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Abstract 022
Climate assessments frequently rely on temperature fields generated by spatial interpolation, yet the 023
influence of interpolation methods on derived climate indicators remains insufficiently understood. 024
This study investigates how commonly used distance-based interpolation methods affect tempera- 025
ture representation and heat-wave detection in the state of Sdo Paulo, Brazil. Hourly air-temperature 026
observations from meteorological stations (2021-2025) were evaluated using a leave-one-out cross- 027
validation framework. The Nearest Neighbor (NN) method and multiple configurations of Inverse 028
Distance Weighting (IDW) were compared, and interpolated temperature series were generated for 029
the centroids of 645 municipalities to derive daily temperature statistics and heat-wave indicators. 030
The best-performing configuration (IDW with a 250 km search radius and distance-decay expo- 031
nent of 2) achieved an RMSE of 1.97 °C and an R2 of 0.877. Although IDW adequately preserved 032
the central tendency of maximum and mean temperatures, it systematically reduced temperature 033

variability, particularly for minimum temperatures, attenuating cold extremes and modifying tem-
perature distributions. These differences became substantially more pronounced for threshold-based 034
climate indicators. Compared with NN, IDW consistently identified fewer and shorter heat-wave 035
events, with cumulative heat-wave duration differing by up to 199 days in some municipalities over 036
the study period. The results demonstrate that interpolation methods showing satisfactory predictive 037
accuracy may still alter the representation of climate extremes and derived heat-wave indicators. Con- 038
sequently, evaluating interpolation methods solely using conventional error metrics may be insufficient 039
for applications involving climate-risk assessment and urban climate analysis. 040
Keywords: Spatial interpolation, Temperature extremes, Heat waves, Climate indicators, Interpolation 041
uncertainty 042
043
044
045
1 Introduction 046
047
. . . 048
Reliable climate data are fundamental to environ- 049
mental risk assessment, sustainable urban plan- 8?1)

ning, climate services, and evidence-based climate
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policy [1]. Air temperature is a key variable in
the climate system, controlling surface energy
balance, atmospheric circulation, ecosystem func-
tioning, and a wide range of socio-economic activi-
ties. Its spatial distribution underpins applications
such as climate risk assessment, agricultural plan-
ning, urban and regional planning and public
health management, where reliable information on
mean conditions and extremes is essential. In par-
ticular, the characterization of temperature vari-
ability is central for the study of extreme events,
such as heat waves, whose frequency, duration,
and intensity have increased in recent decades
[2, 3]. These events pose growing threats to human
health, energy infrastructure, labor capacity, and
economic productivity in a warming climate [4, 5].

Despite this central role, near-surface air tem-
perature is typically observed only at discrete
locations, most commonly meteorological stations
that are irregularly distributed in space. Station
networks often exhibit strong spatial inhomo-
geneities due to topographic complexity, infras-
tructure constraints, and historical development,
resulting in gaps in spatial representativeness
[6, 7]. These limitations are particularly problem-
atic in regions with complex terrain or sparse
station density, where local-scale variability may
not be adequately captured by available observa-
tions. In such contexts, interpolated temperature
surfaces frequently become the empirical basis

for assessing climate exposure at decision-relevant

administrative scales, including municipalities and
regions [8]. Addressing observational gaps is there-
fore essential for producing actionable climate
information, but it also requires explicit atten-
tion to the uncertainty introduced during spatial
estimation.

To obtain spatially continuous fields, a vari-
ety of interpolation methods are routinely applied
to station data. These range from deterministic
approaches, such as Inverse Distance Weight-
ing (IDW), to geostatistical methods, such as
Kriging and its variants [9, 10]. Among these,
IDW is frequently adopted due to its conceptual
simplicity, low computational cost, and reason-
able performance under moderate spatial variabil-
ity [11]. However, numerous studies have shown
that interpolation performance is strongly influ-
enced by station density, network configuration,
and environmental heterogeneity [6, 12]. Thus,
the apparent simplicity of distance-based inter-
polation may conceal spatially structured errors,
especially in landscapes where altitude, coastal
influence, land-sea contrasts, and mesoscale cli-
matic processes generate sharp gradients over
short distances [13].

Most evaluations of interpolation methods
rely on global accuracy metrics, such as root-
mean-square error (RMSE) or mean absolute
error (MAE), derived from cross-validation exper-

iments. While useful, these metrics offer only a



limited view of how interpolation alters the under-
lying statistical structure of temperature fields.
The inherent smoothing applied by many inter-
polation techniques can reduce spatial variability,
attenuate local extrema, and potentially intro-
duce systematic distortions rather than purely
random errors [14]. Such modifications are par-
ticularly consequential for the analysis of climate
extremes. A method may perform well according
to average-error metrics while still distorting the
distributional tails and temporal persistence that
define extreme-event indicators. This distinction
is critical for environmental data science, because
climate-impact assessments depend not only on
accurate central tendencies, but also on the faith-
ful representation of rare and persistent events
[15].

Heat waves are typically defined through
exceedance of high-temperature thresholds over
multiple consecutive days, making their identifica-
tion highly sensitive to small changes in temper-
ature estimates [16]. Consequently, even modest
differences between interpolation methods may
substantially affect the detection, duration, and
frequency of heat wave events. Yet, the impact of
spatial interpolation on derived climate indicators,
and on extreme temperature metrics in particular,
remains insufficiently explored, especially across
multiple spatial scales and under realistic data-
sparse conditions typical of many regions where

climate adaptation decisions are urgently needed.

This represents a relevant methodological gap,
because underestimating heat-wave frequency or
persistence may lead to biased assessments of
exposure, vulnerability, and adaptation needs.
This study addresses this gap by systemati-
cally investigating how spatial interpolation influ-
ences both temperature estimation and derived
climate indicators, from individual stations to
municipalities and regional aggregates. We focus
on the State of Sao Paulo, Brazil, a densely
populated and environmentally heterogeneous
region characterized by coastal plains, escarp-
ments, inland plateaus, strong altitudinal gradi-
ents, and uneven meteorological-station coverage.
First, we assess interpolation performance using
a leave-one-out cross-validation (LOOCYV) frame-
work and characterize spatial patterns of model
skill via unsupervised learning techniques, specif-
ically principal component analysis (PCA) and
density-based clustering (DBSCAN). This analyt-
ical pipeline links conventional model evaluation
to spatially explicit patterns of uncertainty and
can be extended to other environmental vari-
ables and geographic regions. Second, we inter-
polate hourly temperature fields to municipality
centroids, thereby emulating realistic data-sparse
conditions in which many impact assessments are
conducted. Third, we aggregate results at interme-
diate regional scales to examine how interpolation-
induced effects propagate and potentially attenu-

ate or amplify across space.
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Beyond conventional accuracy metrics, we
explicitly analyze how interpolation modifies key
statistical properties of temperature time series,
including variability, distribution tails, and tem-
poral persistence. Particular emphasis is placed on
the detection and characterization of heat waves,
enabling a direct evaluation of how different inter-
polation strategies influence extreme temperature
indicators. By contrasting nearest-neighbor esti-
mates with IDW configurations, we test whether
methods that improve average interpolation accu-
racy also preserve the temporal structure of heat
extremes. This multi-scale, multi-metric approach
moves beyond standard interpolation assessment
by treating spatial prediction not merely as a
preprocessing step, but as a source of method-
ological uncertainty in climate data production.
Our results demonstrate that spatial interpola-
tion is not a neutral preprocessing step but an
active transformation of the climate signal. Spatial
interpolation modifies the representation of tem-
perature distributions, often reducing variability
and affecting the persistence of threshold-based
extreme events. These effects are spatially struc-
tured by environmental heterogeneity and station
coverage, and they become more pronounced when
moving from station observations to municipality-
level estimates. Crucially, the same smoothing
that improves conventional accuracy metrics can

lead to substantial underdetection of heat-wave

frequency and duration, with discrepancies reach-
ing up to 199 heat-wave days in some munici-
palities when IDW is compared with a nearest-
neighbor baseline [17]. By integrating model evalu-
ation, spatial prediction, and multi-scale analysis,
this work provides new evidence on the role of
interpolation in climate studies and highlights the
sensitivity of extreme temperature indicators to
methodological choices, with direct implications
for climate impact assessments, climate services,
urban resilience planning, and decision-making

based on interpolated datasets.

2 Study Area and Data

2.1 Study Area

The study focuses on the State of Sao Paulo,
located in southeastern Brazil, extending approxi-
mately from 19°S to 25°S latitude and from 44°W
to 53°W longitude, and covering an area of about
248,000 km?. Elevation ranges from sea level along
the Atlantic coast to more than 2,700 m in the
Serra da Mantiqueira mountain range (Fig. 1).
The state exhibits pronounced physiographic
heterogeneity, with a transition from coastal
plains to steep escarpments and extensive inland
plateaus. This complex terrain strongly influ-
ences atmospheric circulation and local climatic
variability. Temperature patterns are particularly

sensitive to altitude gradients and proximity to
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Fig. 1 Study area overview. (a) Location of Sdo Paulo state in Brazil. (b) Intermediate Geographic Regions (IBGE) in
and around S&o Paulo. (c) Elevation map showing meteorological stations (triangles) and intermediate region centroids

(squares).

the Atlantic Ocean, resulting in sharp spatial con-
trasts over short distances. For example, the Vale
do Paraiba, located between the Serra do Mar and
the Serra da Mantiqueira, presents strong thermal
variability driven by topographic and mesoscale
effects.

