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Abstract

This data descriptor presents a unique high-resolution rainfall dataset derived from 14 plu-
viograph stations across central Chile’s Mediterranean region, covering variable periods
starting from between 1969 and 1992, up to 2009. The dataset provides continuous pre-
cipitation records at a 5 min temporal resolution, obtained through the digitization and
processing of pluviograph strip charts using specialized software. This high temporal
resolution is unprecedented for the region and enables detailed analysis of rainfall inten-
sity, duration, and frequency patterns critical for hydrological research, climate studies,
and water resource management in general. Each station’s data was subjected to quality
control procedures, including manual validation and correction of digitization errors to
ensure data integrity. The dataset reveals the significant temporal variability of rainfall
in central Chile, capturing both short-duration high-intensity events and longer precipi-
tation patterns. By making this dataset publicly available, we provide researchers with a
valuable resource for studying rainfall behavior in a Mediterranean climate zone subject
to significant climate variability and change. The dataset supports various applications,
including the development of intensity–duration–frequency curves, analysis of rainfall
erosivity, calibration of hydrological models, and investigation of precipitation trends in
the context of climate change.

Dataset: https://doi.org/10.6084/m9.figshare.29093246.

Dataset License: CC-BY 4.0

Keywords: high-resolution rainfall; temporal resolution; pluviograph; data digitization;
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1. Introduction
Rainfall data at high temporal resolutions is critical for a wide range of hydrological

applications, including understanding watershed responses, designing hydraulic infrastruc-
ture, and assessing the impacts of climate change on precipitation patterns [1,2]. In regions
with complex topography and high spatial variability in rainfall, such as the Mediterranean
climate zone of central Chile, fine-scale precipitation records are particularly valuable for
water resource management and hazard prediction [3,4].

Historically, rainfall data in Chile has been collected using mechanical pluviographs
that document continuous precipitation intensity on paper strip charts [5]. When digi-
tized and properly processed, these analog records can provide rainfall intensity data at
temporal resolutions as fine as 5 min [3]. This high-resolution data enables the develop-
ment of intensity–duration–frequency (IDF) curves, which are essential tools for designing
hydraulic structures, urban drainage systems, and assessing flood risks [6,7].

High-resolution rainfall datasets are rare in many parts of the world, including Chile,
due to the challenges in maintaining and processing pluviograph records [8]. The labor-
intensive nature of manual chart digitization has limited the availability of sub-hourly
precipitation data [9,10]. Additionally, the transition from analog to digital pluviographic
systems in recent decades has created potential discontinuities in long-term precipitation
records, complicating the analysis of historical climate trends [11].

The preservation of high-resolution rainfall data directly supports several United
Nations Sustainable Development Goals (SDGs). Most notably, this work contributes to
SDG 6 (Clean Water and Sanitation) through improved water resources management and
integrated watershed planning [12]. The dataset also supports SDG 13 (Climate Action)
by providing climate data for adaptation planning [13]. Additionally, applications in the
design of urban drainage and the assessment of flood risk contribute to SDG 11 (Sustainable
Cities and Communities), and finally, erosion control applications support SDG 15 (Life on
Land) through sustainable land management practices [14].

Applications of high-resolution rainfall data to agriculture are particularly critical
in Mediterranean climates, where precise precipitation monitoring supports optimized
irrigation scheduling, disease prediction models for crop pathogens that frequently depend
on moisture conditions, and adaptation strategies for changing precipitation patterns under
climate change scenarios [15,16].

To address these challenges, various methodologies to automate the digitization and
processing of pluviograph strip charts have been developed by researchers. For example,
Deidda et al. [17] proposed an image processing approach that utilizes adaptive threshold-
ing, edge detection, and curve fitting techniques to extract rainfall traces from digital scans
of pluviograph records. Similarly, Van Piggelen et al. [18] developed software that uses
computer vision algorithms to automatically trace precipitation curves and convert them
into high-resolution time series. These approaches demonstrate the potential for efficiently
converting large volumes of analog rainfall records into digital formats suitable for modern
hydrological analyses.

These methods involve image processing techniques such as segmentation [19,20],
curve extraction [21], and signal recognition [22,23]. Recent advances in computer vision
and machine learning have led to the improved accuracy and efficiency of rainfall data
extraction from analog records [24].

