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Abstract. High-resolution gridded meteorological data are essential for hydrological impact studies, yet their reconstruction
from sparse station networks remains challenging. We introduce Spatial Pattern Regression (SPR), a data-driven method that
reconstructs gridded meteorological fields by combining spatial information extracted from high-resolution regional climate
model (RCM) simulations with station observations. SPR operates in two steps: spatial patterns are first extracted from RCM
data using principal component analysis, then daily fields are reconstructed through linear regression using available observa-
tions. The method is first evaluated using controlled synthetic experiments, where virtual stations selected as a subset of the
RCM grid emulate observational networks with varying density, size, and location. SPR is then validated using real station
observations. Daily precipitation, minimum temperature, and maximum temperature are considered. Results show that SPR
performs better than inverse distance weighting, ordinary kriging, and kriging with external drift, particularly under sparse
network conditions. Sensitivity analyses highlight the dominant role of station density and location on interpolation accuracy,

supporting the robustness and applicability of SPR for hydrological studies.

1 Introduction

High-resolution gridded meteorological data play a central role in hydrological impact studies, particularly in the context of
climate change, where the frequency and intensity of extreme events such as heatwaves, heavy precipitation, and flooding are
increasing (Warren et al., 2022). Hydrological models used for flood forecasting, water resource management, or climate impact
assessments require meteorological inputs that accurately represent the fine spatio-temporal variability of meteorological fields,
especially during extreme events. For example, Lucas-Picher et al. (2020) successfully reproduced the extreme flooding of the
Richelieu River (southern Quebec, Canada) in spring 2011 using a high-resolution gridded hydrometeorological dataset at
approximately 7 km resolution, which accounted for orographic precipitation effects (Livneh et al., 2015). Similarly, high-
resolution meteorological fields have been shown to be critical for assessing heat-related impacts in urban environments (Lauer
et al., 2023).

In practice, gridded meteorological data used in hydrological studies are typically obtained through four main approaches:

spatial interpolation of station observations (Cornes et al., 2018), physics-based numerical models (including numerical weather
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prediction and regional climate models) (Mufioz-Sabater et al., 2021), reanalysis products (Leduc et al., 2019; Gasset et al.,
2021), and radar-based products (Vernay et al., 2025). Physics-based models, such as numerical weather prediction and re-
gional climate models (RCMs), provide spatially complete and physically consistent meteorological fields at increasingly fine
resolutions. These datasets are widely used in hydrological impact studies, either directly or after bias correction (e.g., Faghih
and Brissette, 2023). However, raw model outputs may exhibit systematic biases and do not necessarily reproduce observed
weather conditions at specific locations or times.

Spatial interpolation methods rely on statistical techniques to estimate meteorological variables at ungauged locations based
on nearby observations. While widely used, their performance is strongly sensitive to station density and spatial variability,
which are often limited, particularly in mountainous or sparsely instrumented regions (Ly et al., 2013). Under such conditions,
spatial interpolation methods often struggle to capture realistic spatial variability, which can propagate errors into hydrological
simulations (Hwang et al., 2012). This limitation becomes particularly critical during extreme rainfall events, where forecast
accuracy strongly depends on network density (Segond et al., 2007; Looper and Vieux, 2012). To mitigate these limitations,
auxiliary gridded information such as topography or climatology is commonly incorporated (Livneh et al., 2015; Werner et
al., 2019; Daly et al., 1997). However, the use of climatology, often derived from RCM, is a limited way of exploiting the rich
spatial structure present in RCM simulations. More advanced approaches seek to exploit higher-order spatial structures beyond
mean climatology, capturing coherent patterns of variability across space (Taylor et al., 2013; Carreau and Guinot, 2021).

The main contribution of this paper is the development of an interpolation method that exploits the spatial structure of RCM
simulations through spatial patterns, which succinctly summarize the spatial structures present in these simulations. Specifi-
cally, we introduce Spatial Pattern Regression (SPR), a physically-constrained spatial reconstruction framework designed to
bridge the gap between traditional statistical interpolation and model-based reanalyses. Unlike reanalysis systems, which as-
similate observations into dynamically evolving model states, SPR relies on a fixed set of spatial patterns extracted from the
RCM, whose daily amplitudes are estimated from sparse station observations. Unlike purely local interpolation methods, SPR
leverages physically consistent spatial structures derived from RCM simulations to constrain the reconstruction. SPR assumes
that high-resolution regional climate model simulations adequately represent the dominant spatial structures of meteorological
variables. These spatial structures are first extracted from RCM data using principal component analysis (PCA), yielding spa-
tial patterns that represent the principal modes of spatial organization of the variable. When handling the high dimensionality
of gridded climate data, PCA (equivalent to Empirical Orthogonal Function - EOF) provides a well-established framework
for identifying a limited number of dominant spatial patterns that explain most of the variability and that can be exploited
in regression-type reconstructions (Monahan et al., 2009). Daily meteorological fields are then reconstructed through linear
regression using observations from available stations, allowing spatial coherence to be imposed even under sparse network
conditions.

