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Abstract

Precipitation is a key component of the Earth system, yet remains diffi-
cult to reconstruct accurately due to its stochastic nature, physical drivers,
and sparse observational coverage. Existing gridded datasets rely on trade-
offs between station-based observations, satellite retrievals, and multi-source
blending, often introducing inconsistencies and temporal limitations. Here, we
present an analogue-conditioned multi-source daily precipitation reconstruction
framework that integrates physically consistent analogue-pattern selection with
spatial data fusion. By conditioning reconstruction on precipitation analogues,
the framework enables the transfer of information across time, allowing satellite-
era observations to inform historical reconstructions while preserving large-scale
structure. Applied over Tropical South America, the method demonstrates robust
performance across observational variants, climate regimes, and spatial scales,
accurately reproducing precipitation magnitude and occurrence. The framework
provides a unified approach from station to grid scale and reduces dependencies
on blended datasets. It generates spatially coherent fields suitable for the analy-
sis of extremes and long-term trends. This approach offers a flexible and scalable
pathway for reconstructing high-resolution precipitation datasets in regions with
limited observational coverage.
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1 Introduction

Precipitation is a fundamental hydrometeorological variable and the primary driver
of the global water cycle, governing freshwater availability, ecosystem dynamics, and
hydrological hazards such as floods and landslides [1-4]. Despite its central role, it
remains one of the most challenging climate variables to estimate and reconstruct
across spatial and temporal scales [3-7]. Unlike other atmospheric variables that
vary more smoothly, precipitation is inherently intermittent and highly heteroge-
neous in space and time [4, 5]. Its formation arises from complex interactions among
atmospheric dynamics, convection, and cloud microphysics, spanning multiple scales
and involving nonlinear processes [8, 9]. These characteristics, combined with sparse
and uneven observational coverage—particularly in high-altitude watersheds, com-
plex terrain, and remote regions—make it difficult to obtain accurate, high-resolution
precipitation fields using conventional station-based observations.

Existing precipitation datasets reflect fundamental trade-offs between accuracy and
coverage [10]. Station-based observations provide high-accuracy point measurements
but are often spatially sparse, temporally incomplete, and affected by inhomogeneities
arising from sensor limitations or changes in gauge-network composition [11, 12]. In
contrast, satellite-based precipitation products offer near-global coverage. Still, they
are constrained by their temporal availability and by retrieval uncertainties and biases,
particularly over complex terrain and convective regimes [9, 13]. To mitigate these
limitations, many high-resolution precipitation products rely on multi-source blend-
ing approaches that combine observations, radar estimates, satellite retrievals, and
reanalysis outputs through sequential processing or weighted averaging [5, 14-17].
However, such approaches typically do not provide independent reconstructions and
may introduce error cross-correlations due to shared input data used for calibration
or forcing [18]. Moreover, transitions between different model configurations, or the
harmonization of multi-source inputs with distinct bias characteristics, can introduce
artificial temporal discontinuities and inconsistencies, potentially biasing long-term
hydroclimatic analyses [17, 19, 20].

Analogue-based approaches provide a physically grounded pathway for precipita-
tion reconstruction by identifying historical patterns similar to a target state, thereby
preserving coherent spatial structures without requiring extensive training data or
event-specific simulations [21-23]. By leveraging past observations, these methods
enable the transfer of information across space and time, offering a natural framework
for reconstructing precipitation under data-limited conditions [24-27]. However, tra-
ditional implementations typically rely on single-metric similarity and deterministic
selection criteria, limiting their ability to represent multiple plausible states or to inte-
grate heterogeneous sources of information. Common similarity measures often fail to
reconcile pattern structure with absolute magnitude, potentially leading to analogue
selections that lack true physical resemblance to the target event [23, 25, 28]. In par-
allel, data-driven approaches, particularly deep and machine learning methods, can
enhance local precipitation estimates by capturing complex nonlinear relationships
among multi-source inputs and environmental predictors [9, 18, 29, 30]. However, these
methods often require large, high-quality training datasets, limiting their applicability
in regions with sparse observational coverage. Moreover, many such models operate as
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“black boxes” and lack inherent mechanisms to enforce physical consistency, leading
to unrealistic spatial patterns or inconsistencies in reconstructed precipitation fields
[30]. Together, these limitations highlight the absence of a unified framework that com-
bines the physical coherence of analogue methods with the flexibility and multi-source
integration capabilities of data-driven approaches.

Here we present an Analogue-Conditioned Multi-Satellite Precipitation Recon-
struction (AC-MSPR) framework that bridges these limitations (Figure 1). AC-MSPR
is a hybrid data-driven approach in which physical pattern similarity—identified
through precipitation analogues—guides a flexible statistical learning model to recon-
struct daily precipitation at both point and gridded scales. The framework combines
multi-criteria analogue-pattern selection, based on a Pareto-frontier approach, with
spatial data fusion that integrates satellite precipitation, analogue-derived environ-
mental features, and station observations. By conditioning the reconstruction on
analogue relationships, AC-MSPR enables the transfer of information across time,
allowing present-day satellite observations to inform historical reconstructions and,
conversely, historical patterns to enhance the interpretation of recent data. This
approach overcomes the temporal limitations of satellite datasets while preserving
physically consistent large-scale precipitation structures. At the same time, the spa-
tial data fusion component incorporates local observational constraints, improving the
representation of fine-scale variability and extremes.

We evaluate AC-MSPR using the serially complete daily precipitation dataset for
South America (SC-PREC4SA [12]), a newly developed observational dataset that pro-
vides multiple variants reflecting different levels of temporal completeness, consistency,
and observational realism. This enables a systematic assessment of how data charac-
teristics influence analogue selection and reconstruction performance. We demonstrate
the framework over Tropical South America, a region characterized by strong hydro-
climatic gradients and limited observational coverage [12, 31-33]. Through analyses
of analogue selection behavior, spatial and temporal validation, and applications
to precipitation extremes and trends, we therefore illustrate that AC-MSPR pro-
vides accurate, robust, and spatially consistent reconstructions across diverse climatic
conditions.
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2 Results

2.1 Illustrative reconstruction using AC-MSPR

To demonstrate the workflow and capabilities of the AC-MSPR framework, a
representative reconstruction over Tropical South America for 10 January 1960 is pre-
sented (Figure 2). This example illustrates how multi-criteria analogue precipitation-
pattern selection and spatial data fusion interact to generate spatially coherent and
observation-constrained precipitation fields at a time when only a sparse network of
field observations was available.

