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Precipitation observing network gaps limit
climate change impact assessment
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Reliable future climate projections and water deficiency assessments require
precipitation observations that are both spatially comprehensive and temporally
complete, yet many global regions still suffer from observation sparsity*%. Here we
evaluate the distribution of 221,483 internationally exchanged precipitation gauges
worldwide, with records across 1900-2022, and further explore where new gauges
are most needed under different scenarios. We find that at present only 13.4% of the
global land surface meets the World Meteorological Organization requirements for
annual precipitation monitoring, indicating widespread scarcity that has serious
socioeconomicimplications. Europe has the highest continental gauge density

(2.4 gauges per 1,000 km?), with Germany leading among countries over 50,000 km?
(22.4 gauges per 1,000 km?). Globally, 25% of land surface already requires urgent
expansion of gauge networks because of climate variability, including northern South
America, northern North America, Central Africa and southern Asia. Considering
projected precipitation changes and socioeconomic conditions under a high-emission
scenario further identifies high-need regions in India, Greenland, Bolivia and China
because of climate sensitivity and socioeconomic vulnerabilities, increasing this
share to 32.1% of global land. Our findings highlight important gaps in global
precipitation monitoring that require strategic investments in new gauges and
underscore the need for open data access.

M Check for updates

Precipitation is an important component of the global water cycle, 2071-2100, affecting approximately 66% of the global land surface'.

affecting both ecological systems and human society. Itis the primary
source of freshwater?®, accounting for approximately 84-90% of global
water consumption®. Precipitation deficits have marked impacts on
agriculturaland urban areas, with nearly 80% of the population of the
world (as of 2000) facing water security issues®. Furthermore, ter-
restrial habitats and biodiversity may be compromised by changes
in precipitation variability under global warming®~®. Future projec-
tions indicate a substantial increase in precipitation variability over

This heightened variability results from the intensification of precipita-
tion extremes", which amplifies climatic and hydrological extremes'>*,
including floods™", droughts'® and the combined effects of wet and dry
events with temperature rise’”’®, Extreme events, such as devastating
flooding in Valencia (29 October 2024) and Germany (14 and 15 July
2021) that caused many casualties, massive disruption and economic
losses, reinforce the need for monitoring climate change effects on
the terrestrial water systems.
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Fig.1|Collected daily precipitation gauge records from1900 to 2022
(221,483 gauges). a, Yearly count of stations by continent. The stacked area
plotinset presents the yearly count of LR stations (38,203 gauges) meeting
specific criteria (Methods). b-f, Map of stations record lengths (b), with
focusing on four regions: the United States (c), Germany (d), China (e) and

Reliable estimates of change in historical and future terrestrial
precipitation rely on the availability of precipitation observations. At
present, methods for capturing the observed spatiotemporal distribu-
tion of precipitationinclude indirect approaches (primarily radar and
satellite technologies'?°) and direct methods (in situ observational
instruments®). Although radar and satellite technologies provide valu-
able, spatially continuous and high-frequency temporal data, they also
have limitations, including systematic biases, sensitivity to synoptic
regimes®*?, estimation errors®>?* and economic constraints®. Reanaly-
sis products provide longer records than satellites, but their precipita-
tion estimates remain uncertain globally?, especially in the tropics?. By
contrast, precipitation gauges offer ground-level measurements with
greater accuracy®®%, making them essential for estimating regional
precipitation and water resources®* >, but their availability is limited"?.

As the primary instrument for precipitation measurement, rain
gauges were widely installed through the efforts of organizations
such as the World Meteorological Organization (WMO) and national
meteorology institutions worldwide, particularly before the 1980s.
However, the reliability and availability of precipitation data have
declined since then due to factors such as the lack of data sharing by
hydrometric authorities®, the dissolution of the Soviet Union** and
economic conflicts during the twentieth century®, resulting in much
more limited coverage than during the 1980s. A striking example of
this limited coverage is the Global Precipitation Climatology Cen-
tre (GPCC)—one of the most widely used precipitation datasets—for
which, in 2015, only 1.6% of the surface of Earth was within 10 km of an
operational precipitation gauge'2. Reliable and accessible precipita-
tion datasets are crucial for numerous scientific endeavours, such as
the study of extreme climate events® %, runoff patterns®, evapotran-
spiration*’, ecosystem respiration*, soil erosion*?, sediment fluxes*,
climate-agriculture interactions**, spatial planning®, climate impacts
onfood*¢ and energy production®, fire risk**and carbon sequestration
dynamics***°. Given the importance of these factors, it is essential to
conductacomprehensive evaluation of precipitation gauge networks
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Southeast Australia (f), with notable precipitation gauge densities. Thebottom
numbersindicate the station numbers within the four regions. The map image
istheintellectual property of Esriand isused herein under license. Copyright ©
2026 Esrianditslicensors. All rights reserved.

tobetterinform network management and planning so that the gauge
networks contribute effectively to the monitoring of climate change
across the globe.

