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The Climate Hazards Center Infrared Precipitation with Stations (CHIRPS) data stream combines: (1) 
a high-resolution climatology, (2) thermal infrared (TIR) geostationary satellite observations, and (3) 
station observations. In the past, CHIRPS version 2 (CHIRPS2) has proven to be valuable for drought 
monitoring, hydrologic modeling, scientific studies and agricultural decision making. Version 3 
(CHIRPS3) improves each of these components. The new version, CHIRPS3 extends to 60°S/N, adopts 
an improved variance-preserving TIR-to-precipitation estimation method, uses many more stations 
and station sources than the original CHIRPS2 product, and implements gauge-undercatch correction. 
In this paper, we evaluate the performance of satellite-only CHIRP3, CHIRP2, IMERG, PERSIANN- CCS, 
and GPI using high quality interpolated data in twelve regions with dense station coverage. CHIRP3 
represents both the observed mean and variance more accurately than CHIRP2. A usage section in 
Morocco shows that CHIRPS3 better captures the observed rainfall variability when compared to 
CHIRPS2. This section also demonstrates how station data should be gauge-undercatch-corrected when 
validating CHIRPS3.

Introduction
High resolution, accurate, and routinely updated gridded precipitation data are essential for famine early 
warning1. Long records are especially important for evaluating the historical extremity of individual events, 
rainfall trends, and linkages with climate drivers. These datasets have helped humanitarian agencies and their 
scientific support teams identify areas with extreme rainfall or developing droughts, and drive crop and hydro-
logical models for estimating impacts2. To support these types of applications, the University of California, 
Santa Barbara (UCSB) Climate Hazards Center (CHC), in collaboration with the U.S. Geological Survey and 
NASA SERVIR, developed version 1 of the Climate Hazards Center Precipitation Climatology (CHPclim v1)3, 
the satellite-only CHIRP2 dataset, and the satellite and station-blended CHIRPS2 dataset4,5. The CHIRPS2 and 
CHIRPS3 products take advantage of many sources of information (Fig. 1a): a satellite-enhanced climatology 
(CHPclim), Thermal InfraRed (TIR) Cold Cloud Duration (CCD) precipitation estimates (CHIRP), and rain 
gauge observations (station data). The climatology benefits from the large number of long-term climate normals 
and the ability of mean satellite precipitation fields to represent gradients well in most poorly instrumented 
areas3. The fidelity of these mean fields helps the time-varying CHIRP resolve local terrain influences, and these 
fields are further enhanced with station data, leading to CHIRPS. As described in this Data Descriptor, each 
of these components have been improved in version 3 (CHIRPS3). The climatology is enhanced with more 
stations, and converted to gauge-undercatch corrected values. The satellite estimation algorithm is improved 
to better represent the variance of precipitation, and many more station sources and observations are added.
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Background – The CHIRPS Product and CHIRPS Community
CHIRPS3 was designed to retain the key characteristics of the CHIRPS2 products that drive its performance—a 
sophisticated climatology, satellite TIR, and station data blending procedure—while also enhancing several fac-
ets that may allow CHIRPS3 to better represent the severity of both droughts and pluvials (Fig. 1a). CHIRPS3 
incorporates an improved climatology, satellite-only variance-preserving CHIRP3 estimates that cover an 
expanded geographic range (60°S–60°N), and the inclusion of many more stations and station observations. 
Please note that throughout this descriptor, CHIRP will refer to the satellite-based estimate, while CHIRPS refers 
to these fields blended with gauge observations.

The CHIRPS data products are designed to occupy a special temporal niche between two common 
groups of precipitation datasets. On one end are rapidly updated monitoring products, such as the Integrated 
Multi-satellitE Retrievals for GPM (IMERG)6, the Precipitation Estimates from Remotely Sensed Information 
using Artificial Neural Networks Cloud Classification System—PERSIANN-CCS7 (Hong et al. 2004), the 
Multi-Source Weighted-Ensemble Precipitation, version 2 (MSWEP V2)8. On the other end are climatolog-
ical data records such as the station-only Global Precipitation Climate Center (GPCC) Full datasets9, or the 
satellite-gauge IMERG Final6, and Global Precipitation Climatology Project Version 3.210. While the former pri-
oritizes speed-of-access (reduced latency) at the potential expense of accuracy, the latter prioritizes the highest 
quality inputs available at a reduced frequency (increased latency). To provide both timeliness and high quality, 
the CHIRPS suite uses a two-stage set of products featuring a lower-latency preliminary product (CHIRPS 
Prelim) for operational monitoring, and a final, more intensely quality-controlled version for historical analyses 
(CHIRPS Final).

The preliminary CHIRPS product (CHIRPS Prelim) is created every pentad with a 2-day lag. Pentads break 
a month into five five-day accumulation periods, and a sixth pentad contains the last 3 to 6 days of the month. 
These pentads serve as the foundational time step of the CHIRPS products. These estimates have the same 
CHIRP inputs as for the final CHIRPS product, but have fewer station observations available for the blending 

Fig. 1  (a) A schema describing the three main components of CHIRPS2 and CHIRPS3 (satellite-enhanced 
climatology, TIR CCD precipitation estimates, and rain gauge observations), as well as the key improvements 
in CHIRPS3: an improved climatology, a variance-preserving CCD estimation procedure, many more stations 
and station observations, and a transition to gauge-undercatch correction. (b) Peak rainfall seasons used in 
the validation process. (c) REGEN validation locations and regions. Note that when calculating error statistics, 
only the well-instrumented sites—shown with blue dots—were used. Satellite-only precipitation estimates were 
validated with REGEN, hence there is no overlap with the REGEN station information.
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process, and are quality controlled using only automated processes. This automation and use of best-available 
station data ensure the CHIRPS Prelim product is produced with relatively low latency, and at consistent inter-
vals as required for operational agroclimatic monitoring and early warning systems.

During the third week of the month, CHIRPS Final for the previous month is produced using an enriched 
selection of station data, and more careful screening using automated steps, diagnostics, and visual inspections 
by the Climate Hazards Center (CHC) ‘Reality Checks’ team. The remaining quality-controlled station values are 
blended with the satellite-only CHIRP data to produce CHIRPS fields. These fields, accompanied by diagnostic 
information, are provided as daily, pentadal, dekadal, monthly, and multi-month precipitation totals. CHIRPS 
Final is similar in quality to the GPCC, IMERG Final, and GPCPv3.2, but at a shorter latency, and in some 
regions, especially in recent years, CHIRPS contains more station observations than all of these.

In addition to standard sources of global station data used in the aforementioned products, the CHC station 
archive is enriched by contributions from numerous partner agencies. This significantly enhances the available 
information—particularly in the Americas and Africa—where many countries have been underrepresented in 
other global datasets. Many partners contribute data to CHIRPS, and the resulting CHIRPS products can be 
regarded as a collaborative co-produced dataset, freely provided to support science, commerce and risk man-
agement. This co-creation involves the CHC team (https://chc.ucsb.edu/people), but also the many institutions 
that share the station data that enhances the CHIRPS products (Table 1).