The reconstruction was anchored by station-based precipitation from the SC-
PREC4SA dataset, which provides spatially sparse yet temporally complete observa-
tions (Figure 2a). This snapshot highlights the pronounced spatial heterogeneity of
precipitation across the region and serves as the reference for both analogue selection
and spatial data fusion.

First, the framework identified historical analogue precipitation patterns from
satellite-based products (PDIR-now, IMERG-Early, and GSMaP_NRT). Candidate
analogues were selected from the 1998-2021 period using a Pareto-frontier approach
that jointly considers multiple similarity metrics, constrained to days with comparable
seasonal and large-scale meteorological conditions (Figure 2b). This multi-objective
selection avoided reliance on a single criterion and instead retained solutions that
represent optimal trade-offs between overall agreement, extreme-event representation,
and precipitation occurrence. These aspects were quantified using the refined index of
agreement for all values (d,) and extremes (dP?°), together with the Matthews cor-
relation coefficient (MCC) (Figure 2c). The resulting set of analogue candidates (43
in this example) captured a range of plausible large-scale precipitation states, rather
than a single optimal match, which is particularly important in regions with sparse
and uneven observational coverage.

The final reconstruction step is shown in Figure 2d. For each selected ana-
logue, precipitation fields were reconstructed using a spatial data fusion model that
integrates satellite analogue patterns, analogue-derived cloud-based features (e.g.,
from the PATMOS-x dataset), and station observations. This step refined large-scale
precipitation patterns by incorporating local observational constraints and spatial
dependencies, thereby improving the representation of localized features while pre-
serving spatial coherence. As a result, the reconstructed fields reproduce the main
characteristics of the observed precipitation, including both broad-scale structures and
regional variability. This was further supported by high performance across statistical
metrics comparing gridded and station-based precipitation, including d,., MCC| the
modified Kling-Gupta efficiency (KGE"), and balanced accuracy (BAcc), for both
magnitude and occurrence. Despite this overall high skill, individual analogue-based
reconstructions exhibited distinct spatial variability, reflecting the range of analogue-
conditioned precipitation states represented in the ensemble. Uncertainty arises from
both the spatial data fusion model itself and the spread across analogue-based ensem-
ble members. The framework naturally produced an ensemble of reconstructed fields
by considering each analogue as an ensemble member; the ensemble median provides
the best estimate, while the standard deviation quantifies reconstruction uncertainty.
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Overall, this example highlights the complementary roles of analogue selection and
spatial data fusion within the AC-MSPR framework. While analogue patterns provide
physically consistent representations of large-scale precipitation structures, the spatial
data fusion step adapts these patterns to local observations, resulting in accurate and
spatially coherent precipitation reconstructions. The framework can be flexibly applied
in both ensemble mode, which quantifies uncertainty, and deterministic mode based
on a single representative analogue, where uncertainty is instead characterized by the
spatial data fusion model error, enabling efficient large-scale applications. This dual
capability underscores the adaptability of AC-MSPR, across different use cases, from
uncertainty-aware analyses to computationally efficient long-term reconstructions at
different spatial resolutions.

2.2 Analogue-pattern selection insights in AC-MSPR

To assess the robustness of analogue selection within AC-MSPR, we evaluated its
sensitivity to different observational data variants across Tropical South America,
considering multiple characteristics of the analogue sets, including similarity, size,
frequency by satellite precipitation product, and performance based on analogue met-
rics. In addition, we examined how these properties vary under large-scale climate
conditions associated with different ENSO regimes (Figure 3).

Figure 3a shows the similarity between analogue sets derived from different SC-
PREC4SA variants, quantified using the Jaccard index. Overall, the degree of overlap
varied substantially across observed variants, indicating that the underlying data char-
acteristics influence analogue selection. In particular, the temporally complete (obs_bc)
and temporally consistent (hmg obs_bc) datasets exhibited relatively high similar-
ity, with mean Jaccard values reaching up to 0.75. In contrast, the qc_obs dataset,
which prioritizes observational realism but contains temporal gaps, showed consider-
ably lower similarity with both obs_bc and hmg_obs_bc, with mean values around 0.25.
These differences arise from variations in network completeness, as the changing sta-
tion availability in qc_obs leads to distinct analogue pools, highlighting the role of data
completeness and homogeneity in shaping the identification of similar precipitation
patterns.

The distribution of analogue set sizes further illustrates the influence of observa-
tional constraints (Figure 3b). Variants with temporally complete records (obs_bc and
hmg_obs_bc) yielded mean set sizes of approximately 45 analogues, with values rang-
ing between 5 and 100. In contrast, qc_obs produced slightly larger analogue sets on
average, with maxima reaching up to 120 analogues for certain dates. This increase
can be attributed to the higher variability in station availability, whereby the chang-
ing observational network alters the spatial representativeness of the target field and
enables a broader range of candidate analogues to satisfy the selection criteria. As a
result, qc_obs effectively relaxes spatial constraints in some regions while emphasizing
others, leading to larger but potentially less consistent analogue pools. These pat-
terns reflect a trade-off between data availability and analogue specificity, with direct
implications for reconstruction flexibility and uncertainty. Notably, from an ENSO
perspective, analogue set sizes remain relatively stable across neutral, El Nino, and La
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Nina conditions, indicating that extremely large-scale climate conditions exert limited
influence on the number of selected analogues.

Regarding the satellite precipitation products, their relative contribution to the
analogue sets exhibited distinct yet consistent patterns (Figure 3c). IMERG-Early and
PDIR-Now showed slightly higher frequencies within the analogue pools (& 30-45%),
whereas GSMaP _NRT contributes less frequently (& 20-35%). Notably, this distribu-
tion remained broadly consistent across observational variants and ENSO regimes,
indicating a stable balance among satellite data sources within the Pareto-based selec-
tion framework. Such behavior reflects the ability of the Pareto-frontier approach to
retain a diverse set of solutions that represent different trade-offs among performance
metrics, rather than favoring a single dominant product.

Differences in analogue performance across satellite products are further illustrated
in Figure 3d. GSMaP _NRT exhibited comparatively higher skill in representing overall
precipitation, with mean d,. values around 0.65, while IMERG-Early and PDIR-Now
show slightly lower performance for this metric. In contrast, IMERG-Early and PDIR-
Now outperformed GSMaP_NRT in capturing precipitation extremes and occurrence,
with dP%° and MCC values of approximately 0.45 and 0.35, respectively, whereas
GSMaP_NRT showed reduced skill in these aspects. These results indicate that no
single satellite product consistently outperforms the others across all performance
dimensions and also support the relative contributions of the products.