Climatically, Sao Paulo is characterized by
predominantly tropical and subtropical regimes,
with a marked seasonal cycle associated with the
South American Monsoon System. The combi-
nation of complex relief, diverse climatic con-

ditions, and heterogeneous station distribution

makes the region a suitable testbed for evaluating
spatial interpolation methods and their impact on

municipality-scale climate indicators.

2.2 Meteorological Data and

Preprocessing

Hourly meteorological observations were obtained
from the automatic weather station network oper-
ated by the Brazilian National Institute of Meteo-
rology (INMET). Annual compressed files contain-
ing station-level CSV records were downloaded

and processed. Each file includes station metadata
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Table 1 Meteorological stations located in Sao Paulo State used in this study, including geographic coordinates, altitude, station foundation date, and annual
percentages of missing hourly temperature observations from 2021 to 2025, highlighting the heterogeneous data availability across the monitoring network.

Missing Data (%)

1D Station Lat Lon Alt Foundation 2021 2022 2023 2024 2025
A701 Sao Paulo - Mirante -23.4963 -46.6201 785.6 25/07/06 0.0 0.0 2.4 0.2 0.5
AT05 Bauru -22.3581 -49.0289 636.2 30/08/01 1.2 12.5 0.0 0.0 0.1
AT06 Campos do Jordao -22.7503 -45.6039 1663.0 13/03/02 7.4 12.7 0.7 0.1 0.1
AT07 Presidente Prudente -22.1199 -51.4086 431.9 04/02/03 0.4 16.4 0.1 2.4 0.5
AT08 Franca -20.5844 -47.3825 1002.7 12/12/02 0.6 0.6 0.1 50.0 48.8
AT711 Sao Carlos -21.9804 -47.8839 859.3 04/09/06 0.1 12.8 0.1 17.9 19.2
AT12 Iguape -24.6717 -47.5459 2.7 20/07/06 52.7 24.0 0.0 0.3 0.0
AT13 Sorocaba/Iperé -23.4261 -47.5856 609.3 22/08/06 55.1 34.6 0.0 0.0 54.9
AT14 Itapeva -23.9819 -48.8858 743.3 25/07/06 7.7 11.0 0.0 0.0 11.2
AT15 Sao Miguel Arcanjo -23.8519 -48.1647 675.7 15/08/06 30.5 39.1 26.8 46.5 0.2
AT16 Ourinhos -22.9490 -49.8946 443.5 29/08/06 100.0 - 37.8 11.1 0.1
AT18 Rancharia -22.3728 -50.9747 398.8 01/09/06 21.7 32.3 0.0 0.0 0.3
AT725 Avare -23.1017 -48.9411 776.4 22/09/06 91.0 32.6 1.2 15.3 28.7
AT726 Piracicaba -22.7031 -47.6233 566.5 26/09/06 100.0 19.1 0.0 10.9 26.1
AT27 Lins -21.6661 -49.7347 460.6 20/09/06 64.9 31.7 0.0 18.0 35.1
AT28 Taubate -23.0417 -45.5208 582.3 20/12/06 84.5 4.5 0.0 27.2 0.8
AT29 Votuporanga -20.4032 -49.9660 510.4 04/12/06 1.8 - - - -
AT733 Jales -20.1650 -50.5950 460.4 22/08/07 57.7 41.1 30.5 8.3 0.2
AT34 Valparaiso -21.3192 -50.9303 381.9 30/08/07 13.4 36.3 2.1 0.0 0.1
AT35 Jose Bonifacio -21.0857 -49.9204 408.4 03/09/07 90.4 6.6 37.9 87.5 27.8
AT36 Ariranha -21.1331 -48.8406 525.4 13/11/07 66.6 46.7 0.0 0.0 4.6
AT37 Ibitinga -21.8556 -48.7997 496.8 09/11/07 33.5 3.9 0.0 36.7 28.0
AT738 Casa Branca -21.7806 -47.0753 734.1 25/06/07 100.0 2.1 0.0 7.8 12.8
AT39 Itapira -22.4151 -46.8053 634.9 05/11/07 100.0 34.2 3.9 8.2 5.7
AT740 Sao Luis do Paraitinga -23.2283 -45.4169 862.3 01/11/07 82.9 15.0 16.7 24.1 33.7
AT741 Barra Bonita -22.4711 -48.5575 533.7 24/04/08 64.0 20.5 0.0 0.1 0.2
AT744 Braganca Paulista -22.9519 -46.5306 891.0 20/12/17 14.1 14.3 3.3 3.2 1.6
AT746 Barra do Turvo -24.9628 -48.4164 659.9 03/07/08 100.0 25.0 0.0 0.1 12.7
AT47 Pradopolis -21.3383 -48.1139 540.4 22/04/08 0.0 0.0 0.0 2.2 0.1
AT48 Barretos -20.5592 -48.5450 534.4 19/06/10 22.5 53.0 44 39.6 274
AT753 Ituverava -20.3597 -47.7753 610.6 17/07/08 57.6 15.2 0.1 0.2 1.3
AT55 Barueri -23.5239 -46.8694 776.5 29/03/11 0.2 6.5 4.6 8.7 1.0
AT62 Dracena -21.4577 -51.5523 720.0 03/11/16 16.5 0.3 0.0 39.8 23.1
AT63 Marilia -22.2352 -49.9651 660.0 15/05/17 0.0 0.0 1.3 0.4 0.2
AT64 Bebedouro -20.9492 -48.4900 790.0 27/10/16 51.0 18.6 0.9 - 4.7
AT765 Bertioga -23.8447 -46.1433 5.0 01/02/17 73.5 16.2 0.1 0.2 0.2
AT766 Registro -24.5331 -47.8642 35.0 09/02/17 78.3 18.4 2.0 19.8 92.5
AT67 Sao Sebastiao -23.8108 -45.4025 24.0 25/10/17 98.6 - - - -
AT68 Tupa -21.9273 -50.4903 498.0 12/05/17 4.1 9.9 4.9 4.3 3.9
AT769 Cachoeira Paulista -22.6889 -45.0056 586.0 20/10/17 100.0 13.1 1.9 3.7 41.8
AT70 Sao Simao -21.4611 -47.5794 620.0 03/07/19 1.4 1.4 2.8 3.7 2.1
ATT1 Sao Paulo - Interlagos -23.7245 -46.6775 771.0 14/03/18 0.0 0.0 1.9 11.2 0.3




(geographic coordinates, altitude, and operational
information) followed by hourly measurements.

In this study, air temperature observations
were analyzed for the period from January 2021
to December 2025. Data availability varies sub-
stantially across stations due to operational inter-
ruptions and missing records, requiring systematic
preprocessing prior to analysis.

To improve spatial consistency and reduce
interpolation artifacts near domain boundaries, a
buffer region with a radius of 250 km around Sao
Paulo State was included. This allows interpola-
tion procedures to incorporate neighboring sta-
tions located outside the state, increasing spatial
support and reducing edge effects.

The final dataset includes meteorological sta-
tions located both within Sao Paulo State and in
surrounding regions, providing a more robust basis
for spatial interpolation under heterogeneous and
incomplete observational coverage. In total, the
dataset comprises 160 stations, with 42 stations
located within Sao Paulo State. Table 1 summa-
rizes the percentage of missing temperature obser-
vations for the Sao Paulo stations during the 2021—
2025 period and reveals substantial differences
in data completeness among stations and years.
While several stations present relatively complete
records throughout the study period (e.g., Sao
Paulo-Mirante, Marilia, and S&o Sim&o), others
exhibit prolonged interruptions and high percent-

ages of missing data. In some cases, missing data

exceed 50% in specific years, and a few stations
contain periods with nearly complete absence of
observations.

These gaps highlight the operational limita-
tions and temporal instability commonly observed
in meteorological monitoring networks. Impor-
tantly, missing records are not spatially or tem-
porally uniform, meaning that the set of stations
available for interpolation changes continuously
over time. This characteristic directly affects spa-
tial interpolation, especially for hourly estimation,
since neighboring observations available at one

time step may not be available at the next.

3 Methodology

3.1 Data Processing and Feature

Construction

The methodological framework follows a data-
driven pipeline designed to address spatial tem-
perature estimation under sparse and incomplete
observations (Figure 2). The workflow integrates
data preprocessing, model evaluation, spatial pre-
diction, and temporal aggregation into a unified
framework for climate analysis.