To support agroclimatic monitoring and hazards outlooks, the CHC also produces a daily-updated 5, 10 
and 15-day precipitation forecast dataset that is compatible with CHIRPS, using downscaled and bias-adjusted 
(quantile matched) NCEP Global Ensemble Forecast System (GEFS) precipitation products, as described in a 
Scientific Data paper11. The resulting stream of interoperable products (CHIRPS Final, CHIRPS Prelim, and 
CHIRPS-GEFS) provides a seamless information suite that extends from 1981 into the near-future. The CHC 
Early Estimates portal (https://chc.ucsb.edu/monitoring/early-estimates/info) provides access to these inte-
grated products, as do several instances of the Early Warning Explorer12.

Numerous validation studies have found that the long period of record, low latency, low bias, and good per-
formance of CHIRPS2 and CHIRP2 make the data well-suited for many early warning, crop monitoring, hydro-
logic modelling and science applications13–26. In an age of limited resources, these products can help efficiently 
allocate assets—such as water, fertilizer and food aid—to the fields and people who need it the most. These 
allocations can help maximize agricultural production and minimize human suffering and societal disruption. 
Despite its merits, some studies identify notable deficiencies in CHIRPS2. The first major issue is that CHIRPS2 
tends to underestimate precipitation extremes, particularly during high-intensity events27. Another issue that 
has been identified is that in regions with complex terrain and high winds, CHIRPS2 underestimates precip-
itation due to gauge-undercatch—systematic errors in wind-affected rain gauges15. A third deficiency is that 
CHIRPS2 tends to produce spurious precipitation (i.e. drizzle—small, non-zero values that can inflate totals and 

Source Region

Meteorological Service of Canada Canada

CEMADEN - Centro Nacional de Monitoramento e Alertas de Desastres Naturais Brazil

Chile Met - Dirección Meteorológica de Chile (DMC) Chile

Conagua - Comisión Nacional del Agua Mexico

COPECO - Comité Permanente de Contigencias Honduras

Deutscher Wetterdienst (DWD) - Germany National Meteorological Service Germany

EMI -Ethiopian Meteorological Institute Ethiopia

FSU - Florida State University Africa

IDEAM - Instituto de Hidrología, Meteorología y Estudios Ambientales Colombia

IMHPA - Instituto de Meteorología e Hidrología de Panamá Panama

IMN - Instituto Meteorológico Nacional de Costa Rica Costa Rica

INAM - Instituto Nacional de Meteorologia Mozambique

INSIVUMEH - Instituto Nacional de Sismología, Vulcanologia, Meteorologia e Hidrología Guatemala

INMET - Instituto Nacional de Meteorologia Brazil

KIT - Karlsruhe Institute of Technology Africa

KMA - Korea Meteorological Administration South Korea

KMD - Kenya Meteorological Department Kenya

MSD – Meteorological Services Department of Zimbabwe Zimbabwe

NOAA Climate Prediction Center Global

NOAA National Center of Environmental Information Global

SASSCAL - Southern African Science Service Centre for Climate Change and Adaptive Land Management Southern Africa

SEPA - Scottish Environment Protection Agency Scotland

SISSA - System for southern South America Southern S. America

SMN - National Meteorological Service Belize

SNMA - Somalia National Meteorological Agency Somalia

Table 1.  Agencies and institutions contributing data to support CHIRPS. Arranged alphabetically.
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wet-day counts). Collectively, these shortcomings can compromise the accurate representation of hydroclimatic 
extremes and variability. As described in Fig. 1a, and in the methods below, our ultimate development goal has 
been to create a new product that is similar to the widely-used CHIRPS2, but with an improved climatology, an 
enhanced variance-preserving CCD estimation algorithm, and the inclusion of many more stations.

Methods
CHIRPS Inputs.  Climatology.  CHIRPS3 uses gauge-undercatch corrected station data, and a new 
gauge-undercatchundercatch-corrected climatology which was produced using IMERG v6 Final, elevation data, 
and approximately 84,000 long-term average monthly gauge-undercatch corrected climate normals28. The devel-
opment of this new climatology—the Climate Hazards Precipitation Climatology version 2 (CHPclim v2)—is 
described in Funk et al.27. This paper describes the Climate Hazards IMErg with Stations (CHIMES) dataset. For 
more information, we refer readers interested in the new climatology to that article.

The CHIRPS modeling approach leverages the advatages of accurate, high resolution long-term mean fields 
to address the limitations caused by station data inconsistencies. In areas with sparse station data, there are often 
many more in situ observations from the past than from the present. Furthermore, the number of available 
station observations is typically declining over time due to a lack of maintenance, financial constraints, and 
poor reporting infrastructure. For example, in a large country like Tanzania, we might only have five or ten 
stations from last month, but have in hand hundreds of long-term average values from the 1990s or 1980s. The 
hundreds of long-term values can be used to produce a high-quality long-term mean field, which can then be 
used to enhance performance of real-time precipitation estimates, essentially by ‘borrowing’ spatial-temporal 
information from the past to help resolve environmental gradients between stations. Additionally, topography, 
seasonally-varying dominant wind directions, and other geographic features provide some aspect of ‘predictable’ 
typical spatial patterns that a good monthly rainfall climatology can resolve. This has advantages. For example, 
in mountainous or hilly areas in many tropical regions, orographic effects often result in more rainfall at higher 
elevations, especially when the atmosphere contains substantial amounts of water vapor.

The low bias provided by accurate mean fields reduces the disruptive impacts of changes in station data 
networks. When stations appear and disappear from observation networks, large differences from the clima-
tological means can translate into large spurious non-random systematic shifts in precipitation. For example, 
large systematic differences between station observations and satellite-based estimates in Africa, combined with 
large decreases in the density of station observations, have been shown to produce spurious trends in blended 
satellite-station precipitation estimates29.

The 1991–2020 CHPclim v2 monthly mean fields are produced using a combination of moving window regres-
sion and spatial interpolation to describe local gradient behavior27 (Fig. 1a). Monthly fields are disaggregated to 
smoothly-varying pentadal mean fields. CHPclim v2 inputs include more than 84,000 gauge-undercatch-corrected 
climate normals from GPCC and CHC stations, elevation, mean monthly IMERG v6 Final data, and the CHPclim 
v13. The spatial component of the CHIRP—the satellite-only component of CHIRPS—is based on pentadal 0.05° 
CHPclim long-term mean fields.