Therefore, analogue selection within AC-MSPR does not converge toward a sin-
gle preferred satellite product or precipitation skill metric, but instead dynamically
integrates complementary strengths across datasets through a set of Pareto-optimal
solutions. This behavior tends to remain robust across observational data variants,
with only limited sensitivity to ENSO-driven climate variability. While differences
between gc_obs and the temporally complete datasets (obs_bc and hmg_obs_bc) are evi-
dent in analogue set similarity and size, these do not translate into substantial changes
in satellite product frequency or performance. The resulting ensemble of analogue
patterns provides an implicit representation of uncertainty, capturing a range of plau-
sible precipitation states consistent with both observations and satellite information.
Together, these results highlight the ability of the multi-criteria selection framework
to flexibly and coherently represent the complexity of precipitation processes without
reliance on any single data source or metric.

2.3 Spatial-data fusion performance in AC-MSPR

The performance of the spatial data fusion component within AC-MSPR, was evalu-
ated using leave-one-out cross-validation in both space and time, considering multiple
observational data variants under different ENSO regimes (Figures 4 and 5). For
these evaluations, reconstructions were based on the best-performing analogue (high-
est mean of d,., dP%°, and M CC) from the Pareto-selected set, rather than the ensemble
median. While the ensemble approach provides an estimate of uncertainty, selecting a
single representative analogue preserves event-specific spatial structures and avoids the
smoothing effects associated with aggregation. This is particularly important for accu-
rately representing extremes and localized precipitation features at the point/station
scale.
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As the analysis is conducted over Tropical South America, it provides insight
into the robustness of the reconstruction framework in reproducing precipitation
variability across highly heterogeneous environments, ranging from extremely arid
to wet conditions, as seen by its ecological regions (Figure la and SI Section 1.1):
Northern Andes (NAS), Peruvian-Atacaman Deserts (PAD), Central Andes (CAS),
Amazonian-Orinocan Lowlands (AOL), Eastern Highlands (EHL), and Gran Chaco
(GCH).

Spatial cross-validation results (Figure 4) indicated that the fusion model achieves
consistently high skill across observational variants. Performance metrics, including
the refined index of agreement (d,.), the modified Kling—Gupta efficiency (KGE"),
the Matthews correlation coefficient (M CC'), and balanced accuracy (BAcc), demon-
strated strong agreement between reconstructed and observed precipitation in both
magnitude (d, and KGE" > 0.5) and occurrence (M CC and BAcc > 0.5). Temporally
complete datasets (obs_bc and hmg_obs_bc) generally exhibited slightly higher median
performance, reflecting the benefits of data continuity and consistency for model train-
ing and evaluation. Stratification by ENSO conditions reveals only minor differences
in performance across neutral, El Nino, and La Nina phases, as well as between eastern
and central Pacific regimes. A slight reduction in performance was observed during El
Nifo in the eastern Pacific regime, indicating increased difficulty in representing more
complex spatial precipitation variability under these conditions. Nevertheless, the spa-
tial data fusion model remained largely insensitive to large-scale climate variability,
maintaining consistent skill across varying atmospheric states. This behavior high-
lights the ability of the framework to generalize across different precipitation regimes
without requiring regime-specific calibration.

Temporal cross-validation (Figure 5) further confirms the consistency of recon-
struction performance across diverse climatic regions. Performance remained broadly
stable across observational variants in both magnitude and occurrence, with slightly
higher skill for temporally complete datasets. However, clear regional differences
emerged at both ecoregion and station scales. Skill decreases from EHL to the
AOL, NAS, CAS, GCH, and PAD. These patterns reflect underlying hydroclimatic
and observational characteristics: regions with wetter conditions, flatter terrain, and
denser station networks tend to exhibit higher performance, whereas arid regions
with complex topography and sparse observations show reduced skill. For example,
southern EHL, characterized by a dense station network, exhibited the highest per-
formance across datasets, while PAD showed lower skill due to the dominance of
zero-precipitation conditions typical of extremely arid environments. Despite these
regional contrasts, overall performance remains moderate to high, indicating that
the fusion approach is robust to variations in observational input and environmental
conditions.

In addition, sensitivity analyses were conducted to assess the robustness of the
reconstruction to both analogue selection and feature completeness (see SI Section
3). First, the evaluation was repeated using alternative analogue choices, including
median- and worst-performing candidates. These experiments showed that recon-
struction performance remains broadly consistent across different analogue selections,
supporting the use of a single representative analogue while substantially reducing
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the computational cost associated with large-scale cross-validation and long-term
reconstructions. Second, an additional analysis was performed by repeating the recon-
struction using non-gap-filled cloud-based (original) feature datasets instead of the
gap-filled versions that were implemented. Results indicate that overall performance
remained largely unchanged, demonstrating that the spatial data fusion model can
effectively handle missing values in the predictor space without substantial degradation
in skill. Together, these findings highlight the robustness of the AC-MSPR frame-
work to both analogue choice and feature completeness, reinforcing its applicability
in data-limited settings.

In summary, these results demonstrate that the spatial data fusion component of
AC-MSPR effectively translates the diversity of analogue patterns into accurate and
consistent precipitation reconstructions. The combination of robust spatial perfor-
mance and stable temporal behavior across regions and climate conditions underscores
the reliability and transferability of the framework for precipitation reconstruction in
heterogeneous and data-limited environments.

2.4 Testbed application: long-term precipitation extremes and
trends in Peru

To illustrate the applicability of the AC-MSPR framework for long-term climate anal-
ysis, we reconstructed daily precipitation over Peru for the period 1960-2015 using the
best-analogue approach and derived a set of standard extreme precipitation indices
(Figure 6). This testbed demonstrates the potential of the framework to generate
spatially consistent datasets suitable for hydroclimatic assessments in heterogeneous,
complex-terrain regions with sparse observational coverage.

Figure 6a shows the spatial distribution of mean values of precipitation extreme
indices, including total precipitation (PRCPTOT), the simple precipitation intensity
index (SDII), the 95th percentile of wet-day precipitation (P95), and consecutive dry
(CDD) and wet (CWD) days. Coherent hydroclimatic patterns were evident across
the region: high values of PRCPTOT, SDII, and P95 are concentrated in the eastern
lowlands (AOL), while markedly lower values were observed along the western coastal
region (PAD). Conversely, CDD reached its maximum in coastal and southern areas,
whereas CWD was more pronounced in the eastern lowlands (AOL), northern regions
(NAS), and parts of the Andes (CAS). These patterns were consistent with known
large-scale gradients in moisture availability and topographic influences, indicating
that the reconstruction successfully captures the dominant spatial features of regional
precipitation regimes.