For central Chile’s Mediterranean climate zone, understanding detailed rainfall pat-
terns is crucial for effective water resource management and climate change adaptation.
Pizarro et al. [25] examined the latitudinal gradient in annual precipitation throughout
Chile, highlighting the strong north–south variation in rainfall totals and seasonality. Fur-
ther work highlighted the influence of large bodies of water on rainfall intensity behaviours
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in central Chile, demonstrating the important role of topography and coastal proximity
in driving local precipitation patterns [26]. Later, a simplified method for constructing
IDF curves in ungauged areas of central Chile was proposed, emphasizing the need for
high-resolution rainfall data to support hydrological design and planning [27].

While these studies have provided valuable insights into the characteristics of precipi-
tation in central Chile, they have often been limited by the lack of long-term, high-temporal
resolution rainfall records. Even though previous studies have examined various aspects
of precipitation in this region, including latitudinal gradients [25], the influence of water
bodies on rainfall intensity [26], and methods for extrapolating IDF curves to ungauged
areas [27], these analyses have often been constrained by the lack of high-resolution rain-
fall data.

The availability of this dataset fills a significant gap in the hydrometeorological in-
formation for central Chile and provides an important resource for researchers, engineers,
and decision makers. By making these data publicly accessible, this work aims to contribute
to broader efforts in the rescue of climate data, which itself aims to preserve and utilize
historical meteorological records for modern scientific analyses [28–30].

The remainder of this paper is organized as follows. Section 2 describes the data
sources. Section 3 presents the methodology employed for digitizing and processing the
pluviograph strip charts. Section 4 outlines the data format and structure to facilitate
user access and analysis. Section 5 discusses potential applications, analytical oppor-
tunities, and important limitations of this dataset for hydrological research and water
resource management.

2. Data Description
This dataset consists of high-temporal resolution rainfall records from 14 pluviograph

stations distributed across central Chile’s Mediterranean climate region. The data covers
variable time periods, with the earliest records beginning in 1969 and all records extending
to 2009, providing approximately three to four decades of precipitation observations at
5 min resolution (see Table 1 for specific station periods). Figure 1 shows the geographical
distribution of the monitoring stations.

Table 1. Dataset geographical and availability information for the 14 pluviograph stations in cen-
tral Chile.

Station Name Longitude Latitude Availability Altitude (masl) Filename

Bullileo 71°24′0.0′′ W 36°17′0.0′′ S 1971–2009 600 Bullileo.csv
Colorado 71°15′0.0′′ W 35°38′0.0′′ S 1969–2009 420 Colorado.csv
Pirque 70°35′0.3′′ W 33°40′1.9′′ S 1985–2009 659 Pirque.csv
Talca 71°37′0.0′′ W 35°26′0.0′′ S 1982–2009 130 Talca.csv
San Manuel 71°38′57.8′′ W 36°21′26.0′′ S 1995–2009 270 SanManuel.csv
Melozal 71°47′1.7′′ W 35°46′27.9′′ S 1971–2009 110 Melozal.csv
Parral 71°49′44.3′′ W 36°11′35.3′′ S 1974–2009 175 Parral.csv
Pencahue 71°50′5.7′′ W 35°22′31.0′′ S 1974–2009 55 Pencahue.csv
Potrero Grande 71°5′51.8′′ W 35°11′0.0′′ S 1971–2009 460 PotreroGrande.csv
Cerro Calán 70°32′0.3′′ W 33°24′1.9′′ S 1992–2009 848 CerroCalan.csv
Los Panguiles 71°1′0.4′′ W 33°26′1.9′′ S 1985–2009 190 LosPanguiles.csv
Melipilla 71°13′0.4′′ W 33°42′1.9′′ S 1985–2009 168 Melipilla.csv
Pudahuel DMC 70°47′39.7′′ W 33°23′30.8′′ S 1986–2009 480 PudahuelDMC.csv
Rungue 70°54′0.3′′W 33°1′1.8′′ S 1984–2009 700 Rungue.csv
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Figure 1. Map of pluviograph station locations in central Chile, showing the spatial distribution across
the Mediterranean climate zone. Stations are concentrated along the central valley, with elevations
ranging from 55 to 848 m above sea level.

The stations span a north-to-south extent of approximately 350 km, from a 33° S to
36° S latitude, and are distributed across diverse topographical settings within central
Chile’s Mediterranean climate zone. Elevation ranges from 55 m above sea level (masl) at
Pencahue to 848 masl at Cerro Calán (Table 1). This geographical spread captures important
climatic gradients, including coastal influences, inland valley conditions, and foothill envi-
ronments, though high-elevation mountain areas remain underrepresented, and therefore,
the presence of snow or solid precipitation is scarce in the study area.