Time-varying geostationary satellite thermal infrared (TIR) observations.  To derive the time-varying component 
of CHIRP3, the CHC team adopted a local TIR Cold Cloud Duration (CCD) calibration approach, such as those 
used in the Tropical Applications of Meteorology using SATellite and ground-based observations TAMSAT30 
product and CHIRP2. Like CHIRP2, CHIRP3 relies heavily on two valuable archives of global inter-calibrated 
geostationary TIR imagery—the 1981–present GridSat B1 archive31 and the 2000–present Climate Prediction 
Center (CPC) archive32. CCD fields are combined with the CHPclim v1 and v2 climatologies to produce the 
satellite-only CHIRP2 and CHIRP3 products. Next, station-enhanced monthly and pentadal CHIRPS products 
are then produced by blending in stations with CHIRP using a modified inverse distance weighting proce-
dure5, which uses the local spatial correlation of the CHIRP data (refer to Section 2.2). Because the satellite-only 
CHIRP3 and CHIRP2 have low bias, in comparison to station data, variations in the stations reporting from 
month-to-month have relatively limited negative impacts on performance. Thus, information from long-term 
means, satellite CCD observations, and in situ measurements are combined in a transparent and consistent 
manner. Daily station blending is not performed because a) the spatial coherence of daily precipitation limits the 
spatial influence of the daily observations, b) the distribution of daily precipitation is extremely skewed, and c) 
the definition of a ‘day’ varies substantially based on the source dataset and country.

To calculate CCD, CHIRP3 uses TIR data to estimate the number of hours at each pixel, for every pentad, 
where the observed TIR was less than 235 kelvin (K). The CHIRP3 algorithm (Fig. 1a) uses a different cal-
culation than the CHIRP2 algorithm to translate CCD to mm of rainfall. This change was adopted to reduce 
systematic errors that came from the intercept term in the CHIRP2 regression equation that translated pentadal 
CCD to rainfall in mm. These intercepts led to a tendency for CHIRP2 to underestimate precipitation variance, 
while also producing a high amount of small but non-zero pentadal estimates. In CHIRP2, these regressions 
were derived using global estimates from the NASA TRMM Multi-satellite Precipitation Analysis (TMPA)33. In 
CHIRP3, this translation from CCD to rainfall is derived more directly from the relationship between historical 
TIR observations and the CHPclim v2. The algorithm is described in Section 2.2.

The CHC station archive.  The CHIRPS products build on station observations from multiple sources (Table 1). 
In addition to global sources such as monthly Global Historical Climate Network version 434, the daily Global 
Historical Climate Network35, the Global Telecommunication System archive, and the Global Summary of 
the Day dataset, CHIRPS benefits from the critical contributions provided by CHC field scientists stationed 
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in Africa and Central America. The efforts from these scientists, along with the efforts of CHC personnel and 
collaborators in the United States, Africa, Central America, South America and Europe, has provided access to 
thousands of new stations in the developing world. In Africa, CHC archives have been augmented by contribu-
tions provided by the Karlsruhe Institute of Technology and Florida State University. The new Global Historical 
Climate Network version 434,36 (GHCNv4) also provides an important new resource. The GHCNv4 contains 
many more station observations the previous GHCN version 3. A large (~72,000) set of gauge-undercatch cor-
rected climate normals was provided by the Global Precipitation Climatology Centre (GPCC). National mete-
orological agencies in Mexico (Conagua), Ethiopia (EMI), Guatemala (INSIVUMEH), Panama (ETESA), Belize 
(NMS), Costa Rica (IMN), Honduras (CENAOS-COPECO) and the Comite Regional de Recursos Hidraulicos 
have shared station observations. Along with these countries and in Somalia, Angola, Botswana, Namibia, South 
Africa, Zambia, Brazil, Colombia, and Panama, the CHC has acquired or is working towards the timely acqui-
sition of station data for the purposes of enhancing gridded precipitation data that can support agricultural 
monitoring applications.

Between 2019 and 2024, the number of sources and number of routinely-updated stations assimi-
lated by the CHC has increased dramatically for both monthly and sub-monthly time steps. Table 2 shows 
the routinely-updated station data used in the CHIRPS2 products. As of 2019, 12 sources regularly provided 
approximately 11,500 unique monthly stations that were incorporated into CHIRPS2 ‘Final’ data. Seven of these 
sources (9,500 stations) provided daily data that could be used to generate pentadal station values. Of these, 
approximately 7,000 stations were available at a (<2-day) latency sufficient for use in the CHIRPS Prelim pentad 
data.

Table 3 provides a similar summary for of stations for CHIRPS3 in late 2024. CHIRPS3 Final data is sup-
ported by 29 sources, which provide approximately 21,500 unique station observations. Twenty-two of these 
sources provide daily station observations, resulting in 18,000 unique pentadal station observations. Of these, 
12,000 unique observations are available for use in CHIRPS3 Prelim pentad data. In both the Final and Prelim; 
the number of stations is e almost twice as many in 2024 as in 2019. A list of stations used in the monthly 
CHIRPS and the station observations are available at https://data.chc.ucsb.edu/products/CHIRPS/v3.0/.

Figure 2a and Table 4 describe the temporal evolution of the CHC precipitation archives, in comparison with 
the stations included in the Global Precipitation Climatology Center (GPCC) Full 2022 product37. Over time, 
all archives tend to exhibit a concerning decline in the number of available station observations. CHIRPS2 has 
fewer stations than the GPCC Full product. The GPCC Full product, however, exhibits a large decrease in the 
number of stations in 2011 and 2017, such that the number of stations in 2020 (~12,000) is only one-third of 
the number available in 2008, and not much more than the number available in the GPCC monitoring product 
(~10,000). From 2012 on, the CHIRPS3 archive has substantially more station observations, with about 30,000 
stations in 2020 compared to 12,000 in the GPCC Full product.

Figure 2b,c summarize the average number of unique stations in the CHC and GPCC archives, in 0.25° 
grid cells, over the 2017–2019 time period. In each map, grid cells with one observation on average are shown 
with cyan triangles. Those with two 3 are identified with green-blue diamonds. Blue and dark blue squares and 
stars denote areas with, on average, thee or four observations. Finally, orange circles denote grid cells with five 
or more observations, on average. The GPCC has relatively more stations in Europe, parts of Asia and parts of 
Africa, the CHIRPS3 tends to have more stations in the United States, Latin and South America and Australia.

Gauge-undercatch correction.  Gauges in windy areas with complex terrain are known to under-observe ‘true’ 
precipitation. In complex terrain, winds give hydro-meteors horizontal velocity, which can lead precipitation 
observations to systematically underrepresent precipitation totals. This, in turn, can lead to underestimates in 
runoff and streamflow15,38. To address this concern, and to align with similar products being produced by the 

Source and Citation Region Number Daily? Used in Preliminary CHIRPS2?