Trend analyses for these indices are presented in Figure 6b—c for the obs_bc and
hmg_obs_bc variants, respectively. Trends are estimated using Sen’s slope estimator
and expressed at a decadal rate. Both variants exhibited broadly similar spatial struc-
tures in trend magnitude, particularly for frequency-based indices (CDD and CWD),
whereas greater differences were observed for intensity-related indices (SDII and P95)
and PRCPTOT. As expected, the homogenization procedure applied in hmg_obs_bc
influences the magnitude of precipitation-related trends. While some regions showed
both increasing and decreasing trends in PRCPTOT and intensity indices, frequency-
based indices displayed more spatially extensive and coherent patterns, with tendencies
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toward shorter dry periods or longer wet-day persistence. These results highlight the
complexity and spatial heterogeneity of hydroclimatic change across the country.

The consistency of these trends across observational variants was evaluated in
Figure 6d, which shows agreement in trend direction. Areas of agreement, where both
datasets indicate either increasing or decreasing trends, highlighted robust signals
that were less sensitive to differences in data processing within SC-PREC4SA. In
contrast, regions of disagreement indicated higher uncertainty, potentially associated
with sparse station coverage or sensitivity to temporal completeness and homoge-
nization procedures. Statistically significant (pvalue < 0.05) agreement was observed
for increasing trends in PRCPTOT and CWD across parts of PAD, CAS, and AOL,
whereas significant decreasing trends were evident in northern AOL and southern
CAS for intensity-related indices (SDII and P95) and CDD. Overall, these results sug-
gest regionally varying changes, including increases in precipitation totals and wet-day
persistence in some areas, alongside reductions in intensity and dry-day duration in
others. Further comparison with independent datasets would help to strengthen the
robustness of these findings.

Taken together, this testbed application demonstrates that AC-MSPR enables the
reconstruction of long-term, spatially consistent precipitation datasets suitable for
analyzing extremes and their trends. While mean conditions were consistently repre-
sented across observational variants, trend estimates exhibit greater sensitivity to data
preprocessing choices, particularly for intensity-based indices. The ability to recover
coherent large-scale signals while explicitly identifying regions of uncertainty from SC-
PREC4SA underscores the value of the framework for climate analyses in data-limited
regions and highlights the importance of accounting for observational uncertainty when
assessing long-term hydroclimatic change.
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3 Discussion

Our results demonstrate that the AC-MSPR framework provides a robust and flexi-
ble approach for precipitation reconstruction by integrating analogue-pattern selection
with spatial data fusion. Analogue-conditioned patterns preserve physically consistent
large-scale structures, while the fusion step refines these patterns using local observa-
tions, resulting in accurate and spatially coherent reconstructions. The framework is
both data-adaptive and climate-sensitive, with analogue selection responding to obser-
vational characteristics and large-scale variability such as ENSO conditions. Despite
this variability, consistently high performance across metrics indicates that the Pareto-
based selection captures a diverse yet reliable set of precipitation states and effectively
translates into stable reconstruction skill across spatial and temporal domains.

Beyond reconstruction accuracy, a key contribution of AC-MSPR lies in its abil-
ity to address structural limitations of existing precipitation datasets. Unlike many
multi-source products that rely on sequential blending or model transitions, the frame-
work provides an internally consistent reconstruction guided by analogue-conditioned
information transfer. This reduces the risk of error cross-correlations associated with
shared calibration datasets [18], as analogue selection relies on satellite precipitation
products independent of gauge-based corrections. In addition, the unified modelling
strategy avoids artificial temporal discontinuities linked to the harmonization of het-
erogeneous inputs [17, 19]. The analogue-based formulation further enables the transfer
of information across time, allowing satellite-era observations to inform historical
reconstructions and extending high-resolution precipitation information beyond the
temporal availability of satellite products.

A further strength of AC-MSPR is its ability to operate consistently across spa-
tial scales. The framework is applied both at the station level, where it reconstructs
observational data, and at the gridded level, where it generates spatially continuous
precipitation fields. This provides a unified alternative to conventional workflows in
which station-based reconstruction and spatial interpolation are treated as separate
steps. By contrast, AC-MSPR enables a generalized reconstruction strategy in which
analogue-conditioned information and spatial data fusion are applied consistently from
point to grid scale, leveraging satellite and other spatially continuous data sources
within a single framework.

The application to precipitation extremes and trends highlights the potential of
AC-MSPR for climate-relevant studies. The reconstructed fields capture coherent spa-
tial patterns of extreme indices and reveal regionally heterogeneous trends, consistent
with known hydroclimatic gradients. The use of temporally complete observational
variants (obs_bc and hmg_obs_bc) is critical in this context, as it ensures temporal
consistency in the resulting gridded reconstructions. In contrast, the direct use of
observational datasets with temporal gaps would propagate inconsistencies into the
reconstructed fields, potentially introducing artificial spatial and temporal hetero-
geneities [17, 19, 20]. This highlights the importance of reconstruction strategies that
first ensure temporal completeness at the station level before generating spatially con-
tinuous datasets [6, 7], a process that is naturally supported within the AC-MSPR
framework. At the same time, the comparison between observational variants under-
scores the importance of data characteristics in shaping long-term signals, with areas of

10
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agreement indicating robust trends and areas of disagreement highlighting uncertainty
[12].

Furthermore, AC-MSPR is intrinsically extensible. Additional environmental vari-
ables can be incorporated as auxiliary predictors, enabling a more complete represen-
tation of the atmospheric state and potentially improving reconstruction performance.
This flexibility also allows the integration of alternative data sources, such as radar
observations or high-frequency satellite products [27], enabling reconstruction at finer
spatial and temporal resolutions and expanding the applicability of the framework
to near-real-time and high-resolution monitoring contexts. More broadly, the frame-
work could be adapted to reconstruct other hydroclimatic variables, extending its
applicability beyond precipitation [26].

Nevertheless, several limitations should be considered. First, the framework’s per-
formance depends on the availability and representativeness of analogue patterns
within the reference period, which may constrain its ability to capture rare or unprece-
dented events. Second, while the spatial data fusion model improves local accuracy,
it remains sensitive to the quality and density of station observations, particularly in
data-sparse regions. Third, although the analogue-based approach enables temporal
information transfer, it assumes that similar large-scale conditions produce compara-
ble precipitation responses, which may not fully hold under changing climate regimes.
Finally, gauge undercatch correction remains an important aspect to consider, as it
may influence the representation of precipitation magnitude beyond gap filling and
homogenization [17, 34]. Future work could address these limitations by expanding
the analogue pool, incorporating additional environmental predictors, and exploring
adaptive or non-stationary analogue selection strategies.