2.1. Data Source and Instrumentation

The dataset was derived from mechanical recording pluviographs operated by the
Chilean Meteorological Directorate (DMC, Spanish acronym) and the General Water Di-
rectorate (DGA, Spanish acronym). These instruments utilized a float-and-siphon system
(Figure 2) that translated water level changes in a collection cylinder to vertical movements
of an ink pen on a paper strip chart (Figure 3). The charts rotated on a drum at a con-
stant rate (typically completing one revolution per week), producing continuous traces of
accumulated rainfall over time. When the collection cylinder filled to capacity (typically
representing 10 mm of precipitation), a siphoning mechanism emptied the cylinder, and the
pen returned to the baseline position, creating a characteristic sawtooth pattern during
precipitation events [2].



Data 2025, 10, 95 5 of 17

(a) (b) (c)

Figure 2. Pluviograph stripchart mechanism. (a) Pluviograph rain gauge, with stripchart visible
on drum, (b) close-up of stripchart and pen mechanism, and (c) schematic of mechanism. Source:
Patricio González Colville, CITRA, Universidad de Talca.

Figure 3. Example of a pluviograph strip chart from central Chile showing rainfall records. The hori-
zontal axis represents time while the vertical axis shows accumulated precipitation. The sawtooth
pattern indicates siphoning events when the collection cylinder reached capacity and emptied.
The trace is made from left-to-right, with the day and 24 h clock indicated along the upper horizon-
tal axis.

The strip charts were changed weekly by technical personnel at each station and
archived in physical storage facilities. These analog records constituted the primary source
material for the development of the high-resolution digital dataset through a systematic
digitization process detailed in Section 3.

2.2. Dataset Characteristics

The digitized dataset provides continuous precipitation records at 5 min temporal
resolution, capturing rainfall intensity variations at a much finer scale than conventional
daily observations. This high-resolution data reveals detailed characteristics of precipitation
events, including the following:

• Temporal patterns: storm onset, peak intensity timing, and recession characteristics;
• Short-duration intensities: precipitation rates over durations from 5 min to sev-

eral hours;
• Event structure: the internal structure of rainfall events, including multiple intensity

peaks and dry periods within storms;
• Seasonal variations: detailed precipitation dynamics across Chile’s Mediterranean

climate seasons.

The dataset encompasses the complete precipitation record for each station throughout
its period of operation, recording at 5 min intervals. This temporal coverage captures
significant climatic variation, including multiple El Niño–Southern Oscillation (ENSO)
cycles and their effects on regional precipitation patterns.

Each data point provides the accumulated precipitation (in millimeters) during the
preceding 5 min interval, with a precision of 0.01 mm. All timestamps are standardized
to local Chilean time (CLT, UTC-4) without adjustments for historical changes in daylight
saving time, ensuring temporal consistency across the entire record.
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3. Methodology for Digitizing Pluviograph Strip Charts
3.1. Strip Chart Digitization Process

The conversion from analog charts to machine-readable digital data followed a system-
atic protocol developed specifically for this project, building upon methodologies described
by Jaklič et al. [9] and Van Piggelen et al. [18] with adaptations for the specific characteristics
of Chilean pluviographs.

The digitization process of the strip charts involved the following stages: high-
resolution scanning of the original strip charts, automated trace extraction using image
processing algorithms, comprehensive quality control verification, and compilation into
standardized digital time series. Figure 4 illustrates the overall workflow from analog
charts to the final high-resolution rainfall dataset.

Analog
pluviograph

Strip
Charts

High-
Resolution
Scanning

Automated
Trace

Extraction

Quality
Control

Verification

5 min
resolution

Rainfall
Dataset

Figure 4. High-level workflow for converting analog pluviograph strip charts into the high-temporal
resolution rainfall dataset.

3.1.1. Preprocessing and Scanning

Each strip chart was visually inspected to assess quality and identify potential issues
such as ink bleeds, paper damage, or recording anomalies. Then, acceptable charts were
digitized using a high-resolution (600 dpi) flatbed color scanner. The scanning process en-
sured consistent orientation and positioning to minimize geometric distortions. Calibration
marks on each chart were preserved to enable accurate temporal and magnitude scaling
during subsequent processing.

The scanning parameters were chosen so as to enhance the contrast between the ink
trace and background while preserving fine details. The resulting digital images were
stored in an uncompressed TIFF file at 24-bit color depth to maintain maximum fidelity
to the original charts. Each image file was named according to a standardized convention
incorporating station identifier and chart date range information to ensure traceability.