This study uses publicly available global and national precipitation
gauge datasets, comprising 221,483 gauges from 1900 to 2022. We
investigate the global distribution of gauges across physiographic
regions, comparing them with the station density standards set by the
WMO. Moreover, we consider current gauge density, characteristics of
historical precipitation changes, future precipitation change scenarios
and future socioeconomic conditions to identify regions inwhich new
gauges are needed. If deployed, these additional gauges would play
avital part inimproving climate services in many areas, effectively
monitoring precipitation changes, advancing our understanding of
past and future climate changes, and supporting further research on
the water cycle and climate change projections.

Spatiotemporal variability of global gauge records

Between 1900 and 2022, observations from 221,483 accessible pre-
cipitation gauges were recorded (Supplementary Table 1), of which
63.2% (139,901) remained active within the past 30 years, indicating
insufficient recent observations coverage. From1900 to the 1980s, both
the number of stations and long-term record (LR) stations—defined as
stations with records spanning more than 30 years and less than 10%
missing data—grew globally (Fig.1a), but their trends varied regionally
thereafter.

Aslight increase in the total number of stations occurred in 1983
following the global rollout of automatic precipitation gauges in1982
that occurred after the WMO introduced standard non-recording pre-
cipitation gauge measurements in 1981 (refs. 51,52). Asia saw a nota-
ble surge in station numbers that was largely driven by the sustained
efforts of China to deploy automatic rain gauges beginning in that
period®. Consequently, Asia had nearly 70,000 precipitation gauges
by 2022, comprising roughly 57.2% of the global total and representing
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Fig.2|Global precipitation gauge density during1900-2022 compared
withWMO standards. a,b, The circular bar plotindicates the proportion of
each physiographicregion, in which the density of stations (a) or LR stations (b)
meets (orange) or does not meet (blue) WMO requirements. The higher
proportionislabelled within each bar. Continental abbreviations are as
follows: AS, Asia; EU, Europe; AF, Africa; OC, Oceania; NA, North America;

the largest share of any region (Supplementary Table 2). Although sta-
tionsin Asia haverelatively short record lengths (Fig.1, Supplementary
Fig.1), they hold marked potential for future climate monitoring if they
continue to operate. North America also experienced a sharp rise in
gauge numbersinthe 2000s, reaching over 30,000 by 2022 (25.6% of
global total, ranked second). By contrast, the consistent declinein the
total number of stations across most other continents does not bode
well for long-term data availability, pointing to a heightened risk of
future observational scarcity.

Although LR stations make up only amuchsmaller fraction of all sta-
tions, their proportion provides aclearer indicator of current long-term
data availability. Since the 1980s, the number of LR stations has gener-
ally declined, primarily due to limited data sharing®, the dissolution of
the Soviet Union** and the twentieth-century economic conflicts®, all
of whichrestricted data accessibility and usability. By 2022, only 16,491
(13.8%) of 119,731 operating stations were LR stations. Europe had the
largest share (49.8%, 8,205 stations), whereas North America (23.6%,

and SA, South America. ¢, Station density. Bubblesindicate grid-cell gauge
densities, whereas diamonds represent the mean density for each continent
and physiographicregion. Horizontal dashed greenlines represent the
minimum density recommendations of WMO for each physiographicregion.
Gaugedensity isbased onal® x1°grid for the period 1900-2022.

3,892 stations) and Asia (15.9%, 2,623 stations) mainly accounted for
the remaining LR stations (Supplementary Table 2). The global scarcity
of LR stationsthat has developed since the 1980s, and similar trendsin
river gauge availability® limits the effectiveness of long-term climate
change monitoring and should be a serious concern for policymakers
and researchers.

The availability of global precipitation gauges exhibits consid-
erable spatial heterogeneity (Fig. 1b and Supplementary Fig. 2).
Germany and Austria lead the station density and LR station density
ranking for countries with areas exceeding 50,000 km? (Extended
Data Fig.1). European countries have the highest densities of all sta-
tions (2.4 stations per 1,000 km?), followed by North America (1.1 sta-
tions per 1,000 km?). For LR stations, European again has the highest
density (1.3 stations per 1,000 km?), exceeding second-place Oceania
(0.2 stations per 1,000 km?) by nearly an order of magnitude (Sup-
plementary Table 2). This severe shortage of long-term observations
underscores the challenge to the track water cycle and predict future
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weather events more accurately, especially in Africa (where the total
and LR station densities are 0.09 and 0.02 stations per 1,000 km?,
respectively).