The pipeline consists of four main steps:
(i) preprocessing and feature construction from
hourly station data, (ii) evaluation of interpolation
performance using cross-validation, (iii) spatial
prediction at the municipality level, and (iv) tem-

poral aggregation for the derivation of climate
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indicators. Additional analytical steps, including
unsupervised learning, are used to characterize
model performance patterns.

Hourly temperature observations from meteo-
rological stations were first quality-controlled and
organized into consistent time series. From these
data, spatial and performance-related features
were constructed, including geographic coordi-
nates, altitude, and distances between stations.

Interpolation performance was assessed using
a leave-one-out cross-validation (LOOCYV) proce-
dure. In this approach, each station is temporarily
removed from the dataset and its temperature is
estimated using the remaining stations. The pre-
dicted value is then compared with the observed
measurement, enabling a systematic evaluation of
interpolation errors across the study domain.

For benchmarking purposes, the Nearest
Neighbor (NN) method was adopted as a baseline,
and multiple configurations of the Inverse Dis-
tance Weighting (IDW) method were tested. The
evaluated configurations considered radii of 150,
200, and 250 km and distance-decay exponents
a=2and a=3.

The search radii were defined considering the
spatial distribution of stations and the temporal
completeness of the hourly observational records.
Since interpolation was performed at an hourly
resolution prior to the derivation of daily temper-
ature indicators, the availability of observations

varied continuously in space and time due to

missing data and operational interruptions in the
station network.

As a consequence, the set of stations available
for interpolation could differ between consecutive
hours. Preliminary analyses showed that search
radii smaller than 150 km frequently resulted in
situations where no valid observations were avail-
able for interpolation at specific locations and
times. The selected radii (150, 200, and 250 km)
therefore represent a compromise between spatial
representativeness and data availability, allowing
temperature estimates to be generated continu-
ously for all locations and time steps throughout
the study period. For each interpolation configu-
ration, all stations with valid observations within
the specified search radius were used in the estima-
tion. At least one valid observation was available
for every interpolation instance considered in the
analysis. When only a single station was avail-
able within the search radius, the interpolated
value was equivalent to the observation from that
station.

Because IDW relies exclusively on spatial dis-
tance, it does not explicitly account for envi-
ronmental factors such as elevation or land-sea
contrasts. As a consequence, its performance may
vary across regions with strong spatial gradients

or heterogeneous terrain.
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Fig. 2 Schematic representation of the data-driven workflow adopted in this study. The pipeline starts from hourly tem-
perature observations at meteorological stations and includes preprocessing and feature construction. Two complementary
branches are then developed: (i) a model evaluation framework based on leave-one-out cross-validation and unsupervised
learning (PCA + DBSCAN) to characterize spatial patterns of interpolation performance, and (ii) a spatial prediction
framework used to estimate temperature at municipality centroids. The interpolated hourly series are subsequently aggre-
gated into daily indicators (mean, minimum, and maximum temperatures), enabling the analysis of climate extremes such
as heat waves. The workflow highlights the interaction between model evaluation and spatial prediction, emphasizing how
interpolation choices can influence the representation of temperature variability and extremes.

Finally, hourly temperature observations were
interpolated to the centroids of the 645 munic-
ipalities of Sdo Paulo state using the evalu-
ated IDW configurations and the NN approach.
The resulting municipality-level hourly series were
aggregated into daily indicators, including mean,

minimum, and maximum temperatures.

3.2 Spatial Interpolation Methods

Spatial temperature interpolation was performed

using the Inverse Distance Weighting (IDW)

method, which estimates values at unsampled
locations as a distance-weighted average of nearby
observations.

The interpolated value Z(z) at location x is

defined as
" Ziw;
Z(x) = izt A0 1)
D i Wi

where Z; is the temperature observed at station 4

and w; is the corresponding weight. Weights were
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computed as

d(l’, xi)iaa d(xa :Ez) S Rnlax7
w; = (2)

0, d(:ﬂ,$z) > Ruax;

where d(x, ;) is the distance between the interpo-
lation point and station ¢, o controls the distance
decay, and R.x defines the maximum search

radius.

3.3 Cross-Validation and

Performance Evaluation

Interpolation accuracy was quantified using stan-
dard performance metrics applied to cross-
validation predictions. Interpolated values (g;)
were compared with observed temperatures (y:).

Let T denote the number of observations.

Root Mean Square Error (RMSE)

1 I

T Z@t —y)?
t=1

Mean Absolute Error (MAE)

RMSE =

T
1 .
MAE = f;m _ytl'

Coefficient of Determination (R?)
T "
R2—1_ > =1yt — yt)Q'
i (v — 9)?

Bias

T
1

Bi :—E Ur — Yt ).

1a8 Tt:1(yt Yt)

10

These metrics provide complementary infor-
mation on interpolation accuracy, variability, and

systematic deviation.

3.4 Dimensionality Reduction and

Unsupervised Clustering

To identify groups of stations with similar model
performance under heterogeneous conditions, a
combined approach based on Principal Compo-
nent Analysis (PCA) and Density-Based Spatial
Clustering of Applications with Noise (DBSCAN)
was employed.

PCA was applied to the standardized feature
set, including model performance metrics (RMSE,
MAE, Bias, R?) and geographic attributes (lat-
itude, longitude, altitude). This transformation
reduces redundancy and captures the dominant
sources of variability in a lower-dimensional space.

The first three principal components were
retained, as they preserve most of the vari-
ability while maintaining relevant spatial and
performance-related information.

Clustering was then performed using
DBSCAN, which identifies groups of points in
regions of high density and labels isolated points
as noise. This method is suitable for environmen-
tal datasets, where clusters may have irregular

shapes and outliers may arise due to localized

variability.



For a point x;, the e-neighborhood is defined

as

Noxi) = {x; € R | | —xill < ¢}, (7)

and a point is considered a core point if

INV:(x;)| > min_samples. (8)

This step provides a data-driven characteri-
zation of spatial patterns in interpolation perfor-
mance, complementing the cross-validation analy-

sis.

3.5 Spatial Prediction at

Municipality Level

Following the evaluation stage, the selected inter-
polation methods were applied to estimate tem-
perature values at municipality centroids.

This step represents a spatial inference
process, extending point-based observations to
a continuous spatial domain. The resulting
municipality-level time series provide a consistent
dataset for regional analysis and enable the prop-
agation of interpolation uncertainties identified
during cross-validation.

Additionally, differences between interpolation
methods were computed at the municipality level

(e.g., mean and maximum differences in daily

11

temperature), and used as input features for sub-

sequent clustering and regional analyses.

3.6 Intermediate Region-Level

Aggregation and Evaluation

To assess the regional consistency of interpolation
effects, municipality-level results were aggregated
according to the Intermediate Geographic Regions
defined by IBGE.

For each region, summary statistics of temper-
ature variables and derived indicators were com-
puted for both observed (station-based) and inter-
polated datasets. In addition, differences between
interpolation methods (e.g., IDW and nearest
neighbor) were aggregated to quantify regional-
scale discrepancies.

This step enables the evaluation of how inter-
polation effects propagate across spatial scales,
linking local estimation errors to broader regional
patterns in temperature distributions and climate

indicators.

3.7 Temporal Aggregation and

Climate Indicators

After spatial interpolation, the hourly tempera-
ture series at municipality centroids were aggre-
gated into daily indicators, including mean, mini-

mum, and maximum temperatures.
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This aggregation step can be interpreted as
temporal feature engineering, enabling the analy-
sis of daily variability and providing the basis for

the construction of climate indicators.

3.8 Heat Wave Definition

The objective of this study is not primarily to
propose a climatological definition of heat waves,
but rather to evaluate how spatial interpolation
methods influence the representation of threshold-
based climate indicators. For this reason, a fixed
temperature threshold was adopted to ensure
methodological consistency across municipalities
and interpolation methods, enabling direct com-
parison between interpolation approaches.

Heat waves were defined based on thresholds
applied to daily maximum temperature series.
Events were identified as sequences of consecutive
days with daily maximum temperature exceeding
35°C, allowing the characterization of both event
duration and persistence.

The same definition was applied consistently
to all municipalities and interpolation methods.
This framework allows the assessment of how dif-
ferent spatial interpolation approaches influence
the detection of extreme temperature events.

Overall, the methodology can be interpreted as
a data science pipeline integrating preprocessing,
model evaluation, spatial prediction, unsupervised
learning, and temporal feature engineering for

climate indicator extraction.
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Because heat wave identification relies on fixed
temperature thresholds and consecutive-day cri-
teria, the detected events are inherently sensitive
to small variations in temperature estimates. As
a result, differences introduced by spatial inter-
polation may affect not only temperature values,
but also the frequency, duration, and persistence
of detected heat wave events.

Beyond assessing how interpolation method
selection influences climate indicators, the pro-
posed framework also provides a systematic
approach for identifying the most suitable interpo-
lation strategy for heatwave quantification accord-
ing to different application domains and decision-
making contexts, such as public health, biodi-
versity conservation, urban planning, and climate

adaptation studies.