3.1.2. Automated Trace Extraction

Image processing techniques were used to detect and then extract the rainfall intensity
trace from the scanned charts. The methodology used an algorithm adapted from the Plu-
viograph Strip Charts Reader (PSCR) described by Pizarro-Tapia et al. [3]. The following
steps describe this multi-stage process:

1. Image preprocessing: Noise reduction, contrast enhancement, and binarization to
isolate the ink trace from background elements and grid lines.

2. Coordinate system calibration: Identification of reference time marks (horizontal
axis) and precipitation quantity trace marks (vertical axis) to establish precise scaling
factors in both dimensions.

3. Trace identification and extraction: Implementation of edge detection and line-tracing
algorithms to identify and extract the continuous pen trajectory representing accumu-
lated precipitation.

4. Siphon event detection: Automated recognition of the characteristic vertical drops
in the trace that represent siphoning events, necessary for calculating total accumu-
lated precipitation.

5. Conversion to time series: Transformation of the extracted geometric trace into a
continuous time series of accumulated precipitation at 5 min intervals.
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6. Derivation of intensity values: Calculation of 5 min precipitation intensity values
through temporal aggregation and differentiation of the accumulated series.

Table 2 presents statistics comparing precipitation measurements obtained through
manual digitization versus automated extraction algorithms across the six list stations
(two from each region). The metrics include the following: N = number of observa-
tions; R2 = coefficient of determination; RMSE = root mean square error (mm); and
NSE = Nash–Sutcliffe efficiency.

The validation demonstrates consistent performance with R2 values exceeding 0.8 for
all station–duration combinations and NSE values mostly above 0.8, indicating excellent
agreement between automated and manual methods. As expected, validation performance
improves with increasing temporal aggregation due to reduced influence of errors. The au-
tomated extraction algorithm achieved temporal positioning accuracy within ±5 min [3].
More significantly, the automated method eliminates subjective interpretation and human
error inherent in manual digitization, potentially providing more consistent and objective
measurements than traditional manual approaches. These results demonstrates that the
automated digitization methodology produces reliable or potentially superior rainfall time
series to manual methods while enabling the processing of substantially larger datasets
with consistent quality standards.

Table 2. Statistics comparing automated and manual rainfall digitization across 1 h, 6 h and
24 h durations.

1 h 6 h 24 h

Station N R2 RMSE NSE R2 RMSE NSE R2 RMSE NSE

Cerro Calán 18 0.895 0.94 0.834 0.930 0.73 0.867 0.950 0.30 0.949
Cerro El Padre 40 0.943 1.13 0.939 0.985 0.27 0.985 0.994 0.12 0.994
Embalse Ancoa 38 0.868 1.38 0.866 0.845 1.17 0.844 0.962 0.34 0.960
Embalse Coihueco 38 0.937 1.88 0.931 0.981 0.43 0.977 0.985 0.25 0.983
Melipilla 34 0.857 1.47 0.797 0.842 0.71 0.799 0.947 0.28 0.935
Potrero Grande 38 0.858 1.73 0.846 0.903 1.74 0.725 0.890 0.51 0.888

3.1.3. Quality Control and Manual Verification

Following automated extraction, a comprehensive quality control protocol was imple-
mented to ensure data integrity. This multi-stage process included the following:

1. Automated consistency checks: Application of logical tests to identify physically im-
plausible values, discontinuities, and other anomalies requiring further examination.

2. Visual verification: Manual inspection of extracted traces superimposed on the
original chart images for a subset of charts, with emphasis on high-intensity events
and problematic sections identified during automated checks.

3. Comparison with daily records: Validation of 24-hour accumulated totals against
independent daily precipitation measurements from co-located standard rain gauges
where available.

4. Cross-station comparison: Evaluation of spatial consistency through comparison of
simultaneous records from proximate stations during significant precipitation events.

5. Expert review: Final examination of questionable records by experienced hydromete-
orological analysts, with manual corrections applied where necessary.

3.2. Temporal Aggregation and Dataset Compilation

For each station, continuous 5 min time series were constructed, with explicit handling
of missing periods and partial records. Time stamps were standardized to represent the end
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of each 5 min accumulation period and stored in a consistent ISO 8601 format [31]. This end-
of-interval convention was adopted because the pluviograph strip charts record cumulative
precipitation, making it natural to associate each measurement with the completion of
the accumulation period. All temporal references were maintained in local Chilean time
(CLT, UTC-4) without adjustments for historical changes in daylight saving time to ensure
consistency across the entire record.