Comparison of gauge density with WMO requirements

The surface physical features of Earth strongly influence the spatial vari-
ability of precipitation.In1992, the WMO defined minimum gauge den-
sity requirements for annual precipitation observations for different
physiographic regions*** (Supplementary Table 3 and Supplementary
Fig.3).Our results show that only 13.4% of global land meets the recom-
mended station density between1900 and 2022, dropping tojust1.9%
for LR stations only (Fig.2). Thisindicates current global gauge density
is insufficient for annual and seasonal precipitation monitoring. For
example, Oceania has the highest percentage of land area satisfying the
recommended standards of WMO, although only 26.2% of the territory
reaches the threshold. The situationis more concerning for LR stations
(Fig. 2b), apart from Oceania, where more than 5% of land meets the
density target, therecommended threshold is largely unmet on other
continents. The insufficient of gauge density can be attributed to lim-
ited publicly data accessibility?, high cost of network construction and
maintenance, challenges in ensuring data quality and homogeneity*®,
and lower prioritization in regions perceiving limited climate risks.
Given the essential role of LR stations in monitoring climate-induced
changes in water availability, this scarcity raises serious concerns for
long-term hydrological observation.

The Polar/Arid region stands out asthe sole physiographic category,
in which, across most continents, the mean station density closely
meets WMO standards (0.1 stations per1,000 km?), probably because
of the relatively low spatial variability of precipitation in these areas
(Fig. 2c). Notably, station density is highly uneven across Polar/Arid
regions themselves, a high concentration of gauges in some specific
areas. InPolar/Arid regions of Europe, for instance, the average density
exceeds the WMO requirements (Fig. 2c), and only 24.5% of sub-regions
actually surpasses the recommendation (Fig.2a). Moreover, the physi-
ographic Arctic-polar region is much smaller than the hydrologically
relevant total Pan-Arctic Drainage Basin (PADB) that feeds the freshwa-
ter fromlandinto the Arctic Ocean. The PADB includes many different
physiographic, ecological, climatic and other regional characteristics
withinits total area of approximately 22.4 millionkm? and it has been
shown that the existing hydrological monitoring data are too limited
toberepresentative of the PADB as awhole”.

The Smalllslands (excluding nearby ocean areas) and Urban regions
require particular attention as the only regions with mean station den-
sities consistently below the WMO threshold. However, Small Islands
are susceptible to sea-level rise and coastal extremes, play a key part
in climate mitigation®® and face isolation challenges comparable to
urban sprawls**®°, At the same time, Urban regions, with their dense
populations, impervious surfaces and rapid drainage, need fine-scale
monitoring of extremes such as flash floods, especially under rapid
urbanization®. As aresult, both overall station and LR station densities
are at present insufficient worldwide (Extended Data Fig. 2 and Sup-
plementary Fig.4). This highlights the challenge of obtaining compre-
hensive and representative precipitation information. To address this
issue—especially theimportant question of where additional gauges are
most needed—we explicitly integrated historical precipitation obser-
vations, future precipitation projections and future socioeconomic
factorstoensure that the final priority rankings reflect regional needs,
asshown in Extended Data Fig. 3.

Priority areas under historical period

Assessing current gauge density and precipitation spatial variabil-
ity offers a benchmark for identifying priority areas for siting new
gauges, expressed as PSNG values ranging from 1 (lowest priority) to
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Fig.3|Global priority for siting new gauges (PSNG) under historical period
(1900-2022). a, Theinset pie charts show the relative proportion of each PSNG
level across continents. Thered line on theright represents the mean PSNG

by latitude, with shading for the mean + 1standard deviation. Continental
abbreviations are as follows: AS, Asia; EU, Europe; AF, Africa; OC, Oceania;

NA, North America; and SA, South America. b, Proportion of each country
covered by PSNG levels 7-8. The map image is the intellectual property of
Esriandisused herein underlicense. Copyright © 2026 Esrianditslicensors.
Allrightsreserved.

8 (highest priority) (Methods). High PSNG indicates acombination of
high precipitation spatial variability and low gauge density, implying
insufficient monitoring. Precipitation spatial variability is derived from
daily precipitation records from LR stations using an entropy method
that evaluates the information content of precipitation observations
and its redundancy relative to neighbouring stations. PSNG is deter-
mined from gauge density and spatial variability using two weighting
methods: the entropy weight method (dispersion-based information
content) and principal component analysis (variance-structure consid-
erations). During the historical period, there is good correspondence
between areas withlow PSNG and those that meet WMO observing sta-
tiondensity standards and vice versa (Fig. 3a and Supplementary Fig. 4).