The use of dominant modes of variability extracted from covariance structures has been explored as a means to reconstruct
spatially continuous fields when observations are sparse (Taylor et al., 2013). Reduced-space approaches based on EOF have
also been used in meteorological reconstruction and data assimilation, notably in the Reduced Space Optimal Interpolation

(RSOI) framework proposed by Schiemann et al. (2010). In RSOI, spatial variability is represented in a reduced EOF space,
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and observations are combined with a background field through an optimal interpolation formulation relying on prescribed er-
ror covariance structures. While effective, such approaches typically require historical observational archives to estimate these
covariances and often rely on gridded datasets derived from prior interpolation of station data to define the reduced space. Fur-
thermore, since these observation-based gridded fields only exist for the historical past, the spatial patterns learned by RSOI are
related to past climate conditions and cannot be updated to reflect future changes in spatial structure. In contrast, the approach
proposed in this work builds upon the idea of reduced-space reconstruction but adopts a regression-based formulation that does
not require explicit error covariance modelling or historical observations. Instead, spatial patterns are extracted directly from
regional climate model simulations, which span both historical and future periods, allowing the auxiliary period to be chosen
freely. This makes SPR adaptable to changing climate conditions and applicable in data-sparse or ungauged regions.

SPR is evaluated against commonly used baseline interpolation methods. Performance is assessed using controlled synthetic
experiments which enable systematic evaluations that would not be feasible using observations alone. In addition to these con-
trolled synthetic experiments, an evaluation using real station observations is performed, thereby assessing both methodological
robustness and practical applicability. Daily precipitation, minimum temperature, and maximum temperature are considered,
as these variables are central to hydrological modeling and climate impact studies.

The remainder of this paper is organized as follows. Section 2 presents the study area and the datasets used, including
regional climate model simulations and station observations. Section 3 describes the proposed Spatial Pattern Regression (SPR)
methodology, the baseline interpolation methods, and the experimental design. Section 4 presents the results obtained from both
synthetic experiments and the independent validation using real observations. Finally, section 5 discusses the implications of
the results for hydrological applications, as well as the limitations of the proposed approach. It also summarizes the main

findings and outlines perspectives for future work.

2 Study area and Data

To evaluate and compare the interpolation methods, we considered daily precipitation (mm day~"') and minimum and max-
imum temperature (°C). These meteorological variables are commonly used as inputs in hydrological modeling and climate

impact studies.
2.1 Regional climate model data

High-resolution gridded meteorological data were obtained from the ClimEx project, which investigates the impacts of cli-
mate change on extreme meteorological and hydrological events using the Canadian RCM (Leduc et al., 2019). The ClimEx
simulations cover a North American domain discretized on a regular grid of 280 x 280 cells, with a horizontal resolution of
approximately 11 km (see Fig. 1a).

From the full ClimEx simulation period (1950-2099), two distinct periods were defined. An auxiliary period (1980-2009)
was used to extract spatial information, including climatologies and spatial patterns. An interpolation period (2000-2009)

was used to perform spatial reconstructions and to evaluate method performance (see § 3.4.1). Although the auxiliary and
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interpolation periods overlap in this study, the proposed methodology does not require temporal overlap or synchronicity
between these periods, allowing flexibility in practical applications. It should be noted, however, that for temperature variables,
long-term warming trends may introduce systematic biases when the auxiliary and interpolation periods are substantially
separated in time, as the spatial mean field extracted from the auxiliary period may not accurately represent the mean level of
the interpolation period. In such cases, detrending of the RCM fields prior to pattern extraction, or the selection of an auxiliary
period temporally close to the interpolation period, would be advisable.

Within the North American ClimEx domain, two study regions were defined: a southern region and a northern region,
reflecting contrasting climatic and spatial variability conditions. For each region, three nested spatial extents (large, medium,

and small) were considered to assess the sensitivity of interpolation performance to region size (see Fig. 1b).
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Figure 1. Spatial domains used in this study.

2.2 Observational data

Instrumented meteorological observations were obtained from the official monitoring network operated by Environment and
Climate Change Canada (ECCC), which provides long-term, quality-controlled climate observations (https://climate.weather.
gc.ca/climate_data/bulk_data_e.html, accessed January 30, 2026). The analysis is restricted to stations located in southern

Quebec, within a spatial domain of approximately 70 000 km?, defined by latitudes 45.0-47.0°N and longitudes 75.0-70.0°W.
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Stations were selected to ensure strictly continuous observation periods, with no missing daily values and no gap filling. For
each variable, a two-year period with 100% data completeness was retained in order to balance temporal representativeness
and station availability. Different periods were selected across variables to maximize the number of available complete stations
(Precipitation: October 8, 2000 — October 7, 2002 ; Minimum temperature: December 7, 2000 — December 6, 2002 ; Maximum
temperature: December 12, 2016 — December 11, 2018).

The final dataset consists of 15 stations for precipitation and 44 stations for minimum and maximum temperature, each
providing complete daily records over the corresponding two-year period. These observations are used exclusively for inde-
pendent validation and do not contribute to the extraction of spatial patterns, ensuring a strict separation between auxiliary

model information and real-world observations.

3 Methods
3.1 From Climatology to Spatial Patterns

Climatologies, often used as auxiliary information in interpolation methods, are broadly defined as inter-annual averages of a
given meteorological variable. When applied to RCM gridded data, this averaging process reveals little about the underlying
spatial structure inherent to RCM simulations. In this study, we extract richer information from RCM simulations by charac-
terizing their spatial patterns — a concept related to weather types or regimes frequently used in climate science, identified
through clustering in empirical orthogonal function (EOF) space (Cattiaux et al., 2010).