These datasets were compiled into CSV files with accompanying metadata documen-
tation describing station characteristics, record periods, and corresponding data filenames
as shown in Table 1. Also, a netCDF file is included that integrates all station data into
a multidimensional array structure with CF-compliant metadata and spatial coordinates.
The CSV files maximize accessibility across diverse research applications, while the netCDF
format facilitates integration with geospatial analysis tools and climate modeling work-
flows, both maintaining the essential information required for rigorous scientific analysis.
The complete dataset repository includes a comprehensive README.md file with detailed
metadata, usage examples in R and Python, data quality information, file format specifi-
cations, and analytical guidance to facilitate an efficient utilization of the dataset across
various hydrological and climatological research applications.

4. Data Format
The data for each station is stored in a separate comma-separated values (CSV) file,

with a consistent structure across the entire dataset. The CSV format was chosen for its
simplicity and universal compatibility with statistical software, programming languages,
and database systems. Each data file contains two columns:

• datetime: timestamp in ISO 8601 format (YYYY-MM-DD HH:MM:SS);
• rainfall: precipitation amount in millimeters (2 decimal places) accumulated over

the preceding 5 min interval.

and an example segment of the data is shown in Listing 1.

Listing 1. Sample of the 5 min rainfall data format from the dataset showing precipitation records
from 25 March 1985.

1 datetime,amount
2 1985-03-25 00:45:00,0.01
3 1985-03-25 00:50:00,0.01
4 1985-03-25 00:55:00,0.07
5 1985-03-25 01:00:00,0.07
6 1985-03-25 01:05:00,0.07
7 1985-03-25 01:10:00,0.08
8 1985-03-25 01:15:00,0.07
9 1985-03-25 01:20:00,0.07

10 1985-03-25 01:25:00,0.02

The first column represents the timestamp in ISO 8601 format (YYYY-MM-DD HH:MM:SS),
with precipitation measurements recorded at 5 min intervals. All timestamps are provided
in local Chilean time (CLT, UTC-4), with no adjustments for daylight saving time to
maintain consistency throughout the historical record. This high temporal resolution is
particularly valuable for capturing the dynamics of short-duration, high-intensity rainfall
events that are critical for flash flood analysis and urban drainage design [32,33].

The second column contains the precipitation amount in millimeters (mm) accumu-
lated during the preceding 5 min interval. For example, the value of 0.07 mm recorded
at 1985-03-25 01:00:00 represents the rainfall that occurred between 00:55:00 and
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01:00:00 on 25 March 1985. The precision of these measurements is 0.01 mm, which
is consistent with the sensitivity of the original recording pluviographs [2].

For periods with no precipitation, no data is included in the file. This continuous time
series structure facilitates statistical analysis and modeling without the need for additional
data preprocessing. Rainfall in central Chile is largely limited to winter months, so not
including dry data records reduces the storage overhead.

The complete dataset includes the full period of records for each station, during the
period as noted in Table 1. Each file begins with a header line that labels the columns as
datetime,amount, as shown in Listing 1.

This CSV format allows researchers to directly import the data into analysis software
such as R, Python, MATLAB, or specialized hydrological modeling packages without
extensive reformatting, supporting efficient data manipulation and the analysis of temporal
rainfall patterns at multiple scales [34].

5. User Notes
The high-temporal resolution pluviograph dataset for central Chile is provided to

support hydrological research, climate analysis, and water resource management appli-
cations. The following sections outline important information for users regarding data
format, recommended applications, assumptions, analytical methods, and limitations.

5.1. Recommended Applications

The high-temporal resolution pluviograph dataset facilitates multiple hydrological
and climatological applications that benefit from fine-scale precipitation data. The 5 min
resolution enables accurate intensity–duration–frequency (IDF) curve development through
the precise quantification of rainfall intensities across multiple durations [7,35]. These IDF
relationships provide essential design parameters for hydraulic infrastructure including
urban drainage systems, culverts, and flood control structures [4].

The dataset’s temporal resolution effectively captures short-duration, high-intensity
precipitation events that trigger flash floods in central Chile’s steep watersheds [8]. This
temporal detail permits improved modeling of rapid hydrological responses in small
catchments with short concentration times, enhancing flood risk assessment capabilities.

Detailed rainfall pattern characterization represents another significant application.
The dataset enables the comprehensive statistical analysis of precipitation temporal distri-
butions, including the quantification of storm onset characteristics, peak intensity timing,
and recession properties [34]. These analyses reveal fundamental precipitation behavior in
central Chile’s Mediterranean climate system.

Climate change studies benefit from this historical record of sub-daily precipitation
extremes. The dataset provides a robust baseline for evaluating potential alterations in
rainfall intensity distributions by facilitating comparisons with current observations and
climate model projections [36,37], thereby supporting adaptation planning.