Globally, approximately 25% of land areas are identified as high
priority for siting new gauges (PSNG score of 7-8) based on histori-
cal precipitation information from 1900 to 2022 (Fig. 3a and Supple-
mentary Fig. 5). This includes extensive parts of Africa (38.7% of the
land area of the continent), South America (32.3%) and Europe (33.6%).
High priority arises in these regions because of different reasons.
High priority in low-latitude regions is often due to a combination of
highly variable daily precipitation and low inter-station redundancy.
For example, in Central Africa and northern South America, the key
mechanisms producing high variability are often associated with their
monsoon regimes, including a strong land-ocean thermal contrast®?,
and the annual movement of active convective zones (for example,
the South Atlantic and Intertropical Convergence Zones). Also, vari-
ability in these regions can be further modulated by slow changes in
the Atlantic Meridional Overturning Circulation®*®*, High priority in
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high-latitude regions, including Northern Europe, is driven primar-
ily by Arctic amplification, rapid sea ice retreat, annul snow fraction
changes®*® in warming climate, and compounded in Europe by the
influence of the North Atlantic Oscillation®”. Additional gauges in these
northern areas would enhance the understanding of the global water
cycle, as the sparse network of available stations complicates model
bias evaluation®® and inhibits the ability to understand how warming
and precipitation changes are reshaping the hydrology of many cold
regions®’°. By contrast, Asia (20.7%) exhibits substantial inter-station
redundancy, leading to low priority despite high precipitation vari-
ability associated with the Asian monsoon®.

National-level analysis identifies 106 countries with the most
urgent need for new precipitation gauges (Fig. 3b). Among them,
63 countries are denoted as hotspot countries, in which more than
50% of the territory is high PSNG zones. For example, large coun-
tries (more than 500,000 km?) include the Central African Republic
(population 5.5 million in 2025), Democratic Republic of Congo
(112.8 million), Madagascar (32.7 million), Colombia (53.4 million)
and Indonesia (285.7 million). Note that increasing data accessibility
to provide access to existing gauges may be a very cost-efficient way
of reducing PSNG in some high-priority areas, including the nations of
Europe™ or Asia™.

PSNG also exhibits notable regional variations across physiographic
regions, shaping our understanding of climate change and water stress
in specific regions (Supplementary Fig. 6), such as the Small Islands
in Asia and Europe, and Costal Zones in Europe, Africa and Oceania,
which show more than half of physiographic regions rank as high PSNG,
probably because of enhanced land-ocean temperature contrasts®.
The spatial patternsin PSNG distribution are insensitive to the spatial

0% 2.5%

Continent

5.0% 7.5%

c,Projected changes relative to historical PSNG by physiographic region and
continent, with values above 10% highlighted. Continental abbreviations are as
follows: AS, Asia; EU, Europe; AF, Africa; OC, Oceania; NA, North America; and
SA, South America. The mapimageis theintellectual property of Esriand is
used herein under license. Copyright © 2026 Esriand its licensors. All rights
reserved.

(0.5°,2.5°,5°) and temporal (1990-2022) resolution (Extended Data
Fig.4 and Supplementary Fig. 7). Moreover, random gauge reduction
experiments in North America supporting PSNG utility in guiding the
placement of new stations (Extended Data Fig. 5, Supplementary Text 9
and Supplementary Fig. 8).

Priority areas under future scenarios

Future precipitation projections suggest that PSNG will shift to higher
values as climate warming increases the spatial variability of precipita-
tion”>™ reducing the mutual information shared among existing sta-
tions, achange quantified by analysing the uncertainty in CMIP6-based
precipitation trend projections. Weisolated the impact of precipitation
by evaluating PSNG using future precipitation under low-emission
and high-emission forcing scenarios (Shared Socioeconomic Pathway
SSP1-2.6 and SSP5-8.5; Methods). The result indicates regional devia-
tions with historical distributions (Supplementary Text 10 and Sup-
plementary Figs. 9-14). Beyond precipitation, future socioeconomic
conditions further affect PSNG by altering the relative prosperity of
difference regions, and thus their ability to install and maintain sta-
tions, and by increasing the need for denser gauge networks in highly
populated regions. By simultaneously considering future projections of
both precipitation and socioeconomic conditions (2025-2100) under
SSP1-2.6 and SSP5-8.5, we found that 32.1% of the land area of Earth
fallsinto the high PSNG category under SSP5-8.5, compared with17.7%
under SSP1-2.6 (Fig. 4). The resulting spatial distribution differs from
thatbased only on historical precipitation-related factors (Fig.3), with
additional high-priority areas identified in eastern-southern North
America, western-southern Europe and southern Asia (Fig. 4).
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Under the SSP5-8.5 scenario, precipitation dynamics and socio-
economic pressures converge to elevate the PSNG in both low- and
mid-latitude regions (Extended Data Fig. 6 and Supplementary Fig.15).
Low-latitude areas in Africaand South America exhibit the most exten-
sive coverage of high PSNG land area, with 54.9% and 39.3% of their
respective continental areas classified as high priority, corresponding
toincreases of16.3%and 7.0%, respectively, compared with the histori-
calperiod (Supplementary Fig. 5). These areas are particularly sensitive
to precipitation variability governed by monsoon systems and convec-
tive activity®* ®*. By contrast, across Europe, Asia and North America,
socioeconomic factors dominantly amplify PSNG, with high-priority
area expansions reaching 43.6%, 31.4%, and 14.4%, respectively. This
patternis generally evidentin high-population or high-GDP nations. For
instance, when socioeconomic dimensions are incorporated, France
(population 66.7 million in 2025), Turkey (87.7 million), India (1,463.8
million), Pakistan (255.2 million), Mexico (131.9 million), Iran (92.4
million) and China (1,416.1 million) experience a notable transition
from low categories (PSNG based on precipitationinformation alone;
Fig. 3) to high values under both low- and high-emission scenarios
(Extended Data Fig. 7 and Supplementary Fig. 16). As a result, Urban
region emerges as an additional physiographic region in which more
than half of physiographicregions rank as high PSNG (Supplementary
Fig. 6),underscoringtheir pivotal role in shaping monitoring infrastruc-
ture requirements, especially the high demand for fine-scale water
cycle monitoring in densely populated areas®’.