More specifically, we define a spatial pattern as a spatially coherent structure that captures a recurrent mode of variability
of a meteorological field over a given region. Such patterns describe how values tend to co-vary in space, independently of
their instantaneous amplitude. Unlike climatologies, which represent long-term mean states, spatial patterns retain detailed
information on spatial variability. Furthermore, unlike local interpolation weights or distance-based kernels, they provide a
global representation of spatial organization that remains meaningful even in areas with no direct observations.

Spatial patterns play a central role in the proposed SPR method by serving as a low-dimensional basis onto which daily
meteorological data can be projected. Indeed, in practice, we compute the spatial patterns as the EOFs obtained through
principal component analysis (PCA) of gridded RCM simulations. Each pattern corresponds to an eigenvector of the spatial
covariance structure and represents an orthogonal mode of variability ordered by explained variance. Importantly, these patterns
are extracted independently of the station observations used for reconstruction, ensuring that the spatial structures are not
conditioned by the observational network geometry.

Unlike external covariates or drift terms used in some interpolation methods, spatial patterns encode intrinsic spatial vari-
ability derived directly from the meteorological field itself (Monahan et al., 2009; Carreau and Guinot, 2021). Their relevance
depends on the variable and regional context, with complex fields such as precipitation typically requiring more patterns than
temperature. As such, spatial patterns do not act as predictors of local magnitude but as structural building blocks that constrain

the shape of the reconstructed field.
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The extracted spatial patterns (see Fig. 2) are illustrated in the following to highlight their physical interpretability and role

in the reconstruction framework. The PCA is computed using all daily fields over the auxiliary period, allowing the extracted

spatial patterns to represent the dominant modes of spatial variability across a broad range of meteorological situations.
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Figure 2. First three spatial patterns for each variable in the southern region (577 grid cells; see Fig. 1b), ordered from top to bottom by

decreasing explained variance. Spatial patterns are dimensionless.

3.2 Spatial Pattern Regression (SPR)

SPR is the main methodological contribution of this paper. It builds upon reduced-space representations of spatial variability

and is based on the projection — performed via linear regression — of sparse station observations onto spatial patterns de-

rived from RCM simulations. As SPR reconstructs spatially continuous meteorological fields from such observations, it can

be regarded as an interpolation method, although its underlying mechanisms differ from those of classical spatial interpolation

approaches. SPR is conceptually related to reduced-space methods developed in data assimilation, notably the Reduced Space

Optimal Interpolation (RSOI) framework of Schiemann et al. (2010), which also relies on EOF-based representations of spatial

variability. However, SPR adopts a regression-based formulation in which spatial pattern amplitudes are estimated indepen-



150

155

160

165

170

175

dently at each time step, without requiring explicit modelling of background and observation error covariances. In addition, the
spatial patterns used in SPR are derived exclusively from RCM simulations, rather than from gridded observational analyses,
allowing the method to rely on physically consistent spatial structures. It makes no isotropy or stationarity assumptions and

relies on the representativeness of the dominant spatial patterns. It consists of two main steps, each described in turn below.
3.2.1 Identification of a representative basis of spatial patterns

The first step of SPR consists in extracting a representative basis of spatial patterns from high-resolution RCM simulations.
These patterns are identified using Principal Component Analysis (PCA), computed via Singular Value Decomposition (SVD).
PCA provides an efficient way to extract a reduced set of orthogonal spatial modes that capture the dominant spatial variability
of gridded meteorological fields (Link et al., 2019).

Let Z%f;f‘ denote the RCM dataset over the auxiliary period, where n is the number of daily time steps and p is the number

of grid cells in the study region. Applying SVD to the centered data matrix yields
Zgy = URESE (VaR T + (Zg )T (1)

where fo,ld contains the first k spatial patterns, S%f}cd is the diagonal matrix of singular values, and Uir’ikd contains the associ-
ated temporal coefficients. The vector Zg”d represents the spatial mean field, 7" denotes the transpose operation, 1,, is a vector
of ones of length n. More precisely, Zz%rid is the temporal column mean of the RCM data matrix over the auxiliary period,
defined for each grid cell j as Z ]grid = %Z?:l Ztg’r;d. It is a single constant per grid cell, computed once over the auxiliary
period, and represents the standard centering term of the SVD decomposition. It is distinct from monthly climatological means
or seasonally varying backgrounds.

The spatial patterns Vf:,ivd form a fixed, spatially complete basis that characterizes the dominant spatial structures of the
variable. They are extracted once from the auxiliary period and do not vary from day to day. These patterns are assumed to
be representative of the spatial variability encountered during the interpolation period and are subsequently used to reconstruct

daily fields from sparse observations.
3.2.2 Spatio-temporal integration through regression

The second step of SPR estimates the temporal amplitudes of the spatial patterns by fitting a regression model to station
observations for each day of the interpolation period. While spatial patterns are extracted from RCM simulations over the
auxiliary period, station observations are only used at this regression step. Importantly, the station observations used here
do not need to be temporally aligned with the auxiliary period used for pattern extraction — the two periods are entirely
independent, which gives the method considerable flexibility in practical applications.