Erosivity calculations for soil conservation applications are significantly enhanced
by high-resolution rainfall data. The dataset enables the accurate computation of rainfall
erosivity factors (EI30) through the precise quantification of storm energy and maximum
30 min intensities [38,39], which are critical parameters for erosion risk assessment.

Urban hydrological modeling constitutes a final key application. The fine temporal res-
olution supports detailed simulation of rainfall-runoff processes in urbanized environments
characterized by short response times and substantial impervious surface coverage [32,33],
improving urban flood forecasting capabilities.

A fundamental advantage of this dataset is that it provides real, observed precipitation
data suitable for correlation analysis with other factors that may influence the hydrological
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cycle in both urban and rural basins. Unlike synthetic or modeled rainfall data, these
high-resolution observations enable researchers to investigate authentic relationships be-
tween precipitation patterns and various environmental, geographical, and anthropogenic
variables. Such correlations are essential for understanding the complex dynamics of
watersheds under changing land-use conditions, climate variability, and human inter-
ventions. The dataset therefore serves as a valuable foundation for integrated studies
examining how multiple factors interact to shape hydrological processes in central Chile’s
diverse landscapes.

5.2. Machine Learning Applications

The combination of high temporal resolution and extensive historical coverage in
this dataset provides the depth and volume of data necessary for training sophisticated
algorithms and validating their performance across varied climatological conditions.

Precipitation nowcasting—the short-term prediction of rainfall—stands as perhaps
the most immediate and high-impact application for this dataset. The 5 min resolution
captures the rapid evolution of rainfall systems, providing the granular temporal data
needed to train advanced deep learning architectures. Recurrent neural networks and
Long Short-Term Memory (LSTM) models can leverage this sequential data to identify
complex temporal patterns and dependencies. The pioneering convolutional LSTM network
developed by Shi et al. [40] demonstrated the power of combining spatial and temporal
learning for precipitation nowcasting, and this dataset offers an opportunity to adapt such
approaches to Mediterranean climate regimes. More recently, Ravuri et al. [41] introduced
deep generative models for radar-based nowcasting that achieved unprecedented skill in
rainfall prediction; this Chile dataset could enable similar innovations focused on gauge-
based prediction models with direct applications for flood warning systems and water
resource management.

Pattern recognition through unsupervised learning represents another valuable appli-
cation domain. The dataset’s extended temporal coverage captures thousands of rainfall
events with diverse characteristics, providing rich material for clustering algorithms to
identify recurring patterns and classify storm types based on their temporal signatures.
The clustering methods explored by Crochemore et al. [42] for grouping rainfall time series
based on intensity–duration–frequency metrics could be refined using this high-resolution
dataset. Kramer et al. [43] highlighted the importance of identifying consistent patterns
in climate data for understanding modern climate challenges, and machine learning tech-
niques applied to this dataset could reveal characteristic precipitation patterns specific to
central Chile’s Mediterranean climate system.

Automated quality control systems can be substantially enhanced through machine
learning approaches applied to this dataset. The development of anomaly detection al-
gorithms trained on the consistent 5 min measurements could significantly improve the
identification of potential errors in rainfall time series, streamlining data validation pro-
cesses. The systematic quality control framework established by Estévez and Marcos [44]
using satellite information and geographic information systems could be augmented with
machine learning components trained on this high-quality dataset. Similarly, Chen and
Liu [45]’s work on rain gauge network design using combined kriging and entropy could
be extended to develop intelligent systems for identifying inconsistencies and errors in
precipitation data networks.

Gap filling in rainfall records represents a persistent challenge in hydroclimatology,
and this dataset provides an excellent testbed for evaluating machine learning approaches
to reconstructing missing data. The spatial and temporal characteristics of rainfall in central
Chile described by Boisier et al. [13] could inform the development of targeted gap-filling
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algorithms. The methodologies employed in creating the SPREAD high-resolution daily
gridded precipitation dataset for Spain [46] could be adapted and refined for sub-daily
timescales using machine learning techniques trained on this 5 min resolution dataset,
potentially leading to more robust approaches for handling missing data in operational
hydrological forecasting.