Atthe countrylevel, 171 countries are identified as urgently needing
new precipitation gauges under SSP5-8.5 (n =156 for SSP1-2.6; Sup-
plementary Fig. 17). Furthermore, wealthier countries in Asia show
strong correlations between GDP and PSNG under SSP5-8.5 (correlation
coefficient >0.8; Supplementary Fig. 18), indicating Earth observa-
tioninfrastructure investment could also be maximized in developed
countries as alow-risk, high-reward international opportunity. Using
the entropy method calculated from different time resolution (either
1900-2022 0r 1990-2022) and spatial resolution (0.5°,2.5°, 5°) yields
consistent PSNG results for both SSP1-2.6 and SSP5-8.5 (Extended Data
Fig. 7 and Supplementary Figs. 16,18,19).

Summary and future work

Our findings highlight important gaps in the global precipitation
observation network, including gaps in monsoon affected regions,
and low- and mid-latitude areas due to precipitation variability and
socioeconomic vulnerabilities, and that reflect regional disparities
that undermine climate resilience monitoring. For instance, across
tropical Africa, the sparse distribution of stations limits the accuracy
of drought and food security early warning systems, especially for
severe drought conditions” and limits the ability to provide compre-
hensive drought assessments”, which could be mitigated with new
gauges and enhanced datasharing. Alternatively, at the physiographi-
cal scale, gauge density in urban regions falls below WMO standards,
whichlimits the reliability of urban water security and agricultural early
warning systems because available gauges are insufficient to capture
fine-scale extreme precipitation events amid rapid urbanization and
increased flooding”. Increasing evidence of a pronounced urban-rural
disparity in extreme precipitation’®” further elevates societal risk, col-
lectively heightening vulnerability, resulting in high-priority areas in
urbanregions. Therefore, targeted investmentin station deployment
is not only a scientific priority but also an urgent social imperative.
This study provides insight into where those investments are most
urgently needed.

Although this study provides valuable insights, some challenges
remain unexplored. First, tailored strategies are essential for regions
with poor data sharing or sparse stations. For instance, developed
countries with existing infrastructure could establish collaborative
data-sharing platformsthat are led by national governments, supported
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by provincial agencies and facilitated by international organizations
to integrate diverse datasets into public databases with appropriate
licenses, as demonstrated by the DataMart service of Canada and the
provincial Pacific Climate Data Set, which archives and disseminates
data from a broad range of observing networks in British Columbia.
Funding and training in deploying, managing and curating data from
low-cost sensor networks provided by international organizations
could help developing nations to improve their monitoring and
data-sharing abilities. Second, the global station distribution is geo-
graphically biased towards lower elevations, with high-altitude regions
suchasthe Qinghai-Tibet Plateau, where orographic effects are critical
and very heavily under-represented (representative errors in eleva-
tion estimation at the grid level are shown in Supplementary Fig. 20).
Addressing this bias would improve hydrometeorological in headwa-
ter regions for rivers that provide much of the surface freshwater of
the world and would enhance understanding of pivotal systems such
as the Asian water tower®®, Finally, although satellite and reanalysis
data provide valuable coverage in data-sparse regions, they cannot
substitute for ground-based rain gauges, which are essential for vali-
dation. This is exemplified in Africa, where the scarcity of rain gauge
data makes it impossible to evaluate the accuracy of satellite-based
precipitation products.