4 Results

4.1 Station-Level Model Evaluation

and Performance Analysis

Interpolation performance was assessed using a
leave-one-out cross-validation (LOOCV) frame-
work, with the resulting error metrics used to
characterize spatial patterns in model behavior.
Table 2 summarizes the performance of the eval-
uated interpolation configurations. Overall, all
IDW-based approaches outperform the nearest-
neighbor (NN) baseline, which exhibits the high-
est error (RMSE = 2.652 °C) and the lowest



explanatory power (R? = 0.778). The inclusion
of distance-based weighting and a finite search
neighborhood consistently improves interpolation
accuracy across all metrics.

For a fixed decay parameter o, increasing the
search radius leads to improved performance. For
instance, with @ = 2, RMSE decreases from
2.016 °C (R = 150 km) to 1.973 °C (R = 250 km).
A similar trend is observed for @ = 3, although
with slightly smaller gains. This behavior suggests
that expanding the spatial neighborhood improves
representativeness by incorporating a larger set of
surrounding observations.

For a given radius, configurations with a =
2 systematically outperform those with a = 3.
Lower values of a produce a smoother decay of
influence with distance, allowing a broader contri-
bution from neighboring stations. The best overall
performance is obtained for (R, a) = (250 km, 2),
with RMSE = 1.973 °C and R? = 0.877.
Bias values remain small across all configurations
(|Bias| < 0.17 °C), indicating limited systematic

deviation.

Figure 3 illustrates the spatial distribution of
meteorological stations across the Intermediate
Geographic Regions defined by IBGE. Station-
level results are detailed in Table 3, where inter-
polation accuracy is reported for each INMET
station, sorted by RMSE, comparing NN and the
selected IDW configuration (R = 250 km, o = 2).

At the station scale, IDW generally provides
lower RMSE values and reduced bias compared to
NN. For example, RMSE decreases from 5.56 to
4.60 in Campos do Jordao (A706) and from 5.39
to 1.79 in Braganca Paulista (A744). Similarly,
Presidente Prudente (A707) shows a reduction
from 3.73 to 1.88. These improvements indicate a
more accurate representation of local temperature
variability.

The coefficient of determination (R?) also
increases for many stations under IDW, reflect-
ing improved explanatory capability. Stations with
moderate performance under NN often exhibit
noticeable gains when spatial weighting is applied.

Spatial patterns are also evident when results

are grouped by Intermediate Geographic Region.

Table 2 Performance of the IDW configurations evaluated in the study. The table reports the Root Mean Square Error
(RMSE), Mean Absolute Error (MAE), coefficient of determination (R?), and Bias for the nearest-neighbor baseline and
for each combination of search radius R (km) and distance-decay exponent a. Lower RMSE and MAE and higher R?

indicate better interpolation accuracy.

a=2 a=3
NN R =150 R =200 R =250 R =150 R =200 R =250
RMSE 2.652 2.016 1.976 1.973 2.071 2.038 2.027
MAE 1.909 1.479 1.454 1.454 1.514 1.492 1.485
R2 0.778 0.872 0.877 0.877 0.865 0.869 0.870
Bias -0.090 -0.136 -0.146 -0.165 -0.127 -0.136 -0.149
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Areas with higher station density, such as Camp-
inas and Sao José dos Campos, tend to exhibit
lower interpolation errors. In contrast, regions
with sparse coverage or more complex terrain gen-
erally present higher errors, although IDW still

improves performance relative to NN.

4.1.1 Clustering of Stations

The first three principal components explain
38.3%, 29.3%, and 14.4% of the total variance,
respectively, resulting in a cumulative variance of
82.0%. This indicates that most of the variability
in performance metrics and spatial descriptors is
preserved in the reduced feature space. Although
the first two components account for 67.6% of
the variance, the inclusion of the third component
improves cluster separability by retaining informa-

tion related to elevation and localized performance

differences.
DBSCAN was applied to the three-
dimensional PCA space using ¢ = 0.8 and

min_samples = 4, resulting in three groups: two
well-defined clusters and a set of noise points
(cluster —1). Table 4 summarizes the descriptive
statistics and results of the Kruskal-Wallis tests
for all evaluated metrics across clusters.

Cluster —1 groups stations with markedly
higher errors (MAE and RMSE), lower and more
variable R?, and stronger negative bias. These

characteristics indicate systematic difficulties in
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model performance, likely associated with hetero-
geneous environmental conditions and localized
effects not captured by the interpolation.

Clusters 0 and 1 exhibit overall satisfactory
performance, with low errors and high R2. Cluster
1 shows slightly better performance and lower dis-
persion, suggesting more stable predictive behav-
ior. In contrast, cluster 0 presents marginally
higher errors and is associated with higher mean
altitudes, indicating a potential influence of topo-
graphic complexity.

The Kruskal-Wallis test indicates statistically
significant differences among clusters for all eval-
uated metrics. These differences are primarily
driven by contrasts involving cluster —1.

Error metrics (MAE and RMSE) are signifi-
cantly higher in cluster —1 (p < 0.001), confirming
its characterization as a group of poorly predicted
stations. In contrast, clusters 0 and 1 do not differ
significantly in terms of error magnitude.

Bias also differs among clusters (p = 0.016),
with cluster —1 exhibiting stronger negative bias,
while cluster 0 shows a slight positive bias. Differ-
ences between clusters 0 and 1 remain small.

For R2, cluster —1 presents lower and more
variable values (p < 0.001), whereas clusters 0 and
1 maintain consistently high performance.

Altitude differences are also significant (p =
0.005), particularly between clusters 0 and 1,

suggesting that elevation plays a secondary but



q1

Table 3 Station-level interpolation accuracy metrics sorted by RMSE. The table shows the ten stations with the largest errors and the ten with the smallest errors.
Results compare the nearest-neighbor (NN) method with the IDW configuration (R, o) = (250 km, 2). Regions correspond to IBGE Intermediate Geographic Regions.

RMSE MAE R2 Bias

Station Region NN (250,2) NN (250,2) NN (250,2) NN (250,2)
AT06 Campos do Jordao Sao José dos Campos 5.56 4.60 4.87 4.37 -0.41 0.04 4.65 4.36
AT44 Braganca Paulista Campinas 5.39 1.79 4.93 1.39 -0.15 0.87 -4.88 -1.08
AT18 Rancharia Presidente Prudente 3.91 3.31 2.63 2.20 0.67 0.76 2.18 1.63
AT67 Sao Sebastiao Sao José dos Campos 3.87 3.42 3.43 3.16 -3.70 -2.68 -3.38 -3.16
AT765 Bertioga Sao Paulo 3.80 3.58 3.40 3.12 0.03 0.14 -2.91 -2.69
AT07 Presidente Prudente Presidente Prudente 3.73 1.88 2.47 1.34 0.46 0.86 -1.90 -0.83
AT28 Taubate Sao José dos Campos 3.69 2.80 3.01 2.50 0.50 0.71 -2.82 -2.40
AT746 Barra do Turvo Sorocaba, 3.66 2.53 3.25 2.11 0.50 0.76 3.08 1.99
AT769 Cachoeira Paulista Sao José dos Campos 3.22 2.20 2.72 1.80 0.61 0.82 -2.41 -1.60
AT753 Ttuverava, Ribeirao Preto 2.93 1.90 2.40 1.56 0.77 0.90 -0.31 -0.18

. stations omitted for brevity ...

AT70 Sao Simao Ribeirao Preto 1.74 1.84 1.22 1.49 0.90 0.88 -0.45 -1.29
AT47 Pradopolis Ribeirao Preto 1.74 1.38 1.22 1.05 0.91 0.95 0.43 -0.16
AT735 Jose Bonifacio Sao José do Rio Preto 1.66 1.31 1.20 0.98 0.91 0.95 0.18 -0.22
AT764 Bebdouro Ribeirao Preto 1.59 1.66 1.12 1.25 0.93 0.93 -0.03 -0.11
AT66 Registro Sorocaba 1.56 1.77 1.11 1.45 0.90 0.88 -0.33 -1.24
AT736 Ariranha Sao José do Rio Preto 1.56 1.37 1.11 1.02 0.93 0.95 -0.06 -0.12
AT705 Bauru Bauru 1.52 1.16 1.13 0.86 0.92 0.95 0.34 0.18
A741 Barra Bonita Bauru 1.46 1.42 1.09 1.11 0.93 0.93 -0.35 -0.63
AT701 Sao Paulo - Mirante Sao Paulo 1.42 1.32 1.02 0.98 0.91 0.92 -0.64 -0.74
AT55 Barueri Séao Paulo 1.42 1.09 1.02 0.81 0.92 0.95 0.62 0.19
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791 Table 4 Summary of descriptive statistics by cluster for all evaluated metrics, including Kruskal-Wallis p-values.
792 Cluster ~ Mean Std Median  p-valor (KW)
793 MAE 1 2223 0965  1.799
794 0 1.289 0.345 1.296 0.0002
795 1 1.192 0.307 1.080
796 RMSE -1 2.582 0.933 2.196
797 0 1.647 0.376 1.679 0.0004
708 1 1.585 0.465 1.421
799 Bias -1 -0.877 2.058 -1.243
0 0.301 1.005 0.401 0.0163
800 1 -0.263 0.593 -0.220
801 R? -1 0.365  1.053  0.782
802 0 0.890  0.051  0.900 0.0001
803 1 0.916 0.045 0.932
804 Altitude -1 557.180 521.598  586.000
805 0 737.954 100.582  771.000 0.0048
1 533.063 109.944 517.905
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807
808 mnon-negligible role in structuring model perfor- with numerous extreme values, indicating unsta-
809
810 mance. ble and less reliable predictions.
SE Figure 4 provides a distributional view of In contrast, clusters 0 and 1 show tighter distri-
813 model performance across clusters. Cluster —1 butions and lower median errors, reflecting more
814
g15 exhibits higher median errors and a wider spread, consistent model behavior. Differences between
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Fig. 4 Boxplots of performance metrics (MAE, RMSE, Bias, and R?) across clusters identified by DBSCAN in the PCA-
transformed space. The distributions highlight clear differences in error magnitude, variability, and model skill among
clusters. Cluster —1 (outliers) exhibits higher dispersion and extreme values, while clusters 0 and 1 show more compact

distributions and consistently better performance.