Rainfall-runoff modeling stands to benefit significantly from deep learning appli-
cations trained on this dataset. The complex, non-linear relationship between rainfall
inputs and streamflow outputs in central Chilean watersheds could be captured more
effectively through deep neural networks that leverage the detailed precipitation dy-
namics revealed in the 5 min data. Zhang et al. [47] and Kratzert et al. [48] demon-
strated the potential of LSTM-based recurrent neural networks for rainfall-runoff modeling,
while Kratzert et al. [49] showed how such approaches could improve predictions in un-
gauged basins. This high-resolution dataset provides an unprecedented opportunity to
train similar models specifically calibrated to the Mediterranean climate conditions of
central Chile, potentially revolutionizing flood forecasting and water resource management
in the region.

Transfer learning applications represent perhaps the most far-reaching potential of
this dataset for addressing broader hydrological challenges. Models trained on the data-
rich environments represented by these 14 stations could potentially be applied to data-
scarce regions with similar climatic characteristics throughout Latin America and other
Mediterranean climate zones globally. The computational challenges of processing such
high-resolution rainfall data across larger spatial domains could be addressed using tools
specifically designed for large heterogeneous datasets. For instance, a sequential Gaussian
processes approach has been used previously, providing an efficient implementation for
interpolating large datasets with heterogeneous noise characteristics—a common chal-
lenge when combining this high-resolution pluviograph data with other precipitation
measurements from different sources or instruments [50]. Reichstein et al. [51] outlined
the transformative potential of deep learning and process understanding for Earth system
science, while George et al. [52] demonstrated how transfer learning could effectively
model climate change impacts across different regions.

5.3. Assumptions and Considerations

This dataset incorporates several methodological assumptions and limitations that
warrant consideration during application and analysis.

Temporal consistency requires critical assessment despite rigorous quality control
protocols. The digitization process from analog pluviograph strip charts inherently intro-
duced interpretive elements, particularly where trace ambiguities exist. As Jaklič et al. [9]
demonstrated, overlapping or degraded pen traces during high-intensity events present
particular challenges. Researchers should evaluate quality flags and incorporate appropri-
ate uncertainty quantification when examining extreme rainfall intensities.

Instrument-specific constraints affect the recording of high-intensity precipitation.
The float-type pluviographs employed exhibit documented response limitations during
intense rainfall episodes, with mechanical lag potentially introducing a systematic under-
estimation of peak intensities by 5–15% [53,54]. This becomes particularly relevant for
sub-hourly extreme intensity analyses.

Time synchronization uncertainties arise from manual chart replacement procedures
and gradual clock drift in the mechanical recording instruments. While individually
minor, these temporal inconsistencies may significantly impact comparative analyses across
multiple stations [30], particularly when examining simultaneous precipitation events.
Unfortunately, the comprehensive documentation of specific timing errors or calibration
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inconsistencies was not systematically recorded during the original data collection period,
making it impossible to quantify or correct these uncertainties retrospectively. Users
should be aware that potential time shifts may exist as an inherent limitation of analog
pluviograph datasets.

Finally, while the observation period for the given stations captures substantial natural
variability including multiple ENSO cycles, potential non-stationarity associated with
climate change may limit the applicability of historical statistics to future scenarios [55,56].
Statistical inferences should incorporate non-stationarity tests when applied to current or
projected conditions.

5.4. Analytical Method Development

One of the most promising applications is the comparative assessment of intensity–
duration–frequency (IDF) methodologies. The 5 min resolution data allows researchers to
test and compare different statistical approaches for deriving IDF relationships, including
the annual maximum series, partial duration series, and various probability distribution
functions. Koutsoyiannis [57] has questioned the widespread use of the Gumbel distribu-
tion for modeling extreme rainfall, and this dataset provides an excellent opportunity to
evaluate alternative distribution models in the Mediterranean climate context of central
Chile. Similarly, the work of Overeem et al. [58] on quantifying uncertainties in IDF curves
can be extended using this dataset to improve risk assessment for hydraulic infrastruc-
ture design.

The dataset also enables significant advances in temporal disaggregation modeling.
In many regions of Chile and South America, only daily rainfall records are available,
limiting the application of models requiring sub-daily inputs. Researchers can use this
high-resolution dataset to develop and validate models for disaggregating daily rainfall
into sub-daily increments. The approaches explored by Debele et al. [59] for evaluating
weather data disaggregation methods could be applied and refined using this dataset as
ground truth. Similarly, the cascade-based stochastic models proposed by Hingray and
Haha [60] could be calibrated and validated for Mediterranean climate conditions using
these records.