Our study also underscores that gaps in the in situ monitoring net-
work fundamentally hinder water cycle and climate change assessment.
Therefore, fostering global cooperation to enhance data sharing and
establish new stationsin the priority regions identified hereis impera-
tive to addressing this challenge.
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Methods

This study integrates daily gauge observations, CMIP6 model outputs
and socioeconomic data to evaluate global precipitation monitoring
gaps and identify global priority regions for new gauge deployment.
The methodology consists of four main components: (1) compiling and
harmonizing a multi-source precipitation gauge dataset to map current
global observational coverage; (2) constructing a physiography-based
reference map and quantifying network deficiencies; (3) linking histori-
cal gauge placement priorities to existing gauge density and precipita-
tion spatial variability; and (4) projecting future priority areas under
various climate and socioeconomic scenarios using a target-based
simulation framework. To ensure the robustness of model outputs and
main conclusions, we evaluate the results through sensitivity analysis
using multiple spatial windows and validate the priority sites for new
gauges.

Inputdata

Precipitation gauge network. We compiled a global precipitation
gauge network comprising 245,368 stations from15 daily gauge-based
precipitation datasets (Supplementary Table 1; for details, see Sup-
plementary Text1). Among these, 14,505 gauges were relocated several
times. To ensure dataaccuracy and eliminate duplication, we consoli-
dated and deduplicated stations based onlocation (0.001°), resulting
inafinal dataset of 221,483 unique stations. A subset 0of 38,203 LR sta-
tions was identified for aduration exceeding 30 years and having less
than10% missing data over the entire observed record'. Although pre-
cipitation datawere collected from 1850 onwards, our analysis mainly
focused onthespatial and temporal distributions of all stations and LR
stations during the period 19900-2022 because of high datagapsin the
nineteenth century. Station densities were calculated on a1° x 1° grid
following the WMO standards (Supplementary Table 3).

CMIP6 model data. We obtained monthly climate variables from 13
Coupled Model Intercomparison Project Phase 6 (CMIP6) models (Sup-
plementary Table 4) because they provided output with the necessary
variables for the historical period (1850-2014) and future projections
(2015-2100) under various scenarios. Five key variables include: pre-
cipitation flux (pr), near-surface (2 m) air temperature (tas), water
evapotranspiration flux (evspsbl), relative humidity (hur) and total
emission rate of black carbon aerosol mass (emibc). We used histori-
cal simulations for the period 1970-1999 and future projections for
2025-2100 under two scenarios: a low-emission pathway (SSP1-2.6)
and a high-emission (SSP5-8.5) pathway. All variables were uniformly
reprocessed to astandardized 1° x 1° grid using bilinear interpolation.

Future economic and population data. We used global gridded popu-
lation data (person per km?) with a 30-arc-second resolution from
ref. 81, covering 2025-2100 under the Sustainability pathway (SSP1)
and Fossil fuelled development (SSP5) scenarios. Global GDP data (in
2005 US dollars, purchasing power parity) from ref. 82 were similarly
gridded and time-matched. Both datasets were aggregatedintoal® x 1°
grid by average.

Mapping physiographical regions

The global physiographic map (Supplementary Fig. 3) includes seven
regions: Interior Plains (labelled as Plains in figures), Hilly/Undulating,
Mountains, Coastal Zones (Coastal), Small Islands (Islands), Urban
Areas (Urban) and Polar/Arid regions. We used the 2015 Global Eco-
logical Land Units database® (GELU) with a250-m resolution for most
regions, supplemented by the Global, Self-consistent, Hierarchical,
High-resolution Shoreline database® (GSHHS) and the Global Islands
Database® (GID). We then aggregated the original resolution of the
physiographic map to 1° x 1° by maintaining the dominant class within
each grid cell. With special consideration given to the Urban region,

where the grids containing more than 2.5% urban region were classified
asbelonging to the Urbanregion (details in Supplementary Text 2 and
Supplementary Fig. 21). This resulted in 15,390 grid cells, excluding
Antarctica, which formed the basis for our analyses.

Information for prioritizing new gauge siting

We identified priority areas for siting new precipitation gauges based
onthreesets ofinformation: (1) historical precipitation characteristics;
(2) projected future precipitation trends; and (3) anticipated socioeco-
nomic development. A detailed conceptual framework s presentedin
Extended Data Fig. 3.

Historical precipitation characteristics. The historical precipitation
characteristic was implemented by introducing two factors: gauge
density (GD) and precipitation spatial variability. GD was calculated
usingallavailable stations (n = 221,483) from 1900 to 2022. It represents
alocal deficiency of gauge, regions with already high GD require fewer
additional gauges. Precipitation spatial variability was evaluated using
daily data from LR stations (n =38,203) over the same period, high
spatial variability in precipitation calls for denser gauge coverage,
such as in monsoon regions, which experienced high precipitation
variations. Daily records from non-LR stations were excluded due to
substantial gaps.