these clusters are subtle, although cluster 1 gener-
ally presents slightly lower variability and higher
R? values.

The dispersion observed in cluster —1 rein-
forces the presence of heterogeneous conditions
and supports its interpretation as a group of
stations where the interpolation approach strug-
gles to capture local variability. These results
demonstrate that clustering in the reduced fea-
ture space effectively separates distinct regimes
of model performance, linking statistical behav-
ior to underlying geographic and environmental
variability.

These results demonstrate that clustering in
the reduced feature space effectively separates
distinct regimes of model performance, linking
statistical behavior to underlying geographic and

environmental variability.
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4.1.2 Spatial Patterns

The spatial distribution of clusters (Figure 5)
reveals that poorly performing stations (cluster
—1) are scattered across the region rather than
concentrated in specific geographic zones. This
suggests that model limitations are not driven
solely by large-scale spatial gradients.

Clusters 0 and 1 display greater spatial coher-
ence, indicating that regions with similar geo-
graphic and topographic characteristics tend to
share comparable levels of model performance. In
contrast, the dispersed pattern of outliers high-
lights the role of local-scale variability, which
becomes particularly relevant under heteroge-
neous conditions.

Altitude ranges differ substantially among

clusters. Cluster —1 exhibits the widest range,
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spanning from very low to high elevations, rein-
forcing the role of environmental heterogeneity in
model instability.

Clusters 0 and 1 show more constrained alti-
tude intervals, with cluster 0 concentrated at
higher elevations and cluster 1 at moderately lower
elevations. While altitude alone does not fully
explain model performance, it appears to modu-
late prediction difficulty when combined with local

variability and station representativeness.

4.2 Municipality-Level Spatial

Prediction and Evaluation

4.2.1 Municipality Clustering

To investigate whether spatial patterns observed
at the station level are consistent at the munici-
pality scale, we analyzed the differences between
daily maximum temperatures obtained using the
IDW configuration (R = 250 km, o = 2) and the
Nearest Neighbor (NN) approach.

51°W 18°W 45°W

Fig. 5 Spatial distribution of clusters identified by
DBSCAN on PCA-transformed. Colors indicate cluster
membership: green (-1, outliers), blue (0, moderate perfor-
mance), and gray (1, best performance).

For each municipality, summary statistics of
these differences (mean and maximum) were com-
puted and combined with spatial descriptors,
including centroid coordinates, minimum distance
to the nearest station, and altitude. All variables
were standardized prior to analysis.

Principal Component Analysis (PCA) was
applied to reduce dimensionality, and the first
three components were retained. Clustering was
subsequently performed using DBSCAN with
parameters € = 0.651 and min_samples = 18.

The resulting clusters (Figure 6) closely mir-
ror the clustering obtained for meteorological
stations, indicating strong consistency between
station-based and municipality-level analyses.

Municipalities classified as noise (cluster —1)
are predominantly located in areas with very low
or very high elevations and greater distance from
observation stations. These areas are associated
with larger discrepancies between interpolation
methods, suggesting increased uncertainty and
reduced model reliability.

Cluster 1 is mainly concentrated in the north-
ern portion of the study area, where spatial
patterns are more homogeneous and interpola-
tion performance is more stable. The remaining
clusters exhibit intermediate behavior, reflecting
gradual transitions between these regimes.

This consistency suggests that interpolation

errors are not randomly distributed but spatially



structured, reflecting underlying environmental

heterogeneity and station coverage.

4.3 Intermediate Region-Level

Evaluation

Daily temperature data were analyzed for both
weather stations (observed) and municipality cen-
troids (interpolated using IDW with R = 250 km
and o = 2). The variables of interest were daily
maximum, minimum, and mean temperatures,
grouped by intermediate region.

Table 5 presents descriptive statistics for
daily maximum, mean and minimum tempera-
tures. Interpolated municipality values reproduce
station-based maxima reasonably well across all
regions, with differences in mean values gener-
ally below 1°C. This indicates that IDW preserves
the central tendency of maximum temperatures.

However, a consistent smoothing effect is observed

51°W 18°W 15°W

21°S

24°S

Fig. 6 Spatial distribution of municipality clusters
obtained using DBSCAN applied to PCA-transformed fea-
tures combining interpolation differences and geographic
attributes. Colors indicate cluster membership, highlight-
ing regions with similar behavior in terms of discrepancy
between IDW and Nearest Neighbor methods. Areas clas-
sified as noise (cluster —1) are primarily associated with
extreme elevations and greater distance from stations,
where interpolation uncertainty is higher.
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in the lower tail. For example, in S.J. dos Cam-
pos, the minimum of daily maxima increases
from 9.80°C (station) to 16.00°C (municipality),
indicating a substantial reduction in variability.
Similar patterns are observed in other regions,
although less pronounced. At the upper tail,
extreme maximum temperatures are well cap-
tured, with small differences in absolute maxima,
suggesting that heat extremes are relatively robust
to interpolation.

Mean temperatures are generally well repro-
duced (Table 5), with differences typically below
1°C, indicating that the overall thermal regime
is captured adequately. Nevertheless, variability is
reduced in the interpolated data, particularly at
the lower tail. In S.J. dos Campos, the minimum
mean temperature increases from 3.57°C (station)
to 8.00°C (municipality), reflecting a loss of cold
variability. In Campinas, the interpolated mean is
slightly lower than the observed mean, reinforcing
the presence of regional biases.

In contrast to maximum temperatures, mini-
mum temperatures exhibit more pronounced dis-
crepancies (Table 5). The interpolation system-
atically attenuates cold extremes. For instance,
in S.J. dos Campos, the minimum temperature
increases from —2.50°C (station) to —1.78°C
(municipality). In Campinas, the difference is even
more pronounced, with a minimum of 1.10°C at
stations compared to —1.45°C in interpolated val-

ues, indicating not only smoothing of extremes but
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Table 5 Daily maximum, mean, and minimum temperatures for each intermediate region, comparing observed station data and interpolated municipality values.

Maximum Mean Minimum
Region Source Mean Std Min Max Mean Std Min Max Mean Std Min Max
Araraquara Municipalities 30.20 3.43 14.10 39.95 22.24 3.11 9.06 29.97 16.08 3.75 0.30 23.18
Stations 29.43 3.74 11.70 39.70 22.05 3.31 8.81 30.38 16.44 3.85 0.20 28.50
Aragatuba Municipalities 32.08 3.76 15.77 42.08 23.97 3.31 9.24 31.93 17.75 4.01 -0.40 25.45
Stations 31.58 3.98 13.20 42.00 24.46 3.52 8.23 33.10 18.81 4.28 -0.60 32.30
Bauru Municipalities 30.54 3.79 13.14 40.43 22.38 3.30 8.62 30.76 16.29 3.70 0.41 23.94
Stations 30.39 3.95 13.10 40.50 23.09 3.47 9.68 32.18 17.21 3.57 2.10 26.40
Campinas Municipalities 29.33 3.41 15.48 39.46 20.74 3.09 7.82 28.78 13.23 3.75 -1.45 20.51
Stations 28.98 3.86 12.40 39.50 21.45 3.33 7.48 30.72 15.46 3.99 1.10 30.40
Marilia Municipalities 30.18 3.81 12.95 39.69 22.69 3.42 8.15 30.92 16.46 3.83 -0.42 24.39
Stations 29.92 3.91 12.10 39.80 23.19 3.43 8.70 32.24 17.67 3.54 1.90 26.60
P. Prudente Municipalities 31.29 3.90 14.03 40.91 23.80 3.53 8.59 31.96 16.16 4.95 -2.79 26.28
Stations 30.95 3.98 13.00 40.90 23.50 3.60 8.26 31.67 15.86 5.31 -3.80 25.30
Ribeirao Preto Municipalities 31.35 3.24 16.81 41.24 22.60 2.94 9.78 29.96 15.55 4.03 -0.47 22.10
Stations 31.51 3.27 16.90 41.30 22.84 2.98 10.00 30.32 15.59 4.13 -0.60 22.90
S.J. do Rio Preto Municipalities 31.60 3.34 16.66 41.65 23.69 3.03 9.96 31.03 16.73 4.13 0.97 23.97
Stations 31.42 3.37 16.70 41.70 24.22 3.13 11.89 33.47 17.16 4.21 0.90 24.30
S.J. dos Campos Municipalities 27.73 3.92 16.00 38.14 19.54 3.16 8.00 27.58 11.83 3.74 -1.78 20.10
Stations 27.15 4.90 9.80 38.80 18.67 3.80 3.57 28.51 11.02 3.95 -2.50 23.90
Sorocaba Municipalities 28.85 4.12 15.14 40.77 20.50 3.35 7.16 28.26 14.16 4.13 -2.02 21.82
Stations 28.50 4.35 14.70 41.20 20.70 3.60 8.38 30.80 14.22 4.29 -2.20 24.80
Sao Paulo Municipalities 27.03 3.99 15.36 37.43 20.25 3.23 7.30 28.69 15.38 3.42 1.25 22.21
Stations 27.54 4.05 15.50 39.00 20.68 3.27 8.04 29.05 15.74 3.38 1.80 22.30