GHCNv255 Global 1200

GSOD56 Global 5,400 yes

GHCN Daily57 Global 6,600 yes

GTS58 Global 6,400 yes yes

FAO Swalim59 Somalia 80

Conagua60 Mexico 800 yes yes

Ethiopian Meteorological Institute61 Ethiopia 110

Dirección Meteorológica de Chile62 Chile 20 yes

IMHPA63 Panama

INSIVUMEH64 Guatemala 80 yes

SASSCAL64 Southern Africa 35

IDEAM65 Colombia 600 yes

Unique Stations in 2019
Monthly Final Pentad Preliminary Pentad

11,483 9,527 6,970

Table 2.  CHIRPS2 baseline precipitation stations by source. These stations are representative of the routinely 
updated CHIRPS2 station inputs in 2019. Also noted are whether the data had daily data, and whether these 
daily data were available rapidly enough so as to be used in CHIRPS2 preliminary estimates.
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GPCC38 and NASA10,39, the CHPclim v2 and CHIRPS3 employs gauge-undercatch correction. Early work on this 
topic yielded a widely-used set of ½ ° monthly estimates40. A more recent and complex analysis has been devel-
oped by the GPCC based on station data28. The gauge-undercatch correction that is applied to the station reports 
used in CHIRPS3 and the CHPclim v2 make CHIRPS3 products modestly wetter than CHIRPS2 in most areas. 
Our monthly and pentadal station observations are modified by the Legates-Willmott correction factors40, and 
the CHPclim v2 is based on gauge-undercatch corrected station data.

When comparing CHIRP3 and CHIRPS3 to independent station data, it is important to account for the 
gauge correction adjustment. An example validation conducted in Morocco is presented in the usage section 
below.

CHIRP3.  Several objectives were considered when developing the CHIRP3 algorithm. An expanded latitude 
range and a transition to gauge-undercatch corrected estimates were straightforward. More challenging was 
an interest in producing a product that yielded more variance, but maintained low bias and high levels of sim-
ilarity with CHIRP2. Prior research identified a systematic under-representation of precipitation variance in 
CHIRP221,27. This included a spurious tendency towards non-zero drizzle in dry areas—as well as a tendency for 
both precipitation extremes and precipitation deficits to be underestimated. Essentially, the CHIRP2 algorithm 
can be expressed as a linear regression estimate, ‘trained’ using NASA TMPA35 data and the CHPclim v1 (Fig. 1a). 
In general, if a 3D cube of CHIRP2 is estimated via this approach, then we can write: CHIRP2 = b0 + b1CCD. 
The expected total variance of CHIRP2 will be Var(CHIRP2) = Var(b0) + Var(b1CCD). Hence, the use of a con-
stant non-negative intercept term in pentadal CHIRP2 values ‘soaks up’ some of the variance, leading to a sys-
tematic under-representation of the variance. While hard to identify in data-sparse regions, this issue became 
apparent in evaluations within data-rich regions30.

CHIRP3 CCD-to-precipitation slope fields.  A foundational method of the CHIRPS procedure is identifying a rela-
tionship for converting Thermal InfraRed (TIR) Cold Cloud Duration (CCD) estimates to an estimate of precipitation. 

Source Region Number Daily? Used in Preliminary CHIRPS3?

GHCNv436 Global 12,000

GSOD56 Global 5,400 yes yes

GHCN Daily57 Global 6,600 yes yes

GTS58 Global 6,400 yes yes

MCDW66 Global 2,000

FAO Swalim59 Somalia 80 yes

Ethiopian Meteorological Institute61 Ethiopia 110

Meteorological Services Department of 
Zimbabwe67 Zimbabwe 18

3D-PAWS - Kenya Meteorological Department68 Kenya 36 yes yes

CEMADEN69 Brazil 2,300 yes yes

Dirección Meteorológica de Chile62 Chile 20 yes yes

Conagua60 Mexico 800 yes yes

COPECO70 Honduras 50 yes

IMHPA63 Panama 80 yes

IDEAM65 Colombia 600 yes yes

IMN71 Costa Rica 13 yes yes

INAM72 Mozambique 25

INSIVUMEH64 Guatemala 90 yes yes

INMET73 Brazil 550 yes

KMA74 South Korea 700 yes yes

SISSA75 Southern S. America 550 yes yes

NMS76 Belize 15 yes

INMET73 Brazil 550 yes

National Meteorological Agency77 Somalia 28 yes

SASSCAL64 Southern Africa 32

Meteorological Service of Canada78 Canada 842 no

SEPA79 Scotland 48

DWD80 Germany 1,872 yes yes

Monthly Final Pentad Preliminary Pentad

Unique Stations in 2024 21,528 17,882 12,290

Table 3.  CHIRPS3 2024 precipitation stations by source. These stations are representative of the routinely 
updated CHIRPS3 station inputs in December of 2024. Also noted are whether the data had daily data, and 
whether these daily data were available rapidly enough so as to be used in CHIRPS2 preliminary estimates.

https://doi.org/10.1038/s41597-026-07096-4


7Scientific Data |          (2026) 13:718  | https://doi.org/10.1038/s41597-026-07096-4

www.nature.com/scientificdatawww.nature.com/scientificdata/

Over the past few years, numerous experiments with more complicated algorithms—based on quantile-matching and 
non-linear functions of CCD—were explored. These tended to increase the bias and mean absolute error of the candi-
date CHIRP3 fields, when compared against validation data, and thus were not selected. Eventually, these explorations 
led to the following relationship being selected for the slope term in the CHIRP3 algorithm.
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Fig. 2  (a) Time series of CHC and GPCC stations counts. (b) Map of 2017–2019 average monthly station 
counts for the CHC v3 station archive, for 0.25° grid cells. (c) Same for GPCCv2022.
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The CHIRP3 slope value (b3) is a function of the pentadal CHPclim v2 value ( CHPx y z, , ) and the mean pen-
tadal CCD value ( CCDx y z, , ). The x,y,z in these equations represent spatial location and time. CCDx y z, ,  in Eq. 1 
represents the average number of hours in a pentad for which the TIR observations were colder than 235 K. 
235 K is the most widely used CCD threshold. CHPx y z, ,  is the local CHC climatology value, in mm per pentad. 
Constants are added to the numerator and denominator so that as the precipitation and CCD mean go to zero, 
the slope value relaxes to the GOES Precipitation Index41 rate of 3 mm per hour. Thresholds were also applied to 
b3, constraining the range of possible values to extend from 0.3 mm hour−1 to 25 mm hour−1.

Even when the CHPclim v2 was zero, or near zero, it was considered valuable to have a non-zero b3. A non-zero 
slope enables CHIRP3 to estimate precipitation during abnormally-timed events, such as late-in-season storms, 
and in arid to semiarid regions, where extreme localized rains or impacts from cyclones can still occur. In 
CHIRP2, estimated amounts were more closely tied to variations from the background climatology (mean). If 
the background mean field was very low, CHIRP2 had a tendency to underestimate precipitation magnitudes in 
rare but extreme events.