To quantify the spatial variability, we introduced the maximum
information minimum redundancy (MIMR) criterion, which quanti-
fies the need for new gauges by favouring stations that provide high
information and low redundancy relative to their neighbours®¢-%,
The MIMR decomposes into two components: marginal entropy (H;
Supplementary Text 3, Eq. (2)), which measures the information from
eachgauge, and mutualinformation (7; Supplementary Text 3, Eq. (3)),
which quantifies redundancy from nearby stations® (see Venn diagrams
inSupplementary Fig.22 and detailsin Supplementary Text 3). Mutual
information were calculated using dynamic windows of various sizes
0f0.5°,1°,2.5°and 5°. We then calculated the MIMR using the formula:

MIMR =norm(H) + (—norm(7)) 1

where norm denotes the min-max normalization process, which
standardizes H and T to eliminate differences in entropy arising from
varying discretization or resolution®. MIMR takes values in the range
of -1to 1, with a higher value indicating greater informational value
with lower redundancy.

Projected future precipitation trends. To extend precipitation
variability into a future context, we incorporated uncertainties in
CMIP6-based precipitation trend projections under SSP1-2.6 and
SSP5-8.5. The goal was to identify areas in which climate space is most
under-represented (areas characterized by precipitation projections
arebothimportantand highly uncertain), thereby warranting enhanced
ground-based monitoring. Future precipitation under-representation
builds onthe established link between missing observations and uncer-
tain future trends: incomplete local precipitation observations lead
to incomplete climate model representation, high inter-model vari-
ability and persistent projection uncertainty®®. This uncertainty can
bereduced by closing observational gaps in measurement networks.

To quantify the future precipitation trends, we adjusted the absolute
error (AE)°° metric, which quantify the trend disagreement between
CMIP6-projected precipitation and machine-learning predictions.
Specifically, we treated the CMIP6-projected precipitation during
2025-2100 (under a given SSP) as a pseudo-observation. We then
trained a Random Forest (RF) model®, using the same set of CMIP6
predictors, to independently estimate precipitation in each grid cell
(detailed below). The AE was calculated as the absolute difference
between the RF-predicted and CMIP6 trends. Higher AE values reflect
greater model-predictor mismatch and therefore lead to poorly con-
strained or validated model projections of models, signal a higher



priority for improved observational support. This metric transform
projection uncertainty into spatial guidance of gauges, addressing a
limitation of conventional CMIP6 inter-comparisons that show para-
metric differences (for example, standard deviation) but fail to diag-
nose climatically underrepresented zones.

Central to this approach is training the RF model only in grid cells
withexistingin situ gauges, ensuring that the machine-learning model
learns relationships between climate predictors and precipitation
in regions in which historical gauge-based observations exist. This
design enables reliable climate-space extrapolation while highlight-
ingregions in which climate features (for example, precipitation vari-
ability) are inadequately sampled. Once trained, the RF model was
applied globally to estimate future precipitation trendsin all grid cells.
These model-free estimates were then compared against the CMIP6
model projections, yield multi-model median AE from 13 CMIP6 models
under both SSP1-2.6 and SSP5-8.5 (detailed in Supplementary Text 4,
see simplified diagrams in Supplementary Fig. 23). To construct the
RF model, we began by selecting four key predictors based on existing
literature® *7: near-surface air temperature (tas), evapotranspiration
(evspsbl), relative humidity (hur), and the total emission rate of black
carbon aerosol mass (emibc). These variables are widely recognized
asimportantdrivers of long-term changes in precipitation. Toreduce
multicollinearity and improve modelinterpretability, we conducted a
predictor screening step. Among the four variables, air temperature
and evapotranspiration emerged as the most informative. These two
predictors alone explained more than 80% of the spatial variation in
CMIP6 precipitation across the globe (Supplementary Text 5 and Sup-
plementary Figs. 24-26).

Socioeconomic development. We estimated future socioeconomic
conditions by including projected population density and GDP from
2025t02100 under SSP1 (for SSP1-2.6) and SSP5 (for SSP5-8.5). Socio-
economic development represents the areas where citizens have high
need and where countries can support the constructing new stations
or maintaining existing equipment.

Multicriteriaincorporation algorithm

Toidentify the priority areas for siting new gauges (denoted as PSNG)
score, we applied two objective weighting methods: principal com-
ponent analysis (PCA)®, which assigns weights based on the variance
explained by each principal component, and the entropy weight method
(EWM)®°, which evaluates how controlling factors affect the resultand
measures the uncertainty of variables (Supplementary Texts 6-7).
Both methods determine weights from the data structure without
relying on subjective assumptions that can be solved over a range of
relative weights to understand how these components trade-off. We
used averaged weights driven by PCA and EWM methods as the robust
final weight of factors (GD and MIMR, AE, population density and GDP)
due to this synthesis, dispersion-based information content (from
EWM) with variance-structure considerations (from PCA), and the
weights obtained from PCA and EWM were similar (see Supplementary
Fig.27, further details of PSNG and weights comparisons are provided
inthe Supplementary Text 8). The function is

J
Priority,= ) W;x Var;, 2
1

where Priority;is the PSNG score for grid cell i, and W;is the weight of
factorsj(Var).