Spatial interpolation techniques for sub-daily rainfall can be substantially improved
using this dataset. The network of 14 stations distributed across central Chile provides a
robust foundation for evaluating various interpolation methods, including geostatistical
approaches like kriging, simpler methods such as inverse distance weighting, and emerging
machine learning techniques. When dealing with spatial interpolation across the complex
topography of central Chile, computational efficiency becomes a significant concern. Fast
mapping algorithms with space- or time-limited covariance functions could be particu-
larly valuable for generating high-resolution precipitation maps from this dataset while
maintaining reasonable computation times, especially when incorporating topographic
covariates [61]. The comparative framework established by Wagner et al. [62] for evaluating
precipitation products could be adapted to test the performance of different interpolation
methods for generating spatially continuous fields of sub-daily rainfall.

The three-decade span of the dataset creates unique opportunities for trend anal-
ysis method development. Researchers can investigate and refine techniques for de-
tecting trends in extreme rainfall events across multiple durations, while properly ac-
counting for natural variability and statistical significance. The approaches devel-
oped by Guerreiro et al. [63] for detecting changes in precipitation extremes and by
Barbero et al. [64] specifically for Chilean mountain basins can be extended and refined us-
ing the finer temporal resolution of this dataset, potentially revealing trends not detectable
in daily records.
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Storm pattern classification methodologies can be substantially advanced using this
dataset. The 5 min resolution captures the detailed temporal evolution of rainfall events,
enabling the development of objective classification methods based on temporal structure,
intensity profiles, and synoptic origins. The smoothing parameter optimization approaches
proposed by Molina-Sanchis et al. [65] could be applied to identify characteristic patterns
in rainfall events, while the storm type classification framework of Gaál et al. [66] could be
extended to Mediterranean climate systems using this dataset.

Finally, the dataset enables cutting-edge research in the multifractal analysis of precip-
itation [67,68]. The scale-invariant properties of rainfall can be explored across temporal
scales ranging from minutes to days, providing insights into the underlying physical pro-
cesses driving precipitation patterns in central Chile. The methodologies developed by
Veneziano et al. [69] linking multifractality to IDF scaling and by Gires et al. [70] examin-
ing small-scale rainfall variability could be applied to characterize the scale-dependent
behavior of rainfall in this region, potentially improving precipitation modeling and fore-
casting capabilities.

5.5. Limitations

Despite its considerable value for hydrological research and applications, the plu-
viograph dataset includes several important limitations that researchers should carefully
consider when using in their analysis.

The spatial coverage of the dataset represents a significant constraint for certain
applications. While the 14 stations provide an adequate representation of populated
areas and agricultural zones in central Chile, mountainous regions and remote areas
remain underrepresented [3]. This spatial distribution bias limits the dataset’s utility for
comprehensive regional analysis, particularly in the Andean highlands where orographic
effects strongly influence precipitation patterns. Researchers should exercise caution when
extrapolating findings to these underrepresented zones, as the complex topography of
central Chile creates substantial spatial variability in rainfall characteristics that may not be
fully captured by the existing station network.

The temporal extent of the dataset introduces another important limitation. With
records ending in 2009, the dataset precedes several significant recent climate events and
potential shifts in rainfall patterns associated with anthropogenic climate change [13].
The megadrought affecting central Chile since 2010 represents a major hydroclimatic phe-
nomenon not captured in this dataset. Consequently, the statistical properties and extreme
event characteristics derived from this historical period may not adequately represent
current or future rainfall regimes. Researchers using this dataset for long-term planning
or infrastructure design should consider supplementing it with more recent observations
where/when available and account for potential non-stationarity in precipitation patterns.

The measurement of solid precipitation represents a particular challenge with the
original pluviograph instruments used to collect this data. These mechanical recording
gauges were not designed to accurately measure snow, hail, or mixed precipitation [2,71].
This limitation may cause a systematic underestimation of precipitation totals during
cold events, particularly at the higher elevation stations in the dataset. The most affected
stations would be those located above 600 m in elevation during winter months, when
solid precipitation is more common. Researchers should consider this potential bias when
analyzing winter precipitation patterns or conducting water balance studies in watersheds
with significant high-elevation contributions.

Finally, the dataset lacks explicit accounting for or the correction of urban heat island
effects that may influence precipitation characteristics at stations located in or near urban
areas [72]. Urban environments can modify local precipitation through thermal effects,
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increased aerosols, and altered surface roughness, potentially affecting both the timing and
intensity of rainfall events. Without complementary temperature, humidity, or land-use
change data, it becomes difficult to isolate or correct for these urban influences. This limita-
tion is particularly relevant for stations located in rapidly urbanizing areas of central Chile
and also the capital Santiago, where anthropogenic modifications to the local environment
may have evolved significantly over the three-decade observation period.
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