also distortions in distribution shape. Addition-
ally, the mean minimum temperature in Camp-
inas is substantially lower in the interpolated
data (13.23°C) compared to station observations
(15.46°C), indicating the presence of systematic

bias in addition to smoothing effects.

4.3.1 Distributional Comparison

Figure 7 presents boxplots of daily maximum,
mean, and minimum temperatures, allowing a
direct comparison of the full distributions.

For maximum temperatures, distributions are
similar across regions, with close agreement in
medians and upper quartiles. However, munici-
pality data exhibit slightly narrower interquartile
ranges, indicating reduced variability. For mean
temperatures, central tendencies remain consis-
tent, but wvariability is systematically reduced,
particularly for cooler conditions. The most pro-
nounced differences occur for minimum temper-
atures. The boxplots show a clear upward shift
in the lower tails for municipality data, indicat-
ing attenuation of cold extremes. In regions such
as S.J. dos Campos and Campinas, both mini-
mum values and lower quartiles are higher in the
interpolated data, confirming that extreme low
temperatures are not fully captured.

These results reinforce that IDW interpolation
preserves central tendencies while reducing vari-

ability, with the strongest effects observed in the

21

lower tails. Additionally, some regions exhibit dif-
ferences not only in spread but also in median
values, suggesting that interpolation may intro-
duce biases beyond simple smoothing, particularly
for minimum temperatures.

Overall, the boxplots reinforce the findings
from Tables 5, highlighting that interpolation
preserves central tendencies but reduces variabil-
ity, with the strongest effects observed in the
lower tails of the temperature distributions. This
behavior is consistent with the spatial averaging
inherent to IDW, which tends to dampen local-
ized extremes, particularly under heterogeneous
terrain and sparse station coverage.

Among the analyzed regions, S.J. dos Cam-
pos consistently exhibits the largest discrepancies,
particularly for minimum and mean temperatures.
This suggests a strong influence of local-scale vari-
ability, likely associated with complex topography
and heterogeneous climatic conditions.

Other regions, such as Campinas, also present
systematic differences, particularly in minimum
temperatures, indicating that interpolation errors
are not limited to extremes but may reflect

broader representativeness issues.

4.4 Climate Indicators: Heat Wave

Analysis

The impact of spatial interpolation on climate

indicators was evaluated by comparing heat wave
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detection based on the nearest-neighbor (NN)
method and the inverse distance weighting (IDW)
configuration (R = 250 km, a = 2).

Table 6 reveals a consistent and substantial

difference between the two approaches. Across all
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municipalities, the NN method identifies a signif-
icantly higher number of heat wave events and
total heat wave days than the IDW interpolation.

While differences are already evident for short-
duration events (3- and 4-day heat waves), they
become markedly larger for longer events (5+

days), where NN detects approximately two to



Table 6 Comparison of heat wave metrics using the nearest-neighbor (NN) method and the inverse distance weighting

(IDW) configuration with search radius R = 250 km and exponent a = 2.

3-day 4-day 5+day Total HW days

Municipality Region NN (250,2) NN (250,2) NN (250,2) NN (250,2) Diference
Pereira Barreto Aragatuba 19 11 13 5 30 11 325 126 199
Ilha Solteira Aracgatuba 19 10 13 7 30 11 325 126 199
Murutinga do Sul  Aracatuba 19 11 13 7 30 11 325 134 191
Andradina Aracatuba 19 12 13 6 30 13 325 147 178
Itapura Aragatuba 19 10 13 8 30 13 325 149 176
Bilac Aragatuba 21 5 8 3 18 6 212 68 144
Intdbia Paulista P. Prudente 21 6 8 5 18 5 212 73 139
Piacatu Aracgatuba 21 4 8 5 18 6 212 73 139
Gabriel Monteiro  Aracatuba 21 4 8 5 18 6 212 73 139
Lucélia P. Prudente 21 9 8 6 18 6 212 92 120
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Fig. 8 Daily maximum temperature and identified heat waves for the municipality of Pereira Barreto (3537404) under
the nearest-neighbor (NN) and inverse distance weighting (IDW, R = 250 km, a = 2) methods. The panels display the
full period (2021-2025) and selected subperiods highlighting differences in heat wave detection. Pereira Barreto, along with
Ilha Solteira (3520442), exhibits the largest discrepancy in the total number of heat wave days between the two methods.
Colors indicate heat wave duration (3-, 4-, and 5+ days), while markers distinguish methods (circles for NN and squares
for IDW). Solid and dashed lines represent NN and IDW temperature series, respectively, and the horizontal dashed line

denotes the 35°C threshold.
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Presidente Prudente _ 39.0
Sao José do Rio Preto _ 35.1
Ribeirdo Preto _ 31.1
Bauru _ 23.9
Araraquara 21.7
Marilia 19.1
Campinas 114
Siio José dos Campos 7.1
Sorocaba 42
Sio Paulo 1.6
Fig. 9 Regional averages of the difference in total heat
wave days between the nearest-neighbor (NN) and inverse
distance weighting (IDW, R = 250 km, o = 2) methods.
The NN approach systematically identifies more heat wave
days, particularly in western regions such as Aragatuba,
indicating substantial sensitivity to the choice of spatial

aggregation method.
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three times more occurrences. This translates into
large discrepancies in cumulative heat wave days.
For example, municipalities such as Pereira Bar-
reto and Ilha Solteira exhibit differences of up
to 199 days, while even the smallest gap in the
sample remains above 120 days.

These results indicate that IDW interpola-
tion systematically reduces both the frequency
and persistence of heat waves. This behavior is
directly linked to the smoothing effects identified
in the previous section. By averaging spatial infor-
mation, IDW attenuates temperature variability,
particularly reducing the persistence of consecu-
tive high-temperature days. As a result, sequences
that would qualify as heat waves under NN are
often shortened or no longer exceed the required
duration thresholds under IDW.

In contrast, the NN method preserves local
extremes and temporal continuity, leading to
higher sensitivity in detecting

Figure 8 illustrates these differences for the
municipality of Pereira Barreto. The NN approach
identifies more frequent and longer-lasting heat
wave events, particularly during periods of sus-
tained high temperatures. In contrast, the IDW
method smooths temperature variations, resulting
in fewer detected events and shorter durations.

This effect is especially evident in the high-
lighted subperiods, where sequences classified as
long heat waves (54 days) under NN are either

shortened or not detected under IDW. These
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Fig. 10 Heatwave maps for the state of Sdo Paulo (top) and selected regions (bottom panels).

visual patterns are consistent with the quantita-
tive differences reported in Table 6.

The regional analysis (Figure 9) and the cor-
responding spatial patterns (Figure 10) confirm
that these discrepancies are spatially structured.
Western regions, such as Aragatuba, exhibit the
largest differences in total heat wave days, indi-

cating that the sensitivity of heat wave detection

25

to interpolation choice is not uniform across the
study area.

This spatial variability reflects the interaction
between station density, environmental hetero-
geneity, and interpolation behavior.

Overall, these results demonstrate that the
choice of spatial interpolation method has a direct
and non-negligible impact on climate-indicator

estimation. In particular, methods that introduce
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1276 stronger spatial smoothing, such as IDW, may

1277
1278
g;?} heat-wave events. These differences arise because
1281 even small changes in estimated temperatures can
1282
1283
1284 ysed in heat-wave identification.
1285
1286

modify the frequency and duration of detected

affect the persistence of threshold exceedances

This finding has important implications for
8
1288 climate impact assessments, as it suggests that
1289 interpolation choices can influence the characteri-
1290
1291 zation of extreme events, potentially affecting risk
1292
1293
1294
1295 . .
1296 O Discussion
1297
1298
1299
1300
1301

1302
1303 The results demonstrate that spatial interpolation

evaluation and decision-making processes.