Let Zg = (Z(s1),...,Z (sd))T denote the vector of observed values at d gauged stations for a given day. To relate these
observations to the spatial patterns, the full pattern matrix V;f)r,icd is spatially restricted to the station locations, yielding the

reduced matrix Vif;d, d < p.



180

185

190

195

200

205

SPR assumes the following linear regression model:
7z, Zgrid _ Vgrid 2
d—24gq dk Pr+ed, 2

where [, is the vector of pattern coefficients for the day considered, Zgrid is the mean RCM field restricted to the station
locations, and £ is a vector of residual errors assumed to be independent and identically distributed with zero mean. The
regression coefficients [y are estimated using ordinary least squares independently for each day. Specifically, the coefficients
are obtained by minimizing the squared difference between observed values and their reconstruction from the spatial patterns
restricted to station locations.

This formulation is directly inspired by the PCA decomposition of the gridded fields (see Eq. (1)). It allows the spatial
structure of the field to be prescribed a priori, while the temporal evolution is constrained by the available observations. The
estimated coefficients B & thus play the role of daily temporal scores, describing how the amplitude of each spatial pattern varies
from one day to the next. In the idealized case where observations are available at all grid points, the coefficients ;. correspond
to the PCA temporal scores. In the sparse-observation setting, they are estimated by least squares, ensuring consistency between
observed values and the spatial structures imposed by the patterns.

The formulation in Eq. (2) can be equivalently rewritten in its uncentered form as:
Za=Z5" + VEY B +ea, (3)

which highlights that SPR can be interpreted as a linear model with a spatially varying intercept term given by the RCM-derived
mean field, and a low-rank representation of spatial variability defined by the PCA-derived patterns. The centered formulation
used in Eq. (2) is therefore a direct consequence of the PCA decomposition, in which spatial patterns represent variability
around the mean field. In particular, this uncentered form makes clear that SPR is applied to raw observations Z, and that its
output is on the same scale as the observations used by IDW, OK, and KED, ensuring a consistent basis for comparison.

The regression is performed independently for each day, yielding a sequence of coefficient vectors that capture the temporal
evolution of the spatial patterns. The complete gridded field is then reconstructed using the full pattern matrix, as opposed to

the restricted one in Eq. (2):
Zy=VEL by + 287 “

This reconstruction preserves the large-scale spatial coherence provided by the RCM-derived patterns while ensuring con-
sistency with station observations at each time step. Rather than interpolating values directly in physical space, the method
reconstructs fields as linear combinations of predefined spatial patterns, whose associated coefficients vary in time.

The method does not require a fixed station network over time, as the regression is performed independently for each
day using the available observations. For a given day, the spatial pattern matrix is restricted to the station locations, and its

dimension therefore adapts to the number of available observations.
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3.3 Baseline interpolation methods

Three widely used spatial interpolation methods are employed as baselines against which the performance of SPR is compared.
These methods reconstruct values at ungauged locations using weighted combinations of observations from neighbouring sta-
tions and are representative of both deterministic and geostatistical approaches commonly applied in hydrology and climatology
(Li and Heap, 2014; Bokke, 2017).

Inverse Distance Weighting (IDW) is a deterministic interpolation method in which observations closer to the target location
receive larger weights than more distant ones (Burhanuddin et al., 2015; Margaritidis, 2024; Li and Heap, 2011, 2014; Zim-
merman et al., 1999). The method assumes that spatial proximity alone governs similarity, without explicitly modeling spatial
correlation or uncertainty. Despite its simplicity, IDW is frequently used as a benchmark due to its low computational cost and
minimal assumptions.

Ordinary Kriging (OK) is a geostatistical method that exploits the spatial autocorrelation structure of the variable through a
variogram model (Snepvangers et al., 2003). Predictions are optimal in the sense of being unbiased and of minimum variance
under the assumption of second-order stationarity and isotropy. In addition to point estimates, OK provides an estimate of
prediction uncertainty, which makes it a common reference method in spatial interpolation studies.

Kriging with External Drift (KED) extends OK by incorporating an auxiliary variable to represent a spatial trend in the
mean structure of the field (Varentsov et al., 2020; Hengl et al., 2003). In this study, the auxiliary information corresponds to
monthly climatologies derived from RCM simulations on the auxiliary period. While KED allows part of the large-scale spatial
variability to be explained by the external drift, it still relies on station-based variogram modeling and assumes that residuals
are stationary.

These baseline methods fundamentally differ from SPR in how spatial information is exploited. IDW, OK, and KED operate
directly in the geographical space using distances and local neighbourhoods, whereas SPR relies on a low-dimensional basis
of spatial patterns extracted from high-resolution gridded data. By embedding physically consistent spatial structures into
the interpolation process, SPR departs from local station-centred approaches and provides a complementary framework for

reconstructing spatially coherent meteorological fields.
3.4 Experimental design and validation framework
3.4.1 Synthetic data experiments

These experiments rely on an idealized setting where a virtual station network is defined as a sub-sample of the RCM grid cells.
By emulating observational networks of varying sizes and spatial configurations, the virtual stations yield pseudo-observations
that are used in the same way as real station data in the regression step, allowing for a controlled evaluation of the method. For
each of the two selected regions (see Fig. 1b), we vary two key factors — the spatial extent of the region and the density of
the virtual station network — to design a set of controlled experiments. Interpolation is then performed at the remaining grid
cells, and the reconstructed fields are compared to the reference RCM fields, allowing a direct and controlled assessment of

each method’s sensitivity to network sparsity and spatial scale. The reference RCM field serves as ground truth in the synthetic
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experiments by design: the objective is to evaluate how well each method can reconstruct a known spatially complete field
from sparse observations, rather than to assess realism with respect to actual meteorological observations.