For historical PSNG, weincorporated GD and MIMR (Priorityy; , Sup-
plementary Text 8, Eq. (20)), we also recalculated the PSNG using data
from 1990 to 2022 to assess the sensitivity of the results to recent cli-
mate trends. For future PSNG when consider precipitation projections
and socioeconomic development under future scenarios, we incor-
porated GD and MIMR, AE, population density and GDP into the final

future prioritization framework (Priorityy, ;, Supplementary Text 8,
Eq.(21)). Toisolate the effects from precipitation on PSNG, we addition-
ally evaluated the combined influence of historical and future precipita-
tion variability by integrating the GD, MIMR and AE metrics (Priority,,, ;,
Supplementary Text 8, Eq. (22)). All five components were normalized
by their maximum values before aggregation and weighted using a
combined PCA and EWM approach. To better understanding factors
leading to high PSNG, we decompose the PSNG into the contributions
fromits factorsin each country (Supplementary Text 8, Eq. (23)).

Visualizing priority ranking

To visualize global PSNG considering different conditions, we used a
percentile ranking method to establish an eight-level scale. The percen-
tile thresholds used for assigning ranks were 1%,15%, 30%, 45%, 60%, 75%
and 90% of the original values. The priority levels for siting new gauges
inthe future precipitationand socioeconomic changes under SSP1-2.6
and SSP5-8.5 scenario (Priorityy,;, Priority,, ;) were determined based
onthe same percentile thresholds as those derived from the historical
precipitation condition (Priorityy; ;). This allows adirect comparison of
priority rankings across different scenarios and helpsidentify areas with
changing needs for precipitation gauge infrastructure in response to
various precipitation and socioeconomic changes. Our primary analy-
seswere conducted atal® x 1°spatial resolution, with additional tests
performedat 0.5°,2.5°and 5° resolutions. These results, shownin the
Supplementary Information, provide robust validation of our findings.

Validation of priority sites for new gauges

To validate the PSNG using historical precipitation data—given the
absence of independent future gauge observations—we propose that
reducing the number of gauges decreases the mutual information
shared among stations, thereby increasing the PSNG values. We tested
this assumption in North America, which offers a high density of LR
stations suitable for systematic resampling. We evaluated the stability
and robustness of PSNG by progressively subsampling the network,
retaining 80%, 60%,40%,20%,10%, 5% and 1% of the original LR stations.
For eachsubsampled network, we recalculated PSNG and assessed its
spatial consistency (Extended Data Fig. 5, Supplementary Text 9 and
Supplementary Fig. 8).

Reporting summary
Furtherinformation onresearch designisavailablein the Nature Port-
folio Reporting Summary linked to this article.

Data availability

The precipitation gauge data sources are summarized in Supplemen-
tary Table 1. The CMIP6 data are available at https://www.wcrp-climate.
org/wgcm-cmip/wgememipé6. The GELU data are available at https://
rmgsc.cr.usgs.gov/outgoing/ecosystems/global/. The GSHHS data
can be found at https://www.ngdc.noaa.gov/mgg/shorelines/data/
gshhg/latest/. The GID data can be found at https://rmgsc.cr.usgs.gov/
outgoing/ecosystems/global/. The source dataare available at Zenodo
(https://doi.org/10.5281/zenodo.18364510) (ref. 100). Source data are
provided with this paper.

Code availability

Thecodestoreproduce thestudy are available at Zenodo (https://doi.
org/10.5281/zen0do.18364510) (ref. 100).
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Extended DataFig.1|Collected daily precipitation gauge density from
1900 t02022. (a) Station density (total N = 221,483 gauges, see Methods).

(b) Long-term Record station density (N = 38,203 gauges). The unitis station
numbers per area (stations per km?). Theinset plots show the top 10 countries
by station density, with areas larger than 50,000 km?. Gauge density is based
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Extended DataFig.2|Global Long-term Record precipitation gauge density
during1900-2022 compared with WMO standards. Bubbles indicate the
grid-cell gauge densities, while diamonds represent the mean density for each
continentand physiographicregion. Horizontal dashed greenlines represent

WMO’s minimum density recommendations for each physiographic region.
Continental abbreviations are follows: AS = Asia, EU = Europe, AF = Africa,
OC=0ceania, NA=North America, SA=South America. Gauges density is
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