5.1 Comparison with previous

studies

1304 performance is strongly influenced by environmen-
1305

1306 tal heterogeneity and station representativeness.

1307
1308 The identification of distinct performance clusters

1309 indicates that interpolation errors are spatially
1310

1311 structured rather than randomly distributed,

1312 . . . .
1313 reflecting the interaction between station-network

1314 geometry, terrain complexity, and local climatic
1315

1316 gradients. Similar behavior has been reported in

1317
1318 previous studies conducted in regions with sparse

1319 ghservational coverage and complex topography,
1320

1321 where the spatial representativeness of individual
1322

1393 Stations is reduced [18-20].

1324

1325

1326

26

Distance-based interpolation methods such as
IDW were found to systematically smooth tem-
perature fields, modifying both variability and
extremes. The attenuation of local variability
observed in this study is consistent with previous
geostatistical investigations showing that interpo-
lation methods may introduce structured smooth-
ing effects rather than purely random errors [21].
These findings are particularly relevant because
interpolated temperature products are frequently
used as surrogate observations in climate-impact
and risk-assessment studies conducted at admin-
istrative scales [22]. Our results indicate that the
same interpolation procedure capable of improv-
ing average agreement with observations may
simultaneously suppress local variability and tem-
poral persistence, which are fundamental charac-
teristics for the identification of extreme events
such as heat waves.

Despite  these limitations, interpolated
datasets remain an important alternative in
regions with sparse or incomplete observational
networks. They provide a feasible framework
for estimating spatial temperature patterns and
deriving climate indicators at municipality and
regional scales, supporting the analysis of heat

waves and other climate-related phenomena in

data-scarce environments.



5.2 Spatial structure of

interpolation performance

At the station level, poorly performing locations
are associated with heterogeneous environments,
indicating that interpolation based solely on dis-
tance is insufficient to capture localized variability.
This limitation is amplified in regions with com-
plex topography or sparse observational coverage,
where spatial gradients are sharper and less well
represented by neighboring stations.

Such behavior is expected in landscapes where
altitude, coastal influence, land-sea contrasts,
and mesoscale circulation produce abrupt ther-
mal transitions over relatively short distances. In
these contexts, geographic proximity alone may be
a weak proxy for climatic similarity [23, 24]. Con-
sequently, distance-based interpolation may per-
form adequately in relatively homogeneous inte-
rior regions, while failing to reproduce localized
conditions in mountainous, coastal, or transitional
areas.

At the municipality level, interpolation pre-
serves central tendencies but systematically
reduces variability. This effect is particularly
evident for minimum temperatures, where cold
extremes are attenuated and, in some cases, the
distribution is distorted. Mean temperatures may
therefore appear robust to interpolation, giving
the impression that interpolated surfaces are reli-

able. However, many climate indicators depend

not only on averages, but also on thresholds,
tails, and temporal persistence. Consequently, pre-
serving mean conditions is insufficient when the
interpolation process modifies the lower or upper
tails of the distribution.

Taken together, these findings reveal consis-

tent patterns across temperature metrics:

¢ Maximum temperatures: Accurately repre-
sented in terms of mean and upper extremes,
with moderate smoothing of lower-tail variabil-
ity.

¢ Minimum temperatures: Most affected vari-
able, with clear attenuation of cold extremes
and occasional systematic bias. This behavior
is particularly relevant for applications sensi-
tive to low-temperature events, such as agricul-
tural planning and frost-risk assessment, since
reduced variability in interpolated data may
lead to underestimation of risk.

® Mean temperatures: Well reproduced in
terms of central tendency, but with reduced
variability.

e Spatial variability: Regions with higher envi-
ronmental heterogeneity exhibit larger discrep-
ancies, highlighting limitations of centroid-

based interpolation.

These results indicate that IDW does not sim-
ply introduce random deviations around observed
conditions, but reshapes the empirical distribution

of temperature in ways that depend on both the
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1378 metric considered and the environmental context.
1379
1380
gg; may reflect the greater influence of local-scale pro-
1383 cesses on nocturnal and early-morning thermal
1384
1385
ggg effects, valley circulation, surface moisture, and
1388 land-cover heterogeneity. Such processes are dif-
1389
1390
gg; based only on horizontal distance, making the
1393 lower tail of the temperature distribution partic-
1394
1395

1396 implications beyond heat-wave analysis, includ-
1397

1398 ing applications related to agriculture, ecosystem
1399

The stronger sensitivity of minimum temperatures

conditions, including cold-air drainage, elevation

ficult to represent using interpolation schemes

ularly vulnerable to spatial smoothing. This has

stress, and temperature-related health outcomes

1400

1401 [95-27].

1402

1403 More broadly, the findings suggest that

interpolation uncertainty should be explic-

1404
1405
138(75 itly considered in climate-impact analyses and
1408 decision-support frameworks based on threshold-
1409
1410

1411 for future methodologies capable of propagating
1412

1413 interpolation uncertainty into climate indica-

dependent indicators. They also highlight the need

1414 . ..
1415 tors, particularly for extreme-event detection in
iﬂg data-sparse environments. Such approaches could
1418 provide confidence intervals for heat-wave metrics
1419
1420
1421 a5sessments based on interpolated datasets.
1422
1423
1424
1425
1426
1427
1428

and improve the interpretation of climate-risk

28

5.3 Heat wave detection as a
nonlinear amplification

mechanism

The sensitivity of extreme temperature metrics
to interpolation becomes particularly evident in
the analysis of heat waves. Compared with the
nearest-neighbor approach, IDW resulted in fewer
and shorter detected heat-wave events. This dif-
ference is not only quantitative but also struc-
tural, because spatial smoothing reduces the per-
sistence of consecutive high-temperature days.
Consequently, sequences satisfying the heat-wave
criteria under one interpolation method may not
be identified under another. These results sug-
gest that interpolation choice can influence not
only estimated temperature values but also the
classification of climate events.

Importantly, these discrepancies arise even
though interpolation errors in maximum temper-
ature are relatively small. This is consistent with
a nonlinear amplification mechanism, where heat-
wave detection is based on fixed thresholds, and
small differences in estimated maximum temper-
ature can substantially alter event classification.
Small underestimations may prevent interpolated
temperatures from exceeding the threshold, break-
ing sequences of consecutive days and reducing
the number and duration of detected heat-wave

events.



This mechanism is particularly evident in the
municipalities of Pereira Barreto and Ilha Solteira,
where cumulative heat-wave duration differed by
up to 199 days between the nearest-neighbor
and IDW approaches (Table 6). Such differences
illustrate how methodological choices in spatial
interpolation may modify the detection and char-
acterization of extreme temperature events, even
when differences in the underlying temperature
estimates are relatively small, thereby influencing
downstream climate-impact assessments.

The effect was particularly pronounced in
regions characterized by higher temperature
regimes, including Aragatuba, Presidente Pru-
dente, and Sao José do Rio Preto. In these areas,
temperatures frequently approach or exceed the
heat-wave threshold, making event classification
highly sensitive to small perturbations. Therefore,
even modest smoothing can generate dispropor-
tionately large differences in estimated heat-wave
duration. The western portion of Sao Paulo illus-
trates a threshold-amplification mechanism in
which small interpolation-induced changes pro-
duce large differences in exposure estimates. This
also explains why the largest discrepancies are not
necessarily found where interpolation errors are
highest.

These results indicate that conventional per-
formance metrics such as RMSE, MAE, and
bias may be insufficient for evaluating interpo-

lated datasets intended for extreme-event analysis.
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A method can exhibit acceptable average accu-
racy while still producing substantial distortions
in threshold-based climate indicators. Therefore,
interpolation evaluation should consider not only
pointwise errors but also impacts on event fre-
quency, duration, persistence, and distributional
characteristics.

The regional analysis further indicates that
these discrepancies are spatially structured West-
ern regions combine higher temperatures and rel-
atively sparse station coverage, which increases
reliance on spatial interpolation and may amplify
its effects on derived indicators This result rein-
forces the importance of evaluating interpolation
methods not only globally, but also regionally
and according to the intended application. For
decision-making, a spatially averaged error metric
may be less informative than knowing where and
under which climatic regimes the method changes
the classification of extreme events [28, 29].