The region size can take one of three values (large, medium, or small) corresponding to the nested rectangles shown in
Fig. 1b. The network density is defined as the proportion of grid cells retained as virtual stations and is set to 10%, 30%, 50%,
70%, or 90%. For each variable, this design implies 30 distinct experiments, combining region location, spatial extent, and
network density (see Table 1).

In addition to these experiments, a stress-test experiment is designed to mimic a common practical situation in spatial
interpolation: extremely sparse observation networks, as often encountered in remote regions. We focus on a large northern
Quebec region (Fig. 1b) composed of 2,970 grid cells, from which only three grid cells (approximately 0.1%) are randomly

selected as virtual stations.

Table 1. Synthetic experiments framework: For each region location (south or north), three region sizes (S, M, or L) and five network density
levels (from 90% to 10%) are considered. The number of grid cells where interpolation must be performed is given by: (100 - density) x

total number of grid cells.

Region South ‘ Region North

Total # of grid cells 3025 1332 342 ‘ 2970 1332 342

Network density # of interpolated grid cells

|
‘ SizeL SizeM  Size S ‘ Size L SizeM  Size S
|
|

90% 303 133 34 297 133 34
70% 908 400 103 891 400 103
50% 1523 666 171 1485 666 171
30% 2118 932 239 2079 932 239
10% 2723 1199 308 2673 1199 308

3.4.2 Real data experiments

In these experiments, SPR is applied as intended for real-world data: station observations are provided by a real station network
(see § 2.2) while RCM simulations over the auxiliary period are used to construct the spatial patterns. Interpolation is then
carried out over the interpolation period, day by day and for each meteorological variable independently, at grid cells where no
station observations are available.

We focused on a single factor: the density of the station network. Specifically, we considered only 10% and 30% densities,
representing data scarcity situations and corresponding to training sets of 2 to 4 stations over a 70 000 km? region. To assess
the sensitivity of results to the specific choice of training stations, the station selection is repeated 100 times using independent
random seeds for each density level and each variable. Performance metrics are averaged across repetitions, and their standard
deviation is reported to quantify sampling uncertainty. This repeated subsampling strategy ensures that the conclusions are not

driven by a particular station configuration and provides a statistically robust basis for comparison across methods.

10
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3.5 Model evaluation

For each variable, spatial interpolation is performed independently for each day, and performance metrics (see 3.5.2) are
aggregated over the interpolation period. For precipitation, a softplus transformation f(x) = log(exp(x) — 1) is applied prior
to interpolation to ensure positivity after bounding values by 10~°. Interpolated values are then back-transformed to the original
scale, and values below 0.5 mm are set to zero following Werner et al. (2019). The same softplus transformation and direct
back-transformation procedure was applied uniformly to all interpolation methods (SPR, KED, OK, and IDW) to ensure fair
comparison.

It should be noted that applying a direct inverse transformation after interpolation in transformed space may in general
neglect the contribution of analysis-error variance (Fletcher and Zupanski, 2006). However, the inverse of the softplus transfor-
mation satisfies f~1(x) = log(1 + e%) ~ x for precipitation values of practical interest, implying that the back-transformation
introduces negligible bias in this context. This transformation serves as a smooth link function ensuring that back-transformed
interpolated values remain non-negative. Unlike variance-stabilizing transformations such as the square-root (Schiemann et
al., 2010; Erdin et al., 2012), the softplus transformation does not primarily aim to reduce skewness but rather to enforce the
physical boundary of non-negativity. Alternative transformations, such as the square-root transformation used by Schiemann et
al. (2010), are also common for precipitation. Correction methods based on Taylor-series approximations (Fortin et al., 2015;
van Hyfte et al., 2023) or quantile-based approaches (Erdin et al., 2012) are not considered here given the negligible bias of
the softplus back-transformation, but represent a potential avenue for future improvements.

Since interpolation is conducted independently in time, model evaluation is formulated in the spatial domain. For synthetic
experiments, virtual stations corresponding to a given network density define the training set, while the remaining grid cells
form the test set. An additional validation set is obtained by randomly withholding the same proportion of grid cells from the
training set, ensuring a consistent assessment of model generalization across network densities and region sizes. Validation set
is used for hyperparameter selection, see 3.5.1.

For the real data experiments, a subset of stations corresponding to a given network density represent the training set while

the remaining stations form the test set.
3.5.1 Hyperparameter selection

Hyperparameters are selected by maximizing average performance on the validation set over the full interpolation period. Al-
though day-specific tuning is possible, a single globally optimal configuration is retained for each method to ensure robustness
and comparability across days.