Overall, AC-MSPR provides a unified framework that combines physical con-
sistency, multi-source integration, and temporal flexibility for precipitation recon-
struction. By leveraging analogue-conditioned information and spatial data fusion,
the approach offers a scalable and adaptable solution for generating high-resolution
precipitation datasets, particularly in regions where observational constraints have
traditionally limited hydroclimatic analyses.

11
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4 Methods

4.1 AC-MSPR

The Analogue-Conditioned Multi-Satellite Precipitation Reconstruction (AC-MSPR)
framework is a data-driven hybrid model in which physical pattern similar-
ity—identified through precipitation analogues—guides a flexible statistical learner to
reconstruct daily precipitation at both point and gridded scales.

First, the framework identifies precipitation analogue patterns from satellite-based
precipitation estimates that closely resemble the atmospheric conditions associated
with the target observations. In addition to the satellite precipitation fields themselves,
the method extracts analogue-derived features from complementary environmental
variables, providing a richer representation of the large-scale conditions linked to the
observed precipitation.

Second, the information from the satellite-precipitation analogues and their asso-
ciated environmental features is integrated within a spatial data fusion model. This
model leverages the combined analogue information to estimate precipitation at unob-
served locations, producing spatially consistent (ensemble) reconstructions of daily
precipitation.

4.1.1 Precipitation pattern analogue

Conceptually, the analogue resampling method samples meteorological fields for a
historical period by selecting the most similar days from a reference period. These
days—referred to as analogue days—are typically identified as those with the smallest
differences between observational data in the historical period and observations in
the reference period [24, 25]. In our case, however, rather than focusing solely on
minimizing pointwise differences (e.g., RMSE), we aim to identify and match broader
spatial patterns in the meteorological fields. Specifically, we search for satellite-derived
precipitation fields (1998-2021) whose spatial structure resembles the precipitation
pattern observed in the station data (1960-2015), hereafter referred to as precipitation
pattern analogues.

To construct a pool of potential precipitation-pattern analogues for a given target
date, the search was constrained to days with similar seasonal conditions and weather
types to ensure physical plausibility. The following criteria were applied [25]:

e All dates within a moving window of +60 days centred on the target date were
included in the analogue pool.

e All weather types whose cumulative probability for the target date reached 95%
were included in the analogue pool.

These constraints restricted the analogue search to meteorologically comparable
situations while maintaining a sufficiently large pool of candidate days.

As described above, analogue selection was not based on minimizing RMSE but
instead relied on a multi-metric similarity framework. Three complementary metrics
were used: the refined index of agreement (d,), a percentile-based refined index of
agreement focusing on extreme precipitation (d?°), and the Matthews correlation
coefficient (M CC') computed for wet—dry occurrence (see Section 4.2.1 for equations).

12
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These metrics capture different aspects of precipitation similarity. The metric d, eval-
uates the overall spatial structure of precipitation, d?”° emphasizes the similarity of
extreme precipitation patterns, and M CC measures the agreement in precipitation
occurrence.

To prioritize pattern similarity rather than magnitude agreement, d, and dP?° were
computed using scaled precipitation values. Candidate analogues were then evalu-
ated using a Pareto-based multi-objective approach [35, 36], in which no single metric
was optimized independently. Instead, candidate days were selected from the Pareto-
optimal set representing the best trade-offs among the three similarity measures. This
approach enables the analogue search to prioritize precipitation structure, representa-
tion of extreme events, and wet—dry occurrence in satellite precipitation data, which is
more physically meaningful for precipitation reconstruction than minimizing a single
error metric such as RMSE.

Once the candidate analogue days were identified, additional analogue-derived pre-
dictors were extracted from the corresponding dates. These predictors can originate
from complementary data sources, such as satellite products, reanalysis outputs, or
radar observations, available over the satellite precipitation era. In this study, we
specifically incorporated cloud-related features derived from satellite observations (see
Section 4.3). These additional variables provide a physically consistent context for the
selected analogue situations and were essential for enriching the spatial data fusion
model, as they help bridge the gap between precipitation patterns and the underlying
atmospheric conditions that generate them.

When multiple satellite products are used to identify precipitation-pattern ana-
logues, the same calendar date can be selected as an analogue by more than one
product. To avoid duplication and ensure a consistent analogue set, a consolidation
step was applied. For each candidate date appearing across different products, a com-
posite similarity score was computed by averaging the three analogue metrics (d,.,
dP° and MCC). The date with the highest aggregated score was then retained as
the representative analogue. This procedure ensures that each analogue contributes
uniquely to the reconstruction while preserving the best overall compromise among
spatial structure, extreme-event representation, and precipitation occurrence.

4.1.2 Spatial data fusion model

The spatial data fusion component integrates information from selected analogue pat-
terns with observational data to generate a spatially continuous precipitation field.
This part combines multiple sources of information—including satellite-derived pre-
cipitation and analogue-derived features—and refines local precipitation estimates
by accounting for spatial dependencies between observation stations and analogue
patterns.

A wide range of modeling architectures, spanning statistical, machine learning,
and deep learning approaches, can be employed for spatial data fusion. In this study,
we adopted an enhanced version of the SC-PREC4SA model [7, 12]. This improved
approach is based on a three-dimensional, locally weighted hybrid random forest
model, similar to the geographical random forests [37, 38]. Spatial similarity is defined
using topographic attributes (elevation, latitude, longitude), not as direct covariates,
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but to structure local weights. Predictions are driven by satellite precipitation patterns
and analogue-based covariates (see Section 4.3).

Daily precipitation Y (X) is modelled using a local two-stage hybrid approach,
separating occurrence (classification) and intensity (regression) processes. Let X =
(z1,22,...,2N) represent the vector of covariates, where N denotes the number of
covariates. The modeling procedure is:

1. Occurrence model — probability of precipitation:

Yauss(X) =30 ¢ £(X) +e. <05 (1)

{1 if £.(X)+e.>05
Where f.(X) € [0, 1] is the predicted probability of a wet day, and e, is the classi-
fication model error.

2. Intensity model — precipitation amount:
Yieg(X) = fr(X) +&r (2)

Where f,.(X) € R>g is the predicted precipitation amount, and ¢, is the regression
error term.