Overall, the impact of interpolation is not uni-
form across temperature metrics. While average
conditions and even maximum values may appear
well represented, threshold-based climate indica-
tors are inherently more sensitive to small estima-
tion errors. Accurate representation of extremes
therefore requires not only low overall error, but
also sufficient spatial resolution and data density
to preserve local variability and temporal conti-

nuity. This finding questions the assumption that
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1480 an interpolator selected on the basis of cross-

1481
1482
ﬁgi for downstream climate-impact analyses based
1485 on derived indicators. For applications involving
1486
1487
ﬁgg tributional diagnostics, tail behavior, persistence
1490 metrics, and direct validation of derived indicators
1491

1492 [
1493
1494
1495
1496
1497
1498
1499
1500
1501

1502 Jight that interpolation should not be treated as
1503

1504 a neutral preprocessing step. Its influence propa-
1505
1506

1507 nificantly affect downstream results, particularly
1508

1509 in extreme event detection and risk assessment.
1510
1511
1;1; that increasingly depend on gridded or spa-
1514 tially interpolated climate information, including
1515
1516
1;1; ning, early-warning systems, infrastructure man-
1519 agement, and public-health preparedness. If inter-
1520
1521
1;;; it may underestimate the duration of popula-
1524 tion exposure and the cumulative stress associated
1525
1526
1527
1528
1529 tainability agendas, particularly those related to
1530

validation accuracy will necessarily be adequate

extremes, model evaluation should include dis-

30, 31].

5.4 Implications for climate-risk

assessment and environmental

decision-making

From an applied perspective, these findings high-

gates through the analytical pipeline and can sig-

This has direct implications for applications

municipal heat-risk assessments, adaptation plan-

polation suppresses the persistence of heat events,

with prolonged heat conditions [32-34].

These findings are also relevant to broader sus-

30

sustainable cities, climate action, and health pro-
tection [35]. The results do not directly measure
health, energy, agricultural, or social outcomes,
but they show that the climate indicators used to
inform such sectors may be sensitive to interpola-
tion choices. In data-sparse regions, where inter-
polated products can provide the main empirical
basis for local climate assessment, this sensitiv-
ity may affect resource allocation, prioritization
of adaptation measures, and the identification of
municipalities most exposed to extreme heat [36].

The consistency observed between station-
level and municipality-level clustering further sug-
gests that these effects are robust across spatial
scales. Uncertainty identified at the station level
does not disappear when data are aggregated to
municipalities or intermediate regions; instead, it
may propagate into systematic spatial patterns of

over- or under-detection in climate indicators.

5.5 The trade-off between average
accuracy and preservation of

extremes

The results suggest that the concept of the “best”
interpolation method depends on the purpose of
the analysis. If the objective is to minimize average
prediction error, IDW may outperform a nearest-
neighbor baseline. However, if the objective is to
preserve local extremes and consecutive thresh-

old exceedances, stronger smoothing may become



a disadvantage. Rather than identifying a univer-
sally superior interpolation method, the findings
indicate that method selection should be aligned
with the climate indicator and application of
interest.

Several limitations should be acknowledged.
First, the analysis focuses on nearest-neighbor
and IDW approaches, which represent opera-
tionally simple methods with contrasting smooth-
ing behavior. More complex geostatistical or
hybrid approaches incorporating elevation, land
cover, coastal distance, or atmospheric covariates
may reduce some of the distortions identified here.

The objective of this study was not to iden-
tify the optimal temperature interpolation frame-
work for Sao Paulo state, but rather to evaluate
how commonly used distance-based interpolation
methods influence the estimation of climate indi-
cators and extreme-event metrics. The comparison
between nearest-neighbor and IDW was therefore
designed to isolate the effects of different levels
of spatial smoothing under operationally simple
approaches that are frequently applied in data-
sparse environments. Future studies should inves-
tigate whether interpolation methods that explic-
itly incorporate elevation, land cover, coastal
influence, or other environmental covariates can
better preserve local variability and improve the
representation of threshold-based climate indica-

tors.

31

This issue becomes particularly evident in
eastern Sao Paulo state, near the Serra da Man-
tiqueira and the borders with Rio de Janeiro and
Minas Gerais. In municipalities such as Queluz
and neighboring areas, temperature estimates
depend strongly on the Cachoeira Paulista station
due to the complex topography and limited spa-
tial coverage of nearby observations. When this
station presents missing data, the interpolation
tends to rely more heavily on high-elevation sta-
tions located in the Mantiqueira region, leading to
systematic underestimation of local temperatures.
This example illustrates how sparse observational
coverage combined with strong topographic gra-
dients can amplify interpolation sensitivity and
distort local thermal patterns.

Second, municipality centroids provide a

practical and reproducible spatial unit for
administrative-scale assessment, but they cannot
fully represent within-municipality heterogeneity,
particularly in large or topographically complex
municipalities, especially in the eastern portion of
Sao Paulo state.

In addition, the municipality-level heat-wave
metrics evaluated in this study are derived from
interpolated temperature series rather than direct
observations at the municipal scale. Consequently,
differences in heat-wave frequency and duration
should be interpreted as methodological sensitiv-

ities associated with the interpolation approach

rather than as direct evidence of true climatic
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1582 differences. While these results demonstrate how
1583
1584
1;22 indicators, the magnitude of the discrepancies
1587 remains conditional on the underlying interpola-
1588
1589
1590
1591
1592 threshold and consecutive-day criterion. Alterna-
1593
1594

1595 could modify the absolute number of detected
1596

1597 events, although the sensitivity of threshold-based
1598
1599
128(1) remain relevant. Fourth, the study period is rel-
1602 atively short and does not capture long-term
1603
1604
1282 sis depends on the density, continuity, and qual-
1607 ity of the meteorological-station network, which
1608
1609
1610
1611
1612 interpolation evaluation based solely on average
1613
1614
1212 itly assess whether interpolated datasets preserve
1617 the statistical characteristics required by down-
1618
1619
12;(1) this means evaluating not only whether inter-
1622 polated temperatures are close to observations,
1623
1624
12;2 spatial contrasts, and event classifications [37].
1627 Spatial interpolation is therefore not simply a
1628
1629
123(1) methodological decision capable of reshaping the
1632

interpolation choices can propagate into climate

tion assumptions and observational network.

Third, the heat-wave definition relies on a fixed

tive percentile-based or region-specific thresholds

indicators to interpolation effects would likely

trends in heat-wave frequency. Finally, the analy-

varies across space and time.

Overall, the findings support a shift from

error toward evaluation frameworks that explic-

stream applications. For climate-risk assessment,

but whether they preserve extremes, persistence,

technical step in climate-data preparation, it is a
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evidence base used for adaptation and environ-

mental policy [38].

6 Conclusions

This study assessed the performance of spatial
interpolation methods for temperature estima-
tion under sparse observational conditions and
investigated their implications for climate indi-
cators and extreme-event characterization. The
results demonstrate that interpolation perfor-
mance exhibits pronounced spatial heterogene-
ity. Cluster-based analyses revealed distinct per-
formance regimes, indicating that interpolation
errors are spatially structured rather than ran-
domly distributed, reflecting both environmental
variability and differences in station represen-
tativeness. Distance-based methods, particularly
IDW, preserved the central tendency of temper-
ature fields but reduced temperature variability,
with the strongest effects observed for minimum
temperatures. These results indicate that inter-
polation can modify the statistical representation
of temperature distributions, especially in regions
where local-scale processes strongly influence ther-
mal conditions.

The influence of interpolation propagated
directly into derived climate indicators. Heat-
wave analyses revealed substantial discrepan-
cies between interpolation approaches, with IDW

resulting in fewer and shorter detected heat-wave



events relative to the nearest-neighbor method.
In several regions, differences exceeded 100 days
in cumulative heat-wave duration over the study
period. Importantly, these discrepancies emerged
through a nonlinear amplification mechanism:
although interpolation errors in maximum tem-
perature were comparatively small, threshold-
based indicators proved highly sensitive to such
deviations. Even minor underestimations in inter-
polated temperatures could disrupt sequences of
threshold exceedances, substantially altering the
identification of extreme events.

Collectively, these findings demonstrate that
spatial interpolation should not be regarded as
a neutral preprocessing procedure. Instead, it
constitutes a methodological decision capable of
modifying the statistical properties of interpolated
temperature datasets and the characterization of
climate extremes derived from them. The results
also show that satisfactory average interpolation
accuracy does not necessarily imply reliable rep-
resentation of threshold-based climate indicators.

Therefore, differences in municipality-level
heat-wave indicators should be interpreted as dif-
ferences in the representation of climate extremes
produced by alternative interpolation approaches,
rather than as direct estimates of changes in the
underlying occurrence of heat waves.

These findings highlight the importance of
carefully selecting and evaluating interpolation

methods in climate applications, particularly

33

when the focus involves extreme events and

climate-risk assessment. Future work should
explore approaches that better preserve local
variability and improve the representation of
extremes, including hybrid methods and models
that incorporate environmental covariates such as
elevation, land cover, and coastal influence. In
addition, the strong sensitivity of threshold-based
indicators to relatively small interpolation errors
suggests the need for methodological frameworks
that explicitly account for uncertainty in spatially
interpolated climate data.

More broadly, this study reinforces the impor-
tance of considering how interpolation choices
may propagate into downstream climate indi-
cators and risk analyses. These challenges are
likely to become increasingly relevant as climate
services, adaptation planning, and impact assess-

ments rely more heavily on spatially interpolated

datasets at municipal and regional scales.
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