For the baseline methods (IDW, OK, and KED), the tuning parameters include the IDW distance power (1-5) and the
variogram model (Gaussian, Spherical, or Exponential) for OK and KED. For SPR, the number of retained spatial patterns
k is treated as a hyperparameter and selected as a percentage (10%-90%) of the maximum available patterns, in steps of
5%, allowing a consistent search across regions of different sizes. The selected value of £ is fixed once per experimental

configuration — that is, for a given combination of region, region size, network density, and meteorological variable — and

11
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applied uniformly to all days of the interpolation period. This ensures that the reconstructed fields rely on a consistent spatial
basis throughout, which is particularly important for climatological applications such as the estimation of long-term trends or
return values, where consistency of the reconstruction framework across time steps is essential.

The optimal proportion of retained patterns varies across configurations and variables. For precipitation, it typically ranges
from 20% to 60%, with values most commonly around 40%—-50% under sparse network conditions (10%—-30% density). For
temperature variables, the optimal proportion is generally lower, ranging from 20% to 50% with most values around 25%—
35%, reflecting the smoother and more structured spatial variability of temperature fields compared to precipitation. These
differences suggest that fewer spatial patterns are needed to capture the dominant spatial organization of temperature, while
precipitation requires a richer basis to represent its more complex spatial structure.

Hyperparameter selection is performed exclusively within the synthetic experiment framework, where the ground truth is
fully known and systematic validation is possible across a wide range of controlled configurations. Optimizing hyperparameters
under very sparse network conditions is not feasible, as it would lead to unstable estimates and potential overfitting.

Consequently, for stress-test experiments, hyperparameters are fixed to the values obtained from synthetic experiments
conducted at 10% station density, which most closely matches the level of network sparsity considered in these tests. For
the real station data experiments, hyperparameters are fixed to the values obtained from the synthetic experiments at the

corresponding station densities (10% and 30%).
3.5.2 Performance evaluation metrics

Final model performance is evaluated on the test set using the optimal hyperparameters. Interpolated values are compared to
the ground truth using two complementary metrics.

The Root Mean Squared Error (RMSE) quantifies pointwise interpolation accuracy and is computed daily over the test grid
cells before being averaged over the interpolation period. In addition, the Structural Similarity Index Measure (SSIM) is used
to assess the ability of each method to reproduce the spatial structure of the ground truth. SSIM values range from —1 to 1,
with higher values indicating greater structural similarity.

While RMSE captures the average magnitude and bias of interpolation errors, SSIM explicitly accounts for spatial variance
and structural correlation through its contrast and structure components respectively. Together, these two metrics provide a
comprehensive evaluation covering the three aspects — bias, variability, and correlation — that are explicitly decomposed by

metrics such as the Kling—Gupta Efficiency (Gupta et al., 2009).

4 Results
4.1 Results of synthetic data experiments

The performance of the three baseline interpolation methods and SPR is evaluated across all synthetic experiments using daily

RMSE and SSIM, computed over the test grid cells and averaged over the interpolation period. Results are summarized in
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340

Fig. 3 for the southern region and Fig. 4 for the northern region. In these figures, RMSE is shown on the x-axis and 1 — SSIM
on the y-axis, such that points closer to the origin indicate better performance.

Across the majority of experiments and for all three meteorological variables, SPR consistently achieves the best overall
performance, combining low interpolation errors with a strong ability to preserve structural similarity. This behavior is partic-
ularly clear for medium and large regions in both the southern and northern domains, where SPR systematically outperforms
all baseline methods.

At moderate to high station densities (50% and above), SPR dominates the comparison regardless of region size or ge-
ographic location. At lower densities, performance differences mainly arise between SPR and KED, while OK and IDW
consistently rank behind. In a limited number of low-density scenarios, primarily for precipitation and small regions, KED
marginally outperforms SPR in terms of RMSE. In these cases, however, SPR generally maintains superior SSIM values,
indicating a better reproduction of spatial patterns.

Opverall, SPR demonstrates a favorable trade-off between pointwise accuracy and spatial coherence. Out of the 90 synthetic
experiments considered, KED outperforms SPR in only six cases and yields comparable performance in three, while SPR

remains superior in the vast majority of scenarios.
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Figure 3. Synthetic data experiments: Comparison of the three baseline methods and SPR in the southern region, in terms of averaged RMSE
(x-axis) and averaged 1-SSIM (y-axis). Each column represents a specific meteorological variable, while each row corresponds to a region
size—ranging from the largest at the top to the smallest at the bottom. Each color represents a different interpolation method, and each

plotting symbol corresponds to a specific network density. The closer a symbol is to the origin, the better the performance.
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Figure 4. Synthetic data experiments: Comparison of the three baseline methods and SPR in the northern region, in terms of RMSE (x-axis)
and 1-SSIM (y-axis). Each column represents a specific meteorological variable, while each row corresponds to a region size—ranging
from the largest at the top to the smallest at the bottom. Each color represents a different interpolation method, and each plotting symbol

corresponds to a specific network density. The closer a symbol is to the origin, the better the performance.

4.2 Results of synthetic stress-test experiments

Results (see details in Table 2) shows that SPR consistently yields lower average and lower median RMSE than KED for all
three variables. For minimum and maximum temperature, SPR also achieves higher SSIM values, whereas for precipitation,
KED shows a higher SSIM despite larger RMSE.