3. Final prediction:
Y(X) = Yaass(X) - Yeeg(X) (3)

The model uses 60 nearby stations with NV = 15 covariates from satellite-derived
precipitation and cloud properties. Precipitation variables include PrSat (magnitude)
and PrSatB (binary dry/wet classification). Cloud-related features comprise H (cloud-
top height), T (cloud-top temperature), OPD (optical depth), P (cloud-top pressure),
CWP (column-integrated water path), and CF (cloud fraction). Derived engineer-
ing indices include DCI (deep-shallow structural index), DCI (dynamical/convective
index), MDI (microphysical depth index), FDI (full deep convection index), OPD _eff
(cloudiness-weighted optical depth), CWP _eff (cloudiness-weighted water load), and
CF_gra (horizontal cloud structure index). See SI Section 1.3 for more details.

Spatial and topographic variability is accounted for via a three-dimensional
distance metric combining horizontal distance and elevation, weighted using an
Epanechnikov kernel:

1. Three-dimensional distance:

d; = \/ (d§2D>)2 +(alz)? (4)
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Where dZ(ZD) is the horizontal distance between the target and nearby station i,
Az; is the elevation difference, and « is a scaling factor to make elevation compa-
rable to horizontal distances.

2. Epanechnikov kernel:

with bandwidth h adaptively set as the median of positive distances:

h = median {d; : d; > 0} (6)

Only observations within h contribute to predictions. Both occurrence Yejass(X)
and intensity Y;eg(X) use these weights to compute locally weighted reference values,
with « adjusting the influence of elevation.

This hybrid locally weighted framework provides a physically interpretable decom-
position of precipitation into occurrence and intensity. The two-stage approach, com-
bined with three-dimensional local weighting, allows accurate modeling of zero-inflated
precipitation in complex terrain while preserving interpretability and robustness.

4.2 Experimental design
4.2.1 Analogue and spatial data fusion evaluation

The AC-MSPR framework was systematically evaluated to elucidate the mechanisms
underlying its individual components. In particular, we assessed its performance under
varying ENSO conditions and examined the effects of analogue-pattern similarity and
spatial data fusion using a diverse set of metrics under different observational variants
(see Section 4.3.1) in the Tropical South America region.

ENSO-flavour stratification

A temporal stratification was performed to sample days within the 1960-2015 period
under distinct ENSO-flavour conditions. This approach was designed to assess the
impact of ENSO asymmetry and diversity on precipitation, particularly in the context
of analogue-pattern similarity and spatial data fusion.

To achieve this, we considered the eastern Pacific (EP) and central Pacific (CP)
ENSO regimes, represented by the E-index and C-index, respectively [39]. ENSO
phases were then defined following Cai et al. [40], allowing the classification of each
day into El Nino, La Nina, or neutral conditions for both EP and CP regimes.

Based on this classification, 10% of days (n = 2046) were selected using a two-
stage stratified random sampling procedure. First, 5% of days were randomly sampled
according to the EP classification. Then, an additional 5% of days were drawn from
the remaining dataset based on the CP classification. Therefore, the resulting sample
preserves the overall distribution of ENSO phases while maintaining independence
between EP and CP subsets. See SI Section 2.1 for more details.
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Analogue-pattern evaluation

We evaluated analogue precipitation patterns by quantifying their similarity, size,
frequency of occurrence, and performance analogue metrics across satellite-derived
precipitation products under different observational dataset variants. To this end, we
computed the following metrics:

e Jaccard index (similarity of analogues):

_lanB]

JAB) = [ (7

where A and B denote sets of dates representing analogous events. The index
ranges from 0 (no overlap) to 1 (complete agreement), thereby providing a normal-
ized measure of similarity between analogue sets.

® Size of analogue:
Size(A) = |A] (8)
which represents the total number of unique dates contained in the analogue set A,
reflecting its extent.

® Frequency of analogues by satellite product:

A®]

Zs’:l |A(s )l

9)

where A®) is the set of analogue dates identified by satellite product s, and S is the
total number of products (S = 3). This metric represents the relative contribution
of each satellite product to the total number of detected analogues.

® Performance of analogue-pattern metrics by satellite product:

m(s) = median (M,gs>) . ke {d,d" MCCY (10)

where M, ,gs) = {cv,(:z | i € A} denotes the set of values of metric & computed over
the analogue dates identified by satellite product s. This quantity represents the
performance of metric k, summarized by its median over all analogues associated
with s.

Spatial data fusion evaluation

We evaluated the spatial and temporal performance of the spatial data fusion model
using a leave-one-out cross-validation approach across multiple observational dataset
variants. Model performance was assessed using the following metrics:
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® Refined index of agreement (d,.) [41]:

> iz |pi — Uil
2370 19 — 9l
where n is the number of observations, p; is the predicted precipitation on day i, g;

is the observed precipitation on day i, and ¥ is the mean of g;. The d, ranges from
-1 (no agreement) to 1 (perfect agreement).

dy=1— (11)

e Modified kling-gupta efficiency (KGE") [42]:

KGE" =1—/(r —1)2 4 (a — 1)2 + 32 (12)

where r is the Spearman correlation coefficient between observations () and esti-
mates (p), @ = op,/0y is the variability ratio, 5 = (up — pg) /oy is the bias term, p
is the mean, and o is the standard deviation. The range of KGE" is from -oo to 1,
with 1 representing perfect agreement.

e Matthews correlation coefficient (MCC) [43]:

TP-TN —FP-FN
MCC = (13)
/(TP +FP)(TP+ FN)(TN + FP)(TN + FN)

where T'P is the number of days correctly classified as wet (> 0.1 mm), TN as days
correctly classified as dry (< 0.1 mm), F'P as days incorrectly classified as wet, and
F'N as days incorrectly classified as dry. MCC ranges from -1 (total disagreement)
to 1 (perfect agreement), with 0 indicating random classification.

e Balanced accuracy (BAcc) [44):

1/ TP TN
BAcc = - 14
« 2(TP+FN+TN+FP> (14)

where TP, TN, FP, and FN are defined as above. BAcc ranges from 0 (worst)
to 1 (perfect classification), averaging sensitivity and specificity for balanced
performance.