The CHIRP3 algorithm.  The following equation shows the calculation of the ‘first-cut’ CHIRP3.

CHIRP b CCD3 3 (2)first x y pen x y pen, , , ,=

The CHIRP3first in Eq. 2 is produced by scaling the pentadal CCD by the CCD-to-precipitation slope fields. 
While evaluations of the pentadal CHIRP3first precipitation performed well, statistically, there were places where 
dry-season precipitation estimates were too high. Non-precipitating stratus clouds produced non-zero CCD 
values. The associated precipitation estimates, in some areas, like the Sahel in boreal winter, tended to be too 
high. In other areas, where precipitation was not captured well by the CCD (i.e. some tropical warm rain regimes 
or extra-tropical regions), CHIRP3first underestimated seasonal precipitation. To address these inaccuracies pen-
tadal per-pixel ‘nudge’ coefficients were calculated from the difference between the CHPclim v2 and the 2001–
2022 mean CHIRP3first precipitation. The 2001–2022 period was selected to reflect the beginning of the CPC TIR 
dataset.

n CHP B CCD3 (3)x y t x y t x y t x y t, , , , , , , ,= −

The offset factors described in Eq. 3 are combined with the CCD values and slope coefficients, to provide a 
second set of CHIRP3 estimates (Eq. 4).

CHIRP n b CCD3 3 (4)second x y pen x y pen x y pen, , , , , ,= +

Despite the correction procedure, non-physical precipitation estimates still occasionally appeared over some 
desert areas due to high cold stratus clouds that met the 235 Kelvin (K) CCD criteria in areas with very limited total 
columnar water vapor, such as the Sahara Desert in boreal winter. To screen these values, a dry mask (mx y t, , ) was 
developed, based on the following criteria. For each pentad of the year, areas were identified where CHPclim v2 was 
less than 0.5 mm. These areas were found to be very similar to where IMERG v7 Final and GPCC data showed very 
infrequent precipitation. Experimentation showed that this threshold did a good job at reducing the false, unsea-
sonal precipitation estimates while also maintaining the ability of CHIRP3 to capture impactful events. For each 
pentad, an initial 0/1 dry mask was created, based upon whether the CHPclim v2 was less than 0.5 mm. A sieve 
function was applied to regionally smooth the mask, resulting in values that smoothly transition from 0 to 1. A 
scaling term “m” was then created for masked areas (Eq. 5). This term estimates the degree to which the 
CHIRP3second precipitation estimate (using the slope term and nudge factor) historically overestimated precipita-
tion, compared to CHPclim v2 (CHPx y t, , ). In the locations that meet the dry masking criteria, estimates are scaled to 
smaller values. The CHIRP3second mean was calculated between 1981 and 2022. The epsilon value was set to 0.1 mm.

m
CHP

CHIRP3 (5)
x y t

x y t

second x y t
, ,

, ,

, , ,

ε

ε
=

+

+

Product CHIRPS2 CHIRPS3 GPCC Full v2022 GPCC First Guess

Latitude range 50S-50N 60S-60N 90S-90N 90S-90N

2004 26,145 39,240 42,207 8,096

2008 25,732 38,979 36,486 8,347

2012 21,223 35,996 25,737 9,210

2016 12,926 32,947 21,801 9,571

2020 12,901 30,186 11,959 9,675

2024 11,483 21,528 9,585

Table 4.  Comparison showing the number of unique, global, CHIRPS2, CHIRPS3, GPCC Full, and GPCC First 
Guess archives, for selected years. The CHIRPS archives include both routinely updated archives (Tables 1 and 2), 
as well as static inputs.
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The dry mask (d) was then combined with the bias adjustment fields (m) to generate the final CHIRP3 values 
(Eq. 6).

CHIRP d m CHIRP d CHIRP3 3 (1 ) 3 (6)x y t x y t x y t second x y t x y t second x y t, , , , , , , , , , , , ,= + −.

Combining GridSat B1 and CPC CHIRP3 records.  While the half-hourly 2001–2022 CPC TIR record was the 
primary foundation for the development of CHIRP3, the 3-hourly GridSat B1 TIR archive was used to estimate 
the CHIRP3 values between 1981 and 2000. Because the B1 TIR data is 3-hourly, compared to the CPC ½-hourly 
observations, there are systematic differences in the CHIRP estimated from their differing CCD values. To 
account for these differences, multiplicative adjustment ratios were developed. The first step in this adjustment 
process involved using the CCD-to-precipitation slopes, nudge factors and dry mask fields described above to 
produce a first-cut set of 1981–2022 CHIRPS3 values based on the B1 data. The ratio of 2001–2022 pentadal 
means from the CPC and B1 CHIRP3 were then calculated, with a 7 mm constant in the numerator and denom-
inator. These ratios were constrained between 0.25 and 1.75, and used to adjust the 1981–2000 B1 CHIRP3. The 
mean bias ratio was 1.11 mm mm−1. A value over 1 was expected, because less frequent sampling (3-hourly ver-
sus ½ hourly), tends to produce lower CCD values. The standard deviation of the bias ratios was 0.14 mm mm−1.

Filling pentads with missing TIR data using ERA5 Reanalysis.  Due to gaps in geostationary satellite coverage, 
which varies by region and historical period, the satellite-only precipitation estimate—CHIRP—is sometimes 
discontinuous. A minimum value threshold is applied to the TIR data to identify erroneous data values. In such 
cases, where there is missing or erroneous TIR data, CHIRP was filled using unbiased ECMWF Reanalysis 
v5 (ERA5) precipitation data (the preliminary version of ERA5 made available about 5 days after real time). 
According to the ERA5 documentation, changes between the real time and final reanalysis fields are very rare. 
It should be noted that precipitation observations are not directly assimilated during the production of ERA5. 
Rather, precipitation is a forecast variable that is produced by the model physics during each assimilation cycle, 
and is subject to the biases and errors in the model.

This gap-filling is performed at the pentad timescale and is also reflected in the corresponding dekad and 
monthly accumulations. This applies to CHIRP and CHIRPS data from 1981–2022. Missing or erroneous TIR 
data from 2023 onward appear as −9999 in both the CHIRP and CHIRPS products. Historically, there are nota-
ble gaps in geostationary satellite coverage of certain regions that influence CHIRP, such as large coverage gaps 
in the early 1980s over Africa and a long coverage gap over part of Central Asia through 1997. Overall, the fre-
quencyof missing CHIRP3 over land values was 20%, 4%, 0.5% and 0.4% in the 1980s, 1990s, 2000s, and 2010s, 
respectively. Due to CHIRPS being a blend of CHIRP estimates and in situ station observations, the influence 
of filled data on CHIRPS also varies based on station density. Users engaged in dataset comparisons and trend 
assessments can learn of which time periods and regions are gap-filled within CHIRP by examining fill mask 
GeoTIFs, available for download at several periodicities at the following link https://data.chc.ucsb.edu/products/
CHIRPS/v3.0/diagnostics/fillmaps/, and by visiting the CHC EWX Next Generation Viewer at https://ewx3.chc.
ucsb.edu/ewx/index.html, under CHIRP v3.0.