To further illustrate the differences between both methods, interpolated fields and corresponding ground truth are shown
for three representative days for each variable (Fig. 5), along with the associated spatial RMSE fields (Fig. 6). KED fields
are almost perfectly correlated with the climatological background (average Spearman correlation: 0.9997), while SPR fields
exhibit weaker correlation (0.7910). However, SPR produces interpolated fields that are more structurally similar to the ground
truth in terms of SSIM (average SSIM: 0.4151 for SPR versus 0.2504 for KED).

These results suggest that under extremely sparse observational constraints, SPR can better reproduce the spatial organization

of the target fields, while KED remains strongly driven by the auxiliary climatological information used as external drift.
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Table 2. Realistic stress-test experiments: daily RMSE statistics (mean, median, standard deviation (SD) and 2.5% and 97.5% quantiles) and
average SSIM values for each variable and interpolation method. Lower RMSE and higher SSIM values indicate better performance. The

best values for average and median RMSE, as well as SSIM, are shown in bold.

RMSE
Variable Method SSIM
Mean Median SD 2.5% 97.5%
PR SPR 3.18 1.97 3.63 0.01 13.17 0.6654
KED 3.39 2.16 4.06 0.04 14.02 0.8044
SPR 3.53 3.19 1.8 1.08 7.79 0.9636
TMIN
KED 3.99 3.54 2.10 1.24 9.00 0.9541
SPR 2.59 2.29 1.39 0.86 6.10 0.9757
TMAX
KED 2.97 2.59 1.61 1.01 7.09 0.9687
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Figure 5. Realistic stress-test experiments: ground truth, interpolated fields of KED and SPR over the larger northern region. Green squares
indicate the virtual station locations. Solid squares indicate that KED does not interpolate at virtual station locations. Rows correspond to

precipitation, minimum temperature, and maximum temperature (top to bottom) on three different days.
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Figure 6. Realistic stress-test experiments: comparison of KED (right column) and SPR (left column) in the larger northern region, based
on their spatial RMSE. Each row represents a specific variable: precipitation, minimum temperature and maximum temperature, from top to
bottom, shown on the same three days as in Fig. 5. Green squares indicate the virtual station locations. Solid squares indicate that KED does

not interpolate at virtual station locations.

4.3 Results of real data experiments

Figure 7 summarizes the distribution of interpolation performance across 100 independent random station samplings, for each
method, variable, and density level. The consistency of results across repetitions confirms that the conclusions are robust to the
specific choice of training stations.

At the lowest density (10%), SPR systematically achieves lower median RMSE than KED for precipitation and both tem-
perature variables, while maintaining higher SSIM values. Notably, the interquartile ranges of SPR are more compact than
those of KED, indicating that SPR is not only more accurate on average but also more robust to the specific choice of training

stations under very sparse network conditions.
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360 At 30% density, differences between SPR and KED become smaller and more variable across variables, with SPR yielding
better accuracy only for precipitation. These results suggest that the primary advantage of SPR emerges in sparse-network
settings, while its performance remains competitive as station density increases within the low-density regime considered here.

These findings are consistent with the synthetic experiments, which indicate that the added value of SPR is most pronounced

under sparse observational coverage.
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Figure 7. Validation with real observations: distribution of mean daily RMSE (first row) and SSIM (second row) across 100 independent
random station samplings for SPR and KED, for each variable. Each box shows the median, interquartile range, and whiskers extending to
1.5 times the interquartile range. Lower RMSE and higher SSIM indicate better performance. Note that 10% density corresponds to 2—4

stations in a region of 70,000 km?.

365 4.4 Sensitivity analysis of SPR performance

A factor-wise sensitivity analysis of SPR is conducted using synthetic experiments to assess the influence of station network
density, region size, and region location across the three meteorological variables. The main conclusions are summarized below,

while detailed results are not shown.
Station network density is the dominant factor controlling SPR performance: increasing density systematically reduces
370 RMSE and uncertainty in both regions. Precipitation exhibits higher RMSE and larger uncertainty than temperature variables,

reflecting its greater interpolation difficulty.
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In contrast, region size has a limited impact on average performance, with RMSE remaining broadly stable across scales.
Region location affects performance in a variable-dependent manner: precipitation errors are lower in the north, whereas

temperature errors are higher, suggesting that differences in spatial structure affect interpolation accuracy.

5 Discussion and conclusions

In this work, we introduced Spatial Pattern Regression (SPR), a statistical framework for generating meteorological data that
explicitly leverages the spatial structures embedded in RCM simulations. SPR formulates spatial interpolation as a low-rank
reconstruction problem, in which daily meteorological fields are represented as linear combinations of spatial patterns extracted
from auxiliary gridded data through SVD/PCA. Overall, SPR reframes interpolation by prioritizing physically consistent spatial
organization rather than purely local spatial proximity.

More specifically, the proposed method addresses a key limitation of existing interpolation approaches, which typically
incorporate auxiliary information — such as elevation or RCM-based climatologies — through predefined covariates or drift
terms, thereby failing to fully leverage the rich spatial structures embedded in gridded datasets. By explicitly extracting spatial
patterns from RCM simulations, SPR provides a principled mechanism for integrating physically consistent spatial organization
into interpolation, without directly constraining interpolated values toward the auxiliary information. Instead, the auxiliary
dataset serves to define the dominant modes of spatial variability rather than to impose absolute values. This conceptual shift
— from using auxiliary information to constrain absolute values toward using it to define spatial organization — underpins
the development of the proposed methodology and allows SPR to accommodate a wide range of auxiliary gridded products,
including RCM outputs, elevation fields, radar products, or remote sensing data.