4.2.2 Grid-scale reconstruction

A representative testbed for tropical precipitation reconstruction under complex cli-
matic and topographic conditions is provided by applying the AC-MSPR framework
to Peru. This region is characterized by pronounced precipitation gradients and sub-
stantial climate variability. Using this framework, a daily gridded precipitation dataset
at 0.1° was developed for the period 1960-2015. Furthermore, a suite of extreme pre-
cipitation indices was derived from the dataset to assess both mean and extreme
precipitation variability and associated long-term trends. The chosen indices were total
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precipitation (PRCPTOT), simple precipitation intensity index (SDII), 95th percentile
value (P95), and consecutive dry (CDD) and wet (CWD) days. Trend magnitude was
performed using Sen’s slope estimator.

4.3 Data
4.3.1 Observational precipitation dataset

Station-based precipitation observations were used for both training and evaluation
of the reconstruction framework. The data originate from national meteorological
networks and public/private station archives compiled in the SC-PREC4SA [12].
SC-PREC4SA provides nine variants of observed daily precipitation for 1960-2015,
spanning 7794 stations across the continent.

For this study, three target datasets were selected for Tropical South America
(Peru): a quality-controlled observational (qc-obs), a gap-filled observational (obs_bc),
and a homogenized, gap-filled (hmg_obs_bc) dataset, derived from 6895 (1271) stations.
These datasets represent different observational variants, corresponding respectively
to baseline observational realism, temporal completeness, and temporal consistency.
More details on the observational dataset and study area are provided in SI Section
1.1.

4.3.2 Weather types data

A key part of the analogue approach involves selecting historical days with atmospheric
conditions similar to those on the target date. To achieve this, we initially relied on
previously developed daily weather types for Tropical South America [45, 46], which
cover the period 1960-2021. However, these weather types were originally constructed
separately for two atmospheric levels (850 hPa and 200 hPa) and were based on a
deterministic (hard) classification without associated probabilities.

To address these limitations, we developed a new set of weather types by combining
the classifications from the two atmospheric levels and introducing a probabilistic
framework to quantify classification uncertainty [47]. The resulting scheme retained the
same number of weather types (nine). In addition, each day was assigned a probability
distribution across the nine types, allowing the representation of uncertainty in the
classification. Details of the calculation procedure are provided in SI Section 1.2.

4.3.3 Satellital precipitation estimates

Satellite-based precipitation products were used to provide spatial information on pre-
cipitation patterns, to support the analogue selection process, and as a covariate in
the spatial data fusion model. In this study, three products were employed: the Inte-
grated Multi-satellitE Retrievals for GPM — Early Run, version 7 (IMERG-Early)
[48]; the Global Satellite Mapping of Precipitation operational product, version 8
(GSMaP_NRT) [49]; and the Precipitation Estimation from Remotely Sensed Informa-
tion using Artificial Neural Networks — Dynamic Infrared Rain Rate Near Real-Time
(PDIR-Now) [50].
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Both IMERG-Early and GSMaP_NRT are available from January 1, 1998, at a
spatial resolution of 0.1°, while PDIR-Now has been available since March 1, 2000, at
a spatial resolution of 0.04°. All datasets were obtained at hourly temporal resolution,
aggregated to daily totals, and resampled to a common spatial resolution of 0.1°.
Neither fused nor gauge-corrected product versions were used to avoid inflated metric
inconsistencies between satellite estimates and station observations in the analogue
scores and the spatial data fusion model.

4.3.4 Cloud-based and topographic variables

To enhance the spatial data fusion model, we incorporated cloud-related features from
the Pathfinder Atmospheres Extended (PATMOS-x) Cloud Properties Climate Data
Record [51, 52]. PATMOS-x provides multiple cloud-property variables derived from
radiance and reflectance observations collected by several satellite missions, including
the Advanced Very High Resolution Radiometer (AVHRR). The dataset offers global
coverage at a spatial resolution of 0.1° and spans the period from 1979 to the present.
In this study, however, we used data beginning on January 1, 1998, to ensure temporal
consistency with the satellite-based precipitation products employed in our analysis.
From the PATMOS-x dataset, we extracted six variables: cloud-top height (H), cloud-
top temperature (T), cloud optical depth (OPD), cloud-top pressure (P), integrated
cloud water path (CWP), and cloud fraction (CF).

In addition to the original variables, several physically motivated engineered indices
were derived from the PATMOS-x cloud properties to capture convective structure
and cloud microphysical characteristics better. These indices include the deep—shallow
structural index (DSI), the dynamical/thermodynamic cloud index (DCI), the micro-
physical depth index (MDI), the full convection index (FDI), the cloudiness-weighted
optical depth (OPD_eff), the cloudiness-weighted water load (CWP_eff), and the hor-
izontal cloud structure index (CF_gra). These derived features aim to summarize
interactions between cloud vertical structure, microphysics, and spatial organization
that may be relevant for precipitation estimation. See SI Section 1.3 for calculation
details.

Elevation data were obtained from the global topographic covariate dataset
developed by Amatulli et al. [53]. This dataset provides a comprehensive suite of
terrain-derived variables based on the 7.5 arc-second Global Multi-resolution Ter-
rain Elevation Data (GMTED2010) at multiple spatial resolutions worldwide. In this
study, we used the 1-km resolution elevation product. Geographic variables, includ-
ing elevation, latitude, and longitude, were incorporated to define spatial weighting
rather than as direct auxiliary predictors, thereby characterizing spatial proximity
and terrain-related similarity among point stations/grid cells within the spatial data
fusion framework.

Data availability

SC-PREC4SA  data  were  obtained from its  Figshare  repository
(https://doi.org/10.6084/m9.figshare.c.7588178.v4). IMERG-Early were retrieved
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from the GES DISC portal (https://doi.org/10.5067/GPM/IMERG/3B-
HH-E/07).  PDIR-Now  data  were downloaded from  the CHRS
Data Portal (https://chrsdata.eng.uci.edu/). GSMaP_NRT data
were accessed via the Google Earth Engine repository
(https://doi.org/10.57746 /EO.01gs73bkt358g{py92y2qns5e9).  PATMOS-x  cloud
data were likewise retrieved from the Google Earth Engine repository
(https://doi.org/10.7289/V5348HCK).

