear trajectory (i.e. rainfall increase from the onset towards the peak of the rainy season), making
it unsuitable for accurate onset and end determination in the Rio Santa basin in many seasons. Furthermore, the objectivity of
this method is limited as the rainy season needs to be split into two sub-seasons, potentially affecting resulting values. Here,
we followed the same approach as the original authors, using the rst 250 and the last 200 days of each season to determine
the dates. Similarly, the metric demonstrates sensitivity to the de nition of the hydrological year. For instance, shifting the

start of the hydrological year back by two months signi cantly enhances the correspondence betwegreBR&ESO{Kpvi,
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while concurrently diminishing it between Rggand EOSpv, (see Fig. A3 for an example). Given the high variability of the
340 rainy season onset in the tropical Andes, coupled with the aforementioned sensitivity to the climatological year de nition, we
believe it is advisable to employ a exible hydrological year approach (c.f. Ferijal et al., 2022) when exploring this method.
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Figure 2. Rainy season onset metric outputs for WRF (teal), CHIRPS (orange) and AWS (purple) precipitation data. For the threshold-
based metrics (purple background; panels a-e), results of the evaluation based on WRF but with uncalibrated thresholds as provided by the
respective authors are also shown (gray). The novel bucket methodology is highlighted in yellow (panel f) and the objective methods in red
(panels g-h). The black dashed line indicates the 1:1 relationship with theeSQ®hile the colored lines correspond to the regression

of the parameters. Annotated are Root Mean Squared Error (RMSE) and the coef cient of determiRptifime(tables correspond to the
parameters as outlined in Table 1 and the equation in Section 2.3 after calibration for each of the precipitation data. The LM and CB method

have no calibration and therefore no table is shown.
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Figure 3. Same as 2 but for Rainy Season End and End of Season.
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