The experimental results demonstrate that SPR provides accurate and robust interpolations across a wide range of config-
urations. SPR performs competitively with established baseline methods, including KED, OK, and IDW, and shows a clear
advantage under very sparse station network conditions. Among the baseline approaches, KED remains the strongest compara-
tor, consistent with previous findings in spatial interpolation studies (Bishop and McBratney, 2001). Our results also confirm
that station density and region location are first-order drivers of interpolation uncertainty, in agreement with earlier work
(Stahl et al., 2006; Li and Heap, 2014; Wagner et al., 2012). Importantly, SPR does not uniformly outperform KED across all
configurations, but its relative benefit becomes most apparent when observational information is severely limited.

Moreover, while all methods are evaluated on the same meteorological scale, they differ fundamentally in the structural
information they incorporate. SPR explicitly separates a spatially varying mean structure from low-dimensional variability
through the PCA-based decomposition, effectively embedding RCM-derived spatial organization into the interpolation frame-
work. In contrast, IDW and OK rely solely on spatial proximity without incorporating any auxiliary structural information.
KED occupies an intermediate position, using RCM-derived monthly climatologies as an external drift term to account for
large-scale spatial variability. These differences in modeling philosophy — rather than differences in the scale or nature of
the data — explain the contrasting behaviors observed across experimental configurations, particularly under sparse network

conditions where the structural constraints provided by SPR become most valuable.
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A key contribution of SPR lies in its ability to ensure spatial consistency between interpolated historical fields and fu-
ture climate simulations. In climate change impact studies, interpolated meteorological data are commonly used to calibrate
hydrological models over historical periods, while RCM simulations are employed to assess future changes. By reproducing
spatial structures derived from RCM simulations in the interpolated fields, SPR helps reduce structural inconsistencies between
calibration and projection phases. This property is particularly relevant for distributed hydrological modeling, where spatial
coherence strongly influences simulated fluxes and states.

The extraction of spatial patterns relies on the representativeness of the auxiliary period, which must adequately capture the
dominant spatial variability and characteristic meteorological structures of the target variable. Beyond this requirement, the
auxiliary period can be selected flexibly and does not need to overlap temporally with the observation period. This flexibility
distinguishes SPR from reanalysis-based approaches, which rely on complex data assimilation systems and strict temporal
alignment between observations and model states (Gasset et al., 2021). SPR is not intended to replace reanalysis products, but
rather to provide a lightweight and transparent alternative when dense observational networks or full assimilation frameworks
are unavailable.

Several limitations and avenues for improvement remain. In its current form, SPR relies on a fixed number of leading spatial
patterns. Allowing the adaptive selection of spatial patterns, potentially including lower-ranked modes that capture event-
specific features, may further enhance performance. In addition, the present implementation estimates regression coefficients
independently for each day, ignoring temporal dependence. Incorporating temporal regularization or joint spatio-temporal
modeling of the coefficients represents a natural extension of the framework. While a fixed station network was assumed
throughout the evaluation for simplicity, future work could consider temporally varying networks, which would better reflect
operational conditions where station availability changes over time.

Furthermore, SPR’s output may partly inherit the spatial smoothness of the RCM, since it reconstructs fields as low-rank
combinations of RCM-derived spatial patterns — a consequence of the dimensionality reduction inherent in the PCA-based
representation. Evaluating against the same RCM field may therefore introduce a bias in favor of SPR over methods that pre-
serve finer local variability. However, KED, through its variogram calibration, is also capable of reproducing spatially smooth
fields, and the extent to which this bias specifically affects the SPR-KED comparison may be limited. This limitation is specific
to the synthetic experiments; in the real-data experiments, evaluation is performed against independent station observations,
which provides a complementary assessment. More broadly, conventional RCMs at approximately 11 km resolution are known
to smooth spatial variability, particularly for precipitation extremes. The use of convection-permitting regional climate models
(CP-RCMs), typically operating at 1-4 km resolution, represents a promising direction for improving the realism of spatial
structures used within SPR (Caillaud et al., 2021; Dura et al., 2025).

Notably, SPR leverages spatial patterns derived from RCM simulations, which encode potentially richer structural infor-
mation than simple variogram-based representations of spatial dependence. However, this also introduces a dependency on
the fidelity of the RCM: any systematic spatial bias may directly propagate into the interpolated fields. This sensitivity to
RCM structural biases should be considered in operational applications. Recent work has explored alternative ways of ex-

ploiting high-resolution model simulations to improve interpolation, including the use of anisotropic variograms derived from
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CP-RCM simulations (Dura et al., 2025), radar-based ensemble analyses (Vernay et al., 2025), and high-resolution reanaly-
sis products (Khedhaouiria et al., 2026), which represent complementary directions for improving the spatial consistency of
interpolated meteorological fields.

In conclusion, SPR offers an efficient and conceptually coherent alternative for spatial interpolation of meteorological vari-
ables, particularly suited to poorly instrumented regions where station density is low and spatial consistency is critical. The
current formulation provides a solid baseline for future developments aimed at integrating temporal dependence, nonlinearity,

and additional sources of spatial information, with clear potential for operational hydrological and climate impact applications.
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