To address the question of how much model-generated precipitation might influence trends or multi-decadal 
variability, we carried out an analysis of ERA5 versus CHIRP3 bias between 1981 and 1989 (the 1980s) and 
between 2010 and 2019 (the 2010s). This was calculated as ABS(Mean(ERA5/CHIRP3)2010s - Mean(ERA5/
CHIRP3)1980s). Means were taken over all the pentads with valid TIR data. These values ranged up to 30%, with 
largest values in Central Africa and Central Asia. This map represented the amount of potential absolute percent 
bias, if all CHIRP3 data were missing in the 1980s.

The percent bias map was then multiplied by a map containing the fraction of missing pentads in the 1980s. 
Note that beginning in the 1990s the frequency of missing TIR data was very low. In poorly observed areas, 
around 40% of the TIR pentads were missing, though there is an area in northern Asia with no data. The product 
of the absolute percent bias map and the frequency of missing data map was quite low, on average. The mean 
value was 2.3% Note that 88% of pixels have an absolute percent bias of less than 5%, and 96% have an absolute 
percent bias of less than 10%. There are some areas where absolute percent bias is greater than 10% in Central 
Africa and Central Asia. There are also areas of northern central Asia that are completely lacking in TIR data. 
Decadal variations and trends would likely be quite uncertain in the CHIRPS products in these regions, given 
the large potential changes in ERA5 over time.

CHIRPS3 station blending method.  The CHIRPS3 station blending process is based on a modified inverse 
distance weighting procedure. Several innovations from our experience with CHIRPS2 were adopted that accel-
erate and improve the blending process. The most interesting of these innovations is that the procedure uses 
empirical estimates of the precipitation decorrelation structure. These estimates are derived from the IMERG v6 
Final dataset. Experimentation was also carried out using the latest IMERG v7, but isolated pockets of very low 
spatial correlation in v7 suggested that they might be less suitable to estimate precipitation decorrelation slopes.

The spatial correlation process begins by creating a 2001–2023 ‘cube’ of monthly IMERG Final values. The 
temporal correlation between IMERG values at a given grid cell and a grid cell from some distance away pro-
vided a measure of the local decorrelation slope. Our analysis used the values from 72 surrounding grid cells, 
evenly spaced at a distance of 1.5°, to estimate an ‘isotropic’ correlation value. This correlation is then converted 
to a decorrelation slope (bd), with units of correlation per km, by dividing the correlation by the distance to the 
72 neighbors, in km. Assuming that the correlation for co-located values is 1 (i.e. that there is no geostatistical 
‘nugget’ effect), then the expected correlation at some distance (d) will be = −r db1 d. This slope value varies 
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by month and location, and is used in two ways. First, it is used to assign inverse distance-based weights to a set 
of five nearest station observations, with the ith weight (wi) proportional to Eq. 7:

w
d b

1 0
(1 ) (7)

i
i d

2
= .

− ′

or

= − <w if d b0 (1 ) 0i i d

where di is the distance between each location and the ith station. Following standard inverse distance weighting 
procedure, the five weights are scaled to sum to one. The ratios between the five nearest station values and the 
CHIRP3 are then calculated (r), and the weighted sum of these ratios is used to produce an adjusted CHIRP3 
estimate (Eq. 8). Ratio values greater than 3 are capped at 3, to reduce the potential impact of erroneous station 
values.

CHIRP w r CHIRP3 ( ) 3 (8)adj
T=

Now, we have two estimates at each location, the satellite-only CHIRP3, and the station adjusted  
CHIRP3. Next, combining these two estimates, the final CHIRPS blending procedure is applied. This  
procedure combines the two estimates, using estimates of the associated correlations. The correlation between  
the CHIRP3 data and ‘true’ precipitation is assumed to be 0.5, a value based on empirical analyses. The  
correlation value for the adjusted CHIRP is based on the distance to the closest neighboring station (dmin), 
r d b or if d b(1 ) , 0 (1 ) 0adj d dmin min= − − < . Finally, these correlation assumptions are used to assign weights 
and calculate CHIRPS3 (Eq. 9).

α β α= + . = −
−r r( 0 5 ) , 1 (9)adj adj

2 2 2 1

CHIRPS CHIRP CHIRP3 3 3adjα β= +

This process is designed to limit the influence of individual stations to a reasonable spatial range, ensuring 
that no single station disproportionately affects the surrounding grid cells. It is important to note, however, that 
the CHIRPS3 blending procedure is not an exact interpolation method. Even when a station is located within a 
0.05° grid cell, the procedure does not fully reproduce the station’s observed value. This is because if we assume 
that radj = 1, Eq. 9 will yield an 0 8α = .  and a β = .0 2. These weights reduce the ‘bulls-eye’ effect associated 
with the interpolation of station data, and reflect the geostatistical ‘nugget’ effect—the fact that two nearby sta-
tions will not be perfectly correlated over time. As a result, the final estimate is a weighted combination of the 
satellite and station data, rather than a direct substitution of the station value.

Estimates of CHIRPS variance explained (R2).  The weights from Eq. 9 (α, β) can be combined with estimates of 
the variance explained by the station-enhanced CHIRPS (radj

2) and satellite-only CHIRP3 (0.52).

R r (0 5 ) (10)adj
2 2 2α β= + .

The monthly variance explained maps are available as geoTiff images and pngs at https://data.chc.ucsb.edu/
products/CHIRPS/v3.0/diagnostics/monthly.Rsquared.estimate/.

Daily CHIRPS disaggregation.  In CHIRPS3 Final, two daily CHIRPS3 products are provided. They are based 
on the disaggregation of pentadal CHIRPS3 using either IMERG v7 Late39 or ECMWF ERA5 precipitation42. In 
each dissagregation case, the daily IMERG and ERA5 data are converted to ratios of the corresponding pentad 
total. These daily ratios are multiplied by the CHIRPS3 pentad total to produce daily CHIRPS3 estimates. When 
the ERA5 or IMERG pentad total is zero, but the CHIRPS3 pentad total is nonzero, the CHIRPS3 total is evenly 
distributed across the five days. It is important to note that the CHIRPS3 daily values are not independently 
derived; rather, they are disaggregated directly from the pentadal product. Consequently, the daily data are not 
updated on a day-to-day basis. Instead, they are generated in batches at the time of each pentad update. The 
IMERG-based CHIRPS3 daily archive is available since 2001 onward, while the ERA5-based CHIRPS3 daily 
product begins in 1981. Both are provided since the preferreed option may vary depending on the application. 
For CHIRPS Prelim, only IMERG-based daily disaggregations are provided. ERA5 has a larger (5-day) latency, 
and therefore is not available when CHIRPS Prelim pentads are made (2-day latency).