Code availability

AC-MSPR implementation and application were performed in R (v4.5.0). The entire
code and dataset are freely available at GitHub (https://github.com/adrHuerta/ac-
mspr) and figshare [54] under the GNU General Public License v3.0.
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Fig. 1 Overview of the AC-MSPR framework. Schematic representation of the analogue-
based multi-source precipitation reconstruction (AC-MSPR) framework. The workflow consists of two
main components: (a) precipitation-pattern analogue identification, and (b) spatial data fusion. The
process begins with (a.1) the identification of satellite precipitation-pattern analogues based on multi-
criteria similarity metrics and the Pareto criterion, while simultaneously (a.2) extracting analogue-
derived predictors, which may include spatially continuous fields from other environmental variables
derived from satellite products, reanalysis, or radar data available in the same period. A spatial data
fusion model (b) is then applied to reconstruct precipitation (ensemble) fields by integrating satellite
precipitation observations, analogue-derived features, and station-based precipitation data. Blue and
red arrows indicate the flow of information when combining past and present station observations with
corresponding satellite data across temporal configurations. The framework is modular and flexible,
allowing different analogue selection criteria, predictor sets, and fusion methods to be implemented
consistently across spatial scales.
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Fig. 2 Illustrative reconstruction using the AC-MSPR framework over Tropical South
America. (a) Station-based precipitation from SC-PREC4SA (obs_bc - temporal completeness vari-
ant) on 10 January 1960; zero-precipitation values are omitted for clarity. (b) Temporal variability of
satellite precipitation-pattern analogues selected using the Pareto-frontier criterion over the period
1998-2021 for each product (PDIR-now, IMERG-Early, and GSMaP_NRT). (c) Performance metrics
of the analogue patterns shown in (b). Analogue selection is based on the refined index of agreement for
all values (d,.) and extremes (90th percentile; d?°), and the Matthews correlation coefficient (MCC)
for precipitation occurrence (wet/dry). Selected analogues are identified and numbered to highlight
their multi-criteria performance. (d) Reconstructed precipitation fields at 0.1° from the spatial data
fusion model corresponding to the selected and numbered analogue cases in (c). Each reconstruc-
tion combines satellite analogue patterns and analogue-derived cloud-based features with observed
precipitation. The ensemble median and standard deviation across analogue members are addition-
ally shown, highlighting reconstruction uncertainty. In addition, metrics comparing gridded satellite
estimates against station observations are provided, including the modified Kling—Gupta efficiency
(KGE'") and balanced accuracy (BAcc). In panels (a) and (d), ecoregions are displayed: North-
ern Andes (NAS), Peruvian—Atacaman Deserts (PAD), Central Andes (CAS), Amazonian—Orinocan
Lowlands (AOL), Eastern Highlands (EHL), and Gran Chaco (GCH).
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Fig. 3 Analogue-pattern selection insights under varying ENSO conditions and observa-
tional data variants over Tropical South America. (a) Similarity between analogue sets derived
from different variants of the SC-PREC4SA dataset, quantified using the Jaccard index. The variants
include obs_bc (temporal completeness), hmg_obs_bc (temporal consistency), and qc_obs (baseline
observational realism). (b) Distribution of analogue set sizes obtained from each SC-PREC4SA vari-
ant. (c) Relative frequency (in percentage) of analogue set sizes for each satellite product (PDIR-now,
IMERG-Early, and GSMaP_NRT). Each bar in (c) indicates variability represented by the interquar-
tile range (25th—75th percentiles). (d) Mean values of analogue performance metrics for each satellite
product, including the refined index of agreement for all values (d,) and extremes (d?°°), and the
Matthews correlation coefficient (M CC') for precipitation occurrence (wet/dry). All panels are strat-
ified according to ENSO conditions, distinguishing La Nina, El Nifio, and neutral phases, as well as
eastern (E) and central (C) Pacific ENSO regimes.
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Fig. 4 Spatial data fusion insights under varying ENSO conditions and observational
data variants over Tropical South America: spatial cross-validation. Box plots summa-
rizing leave-one-out spatial cross-validation between spatial data fusion precipitation estimates and
observations from the SC-PREC4SA dataset. The observational variants include obs_bc (tempo-
ral completeness), hmg_obs_bc (temporal consistency), and qc_obs (baseline observational realism).
Spatial data fusion performance is evaluated using multiple metrics, including the refined index of
agreement (d;), the modified Kling—Gupta efficiency (KGE"'), the Matthews correlation coefficient
(MCC), and balanced accuracy (BAcc). All panels are stratified according to ENSO conditions, dis-
tinguishing La Nina, El Nifio, and neutral phases, as well as eastern (E) and central (C) Pacific ENSO
regimes.
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Fig. 5 Spatial data fusion insights under data variants over Tropical South America:
temporal cross-validation. Leave-one-out temporal cross-validation between spatial data fusion
precipitation estimates and observations from the SC-PREC4SA dataset. The observational variants
include obs_bc (temporal completeness), hmg_obs_bc (temporal consistency), and gc_obs (baseline
observational realism). Spatial data fusion performance is evaluated using multiple metrics, including
the refined index of agreement (d,), the modified Kling—-Gupta efficiency (KGE"), the Matthews
correlation coefficient (M CC), and balanced accuracy (BAcc). In each panel, mean metric values are
shown for each ecoregion: Northern Andes (NAS), Peruvian—Atacaman Deserts (PAD), Central Andes
(CAS), Amazonian—Orinocan Lowlands (AOL), Eastern Highlands (EHL), and Gran Chaco (GCH).
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Fig. 6 Testbed application of the AC-MSPR framework in Peru. Spatial distribution at
0.1° of mean values (a) and trends (b—c) of precipitation extreme indices over Peru for the period
1960-2015, based on reconstructions using the SC-PRECA4SA observational variants: obs_bc (tempo-
ral completeness) and hmg_obs_bc (temporal consistency). Extreme indices include total precipitation
(PRCPTOT), the simple precipitation intensity index (SDII), the 95th percentile of wet-day precip-
itation (P95), and consecutive dry (CDD) and wet (CWD) days. Trend magnitudes are estimated
using Sen’s slope estimator and expressed at a decadal rate. In addition, (d) agreement in trend
direction between datasets (b-c) is also indicated, distinguishing increasing trends (both positive),
decreasing trends (both negative), and disagreement. Significant (pvalue < 0.05) trend agreement in
(d) is displayed as darker areas.

32



	Introduction
	Results
	Illustrative reconstruction using AC-MSPR
	Analogue-pattern selection insights in AC-MSPR
	Spatial-data fusion performance in AC-MSPR
	Testbed application: long-term precipitation extremes and trends in Peru

	Discussion
	Methods
	AC-MSPR
	Precipitation pattern analogue
	Spatial data fusion model

	Experimental design
	Analogue and spatial data fusion evaluation
	ENSO-flavour stratification
	Analogue-pattern evaluation
	Spatial data fusion evaluation

	Grid-scale reconstruction

	Data
	Observational precipitation dataset
	Weather types data
	Satellital precipitation estimates
	Cloud-based and topographic variables