Data Records
CHIRPS3 provides high-resolution (0.05° × 0.05°) gridded precipitation estimates over land for the global domain 
(7200 × 2400 pixels, 180°W to 180°E, 60°N to 60°S), Africa (1500 × 1600 pixels, 20°W to 55°E, 40°N to 40°S), and Latin 
America (1720 × 1900 pixels, 120°W to 34°W, 35°N to 60°S). These data can be found at the UCSB CHC CHIRPS3 
webpage (https://www.chc.ucsb.edu/data/chirps3), where the CHIRPS3 data repository is also located. The CHIRPS 
3 has the following Digital Object Identifier: https://doi.org/10.15780/G2JQ0P43 CHIRPS3 is in the public domain, 
as registered with Creative Commons, and is under a Creative Commons Attribution 4.0 International License.  
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To the extent possible under the law, the Climate Hazards Center has waived all copyright and related or neighboring 
rights to CHIRPS3.

Two version of this data are available, preliminary (Prelim) and Final versions. The timely CHIRPS Prelim 
version is released two days after the end of a pentad on the 2nd, 7th, 12th, 17th, 22nd and 27th of the month. A 
longer latency CHIRPS Final version typically published in the third week of the subsequent month are availa-
ble. Table 5 shows the update schedule for operational CHIRPS data. For the CHIRPS Prelim product, the data 
are available from January 2025 to present. The CHIRPS Final product has been back processed and is available 
from January 1981 to present. The CHIRPS datasets are distributed in different geospatial formats: GeoTIF, 
NetCDF, BIL, and COG, and each format has its own accompanying metadata.

CHIRPS3 is calculated at pentadal and monthly time scales, blending station data with CHIRP. The calcu-
lated pentads are rescaled such that the sum of six pentads equals the monthly CHIRPS. Pentadal CHIRPS data 
are used to make dekads and are downscaled using either IMERG v7 Late or ECMWF ERA5 to produce daily 
files. The monthly CHIRPS values are accumulated to make multi-month and annual totals (Table 6). These 
precipitation accumulations are available on the CHC data server. CHIRPS precipitation values are in total mm 
per time period, e.g., mm per day or mm per pentad. To support data interpretation and decision-making, pre-
cipitation anomalies (mm) and standardized anomalies (z-scores) are calculated for each time period based on 
the 1991–2020 climatology.

For each new run of CHIRPS, the data undergoes rigorous quality control. This includes automatic screen-
ing of station inputs, and expert visual inspection through the reality checks process (R-Checks). The outputs 
of these quality control and diagnostic efforts are released alongside CHIRPS data and include a variety of 
resources: 1. Maps of excluded stations containing false zeros or outliers 2. CSV files that provide a summary 
of station locations used in the pentadal preliminary and monthly final CHIRPS3. 3. GeoTif (.tif) files showing 
pentadal and monthly global station density 4. Maps showing stations per country included in CHIRPS3 and 
5. CSV files containing monthly station values for all non-proprietary data in our database for that month 6. 
Summary statistics that examine the new CHIRPS3 data against the entire CHIRPS time series and 7. A report of 
the R-Checks on the CHC Wiki Page (https://wiki.chc.ucsb.edu/CHIRPS_Reality_Checks). Additional diagnos-
tic products include fill maps that show where and when the CHIRP satellite-only rainfall estimates have been 
gap-filled using unbiased ERA5 reanalysis data, and monthly correction maps showing the Legates-Willmott 
correction factor used to adjust for systematic gauge measurement errors. The diagnostics products can be 
accessed at https://data.chc.ucsb.edu/products/CHIRPS/v3.0/diagnostics/ with a detailed description found 
on the CHC webpage at https://www.chc.ucsb.edu/data/chirps3/diagnostics. The Legates-Willmott corrections 
sub-directory contains global monthly one-degree correction factors. The CHC actively incorporates user feed-
back and evolving research needs by continuously developing new diagnostic products.

The CHIRPS3 products support a range of applications including agricultural advisories and anticipa-
tory humanitarian interventions. To meet these needs, CHC produces Early Estimates—near real-time rain-
fall accumulation and anomaly maps covering periods from 1 to 18 pentads, and region-specific seasonal 
totals aligned with agricultural growing seasons of 3–6 months. The Early Estimates begin processing as soon 
as new Prelim or Final CHIRPS become available, and are generally available by end-of-day. Daily GEFS 
bias-corrected CHIRPS precipitation forecasts are also generated. These are available at https://data.chc.ucsb.
edu/products/CHIRPS-GEFS/v3/. CHIRPS3 Early Estimates are available at https://data.chc.ucsb.edu/products/
Early_Estimates/v3/.

Technical Validation
REGEN-based satellite-only validation results.  In this section, we now present results based on the 
interpolated daily station dataset Rainfall Estimates on a Gridded Network (REGEN) produced by the University 
of New South Wales and the GPCC44. Developed to support analysis of sub-monthly rainfall variability, the 1° 
REGEN uses geostatistical interpolation (kriging) together with a background climatology. In this study, we use 
the REGEN grids from Frequent Rainfall Observations on Grids (FRoGs) archive45, which also provides addi-
tional sources of satellite-only precipitation estimates. Our analysis focuses on precipitation totals for the clima-
tological wettest three-month season at each grid cell, as well as the 18 pentadal data values during that period 
(Fig. 1b). This corresponds to the three months of the year that are, on average, the wettest. Because the REGEN 
grids are a global product, it supports the examination of pentadal data in a set of 12 validation regions (Fig. 1c).

To maintain consistency with our previous CHIRPS2 paper, the wettest three-month period was based on 
CHPclim v1. The 2001–2016 time period was used, because this period starts with the first full year of the Climate 
Prediction Center’s global TIR archive and ends with the last year in the REGEN archive. We compared REGEN 
data to several satellite-only estimates: CHIRP2, CHIRP3, IMERG v6 Late6, the GOES Precipitation Index 
(GPI)41, and the PERSIANN-CCS7. The PERSIANN-CCS estimates begin in 2003.

Dataset Time step Update Schedule Variable

CHIRPS-Prelim

Pentad 2nd, 7th, 12th, 17th, 22nd and 27th Total (mm), Anomaly (mm), Z score

Daily After the pentad data are made

Total (mm)
Dekad (sum of 2 pentads) 2nd, 12th, 22nd

Monthly (sum of 6 pentads) 2nd

CHIRPS Final Monthly after 2nd week of the subsequent month

Table 5.  CHIRPS2and CHIRPS3 update schedule for the preliminary and final products.
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By using the number of REGEN station observations, in each grid cell, for each day, we selected twelve well-gauged 
locations for detailed analysis (shown with blue dots in Fig. 1c and Tables 7–10). These very well-instrumented loca-
tions had, on average, at least seven rain gauge observations per day over the study period. This threshold was selected 

Resource Timeframe Domain Period Format Access

CHIRPS3 Dataset

Daily (ERA5-
downscaled)
Daily (IMERG v7 
Late -downscaled)

January 1981 - present
June 2000 - present

GEOTIFFS, COGS
GEOTIFFS https://data.chc.ucsb.edu/products/CHIRPS/v3.0/

Pentad, Monthly
Global
Africa
Latin America

January 1981 - present

GEOTIFFS, 
NETCDFS, BILS, 
COGS
GEOTIFFS, PNGS, 
BILS
GEOTIFFS, BILS

Dekads
Global
Africa
Latin America

January 1981 - present

GEOTIFFS, 
NETCDFS, BILS
GEOTIFFS, BILS, 
PNGS
GEOTIFFS, BILS

2, 3, 4, 5, 6-monthly 
and annual All domains January 1981 - present GEOTIFFS

Early Warning 
Explorer (EWX) Next 
Generation Viewers

Global

Graphical 
interface featuring 
multiple datasets 
including 
historical 
CHIRPS3

January 1981-present

Time series for 
administrative and 
crop regions; images 
for user-defined 
extent.

USGS EWX https://earlywarning.usgs.gov/fews/ewx/index.
html?region=gb
UCSB CHC EWX (https://ewx3.chc.ucsb.edu/ewx/index.
html)

Table 6.  CHIRPS3 data access, data records and formats.

Mean Abs Bias (%) CHIRP2 CHIRP3 IMERG PERSIANN GPI

SW US 9% 8% 45% 56% 54%

SE US 6% 5% 24% 19% 17%

NE US 6% 5% 19% 26% 25%

NW US 8% 5% 38% 76% 95%

Mexico 10% 10% 22% 20% 20%

Central America 28% 18% 21% 13% 18%

Ecuador 12% 3% 13% 37% 39%

Brazil 9% 4% 11% 22% 17%

South Europe 19% 7% 21% 33% 31%

North Europe 6% 4% 27% 33% 34%

Iran 35% 13% 42% 67% 126%

Australia 23% 16% 19% 34% 34%

All Validation Cells 11% 7% 29% 42% 48%

Std Deviation Ratios CHIRP2 CHIRP3 IMERG PERSIANN GPI

SW US 54% 80% 114% 117% 102%

SE US 61% 78% 122% 85% 79%

NE US 63% 84% 116% 83% 85%

NW US 61% 91% 107% 100% 127%

Mexico 58% 73% 80% 85% 72%

Central America 43% 53% 59% 71% 52%

Ecuador 71% 134% 111% 85% 83%

Brazil 66% 88% 95% 101% 85%

South Europe 44% 81% 108% 69% 87%

North Europe 53% 101% 118% 60% 85%

Iran 52% 97% 69% 82% 135%

Australia 41% 63% 81% 64% 54%

All Validation Cells 56% 82% 105% 86% 89%

Table 7.  Wet season mean absolute percent bias and standard deviation ratios based on 18 pentadal data for 
2001 through 2016 time period. Statistics aggregated over one-degree grids cells with dense REGEN gauge 
networks. Mean percent bias values were calculated for each location, translated into absolute values, and then 
averaged.
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based on the tradeoff between spatial coverage and accurate REGEN estimates. When calculating the statistics shown 
in Tables 7–10, only these locations (i.e. the 1° grid cells identified with blue dots) were used. The four best-gauged 
regions were: 1) United States and Mexico, 2) Australia, 3) Europe, and 4) Iran (Figs. 3–6). Small black dots on these 
maps denote cells with dense REGEN gauge data (average number of observations per > 7). Small gray dots denote 
cells with limited gauge observations (average number of observations per < 1). The statistics in Tables 7–10 are based 
on the wet season pentadal data. The maps shown in Figs. 3–6 are based on the 3-month wet seasonal totals. Note that 
the statistics in the tables are based only on the grid cells with 7 or more observations, on average, every day.

Correlations CHIRP2 CHIRP3 IMERG PERSIANN GPI

SW US −25% −4% 25% 34% 32%

SE US −18% −9% 20% −13% −8%

NE US −15% −4% 13% −22% −8%

NW US −24% 2% 1% 43% 79%

Mexico −17% −12% −3% −3% −8%

Central America −40% −31% −31% −22% −31%

Ecuador −19% 14% 3% −28% −26%

Brazil −16% −3% −5% 4% −4%

South Europe −31% −3% 3% −8% 11%

North Europe −24% 4% 20% −34% −13%

Iran −7% 11% −27% 12% 100%

Australia −31% −12% 7% −21% −21%

All Validation Cells −21% −3% 9% 3% 20%

Table 8.  Percent deviations in 90th percentile precipitation values from satellite datasets and the REGEN 
validation data. Positive values indicate overestimation relative to REGEN, while negative values indicate 
underestimation.

Correlations CHIRP2 CHIRP3 IMERG PERSIANN GPI

SW US 0.61 0.63 0.77 0.61 0.61

SE US 0.66 0.67 0.78 0.62 0.66

NE US 0.62 0.63 0.76 0.6 0.62

NW US 0.59 0.59 0.68 0.55 0.59

Mexico 0.6 0.62 0.65 0.6 0.6

Central America 0.44 0.45 0.48 0.27 0.44

Ecuador 0.43 0.41 0.6 0.41 0.43

Brazil 0.68 0.68 0.73 0.66 0.68

South Europe 0.59 0.62 0.75 0.6 0.59

North Europe 0.53 0.54 0.75 0.55 0.53

Iran 0.47 0.49 0.63 0.37 0.47

Australia 0.62 0.67 0.81 0.62 0.62

All Validation Cells 0.6 0.62 0.74 0.58 0.6

Mean Abs Error (%) CHIRP2 CHIRP3 IMERG PERSIANN GPI

SW US 70% 69% 70% 92% 91%

SE US 56% 56% 56% 60% 59%

NE US 59% 60% 55% 62% 66%

NW US 61% 64% 63% 88% 102%

Mexico 49% 49% 50% 55% 52%

Central America 44% 41% 41% 46% 45%

Ecuador 50% 65% 51% 62% 66%

Brazil 50% 51% 46% 58% 55%

South Europe 76% 75% 62% 80% 81%

North Europe 64% 67% 58% 62% 70%

Iran 95% 90% 71% 106% 149%

Australia 66% 62% 52% 74% 70%

All Validation Cells 61% 62% 57% 71% 74%

Table 9.  Wet season correlations and Mean Absolute Percent Error values based on 18 pentads of data for 2001 
through 2016 time period. Statistics aggregated over one-degree grids cells with dense REGEN gauge networks.
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Please note that this section is limited to satellite-derived precipitation estimates. Because we are selecting 
some of the best-sampled regions of the planet, comparisons between REGEN, CHIRPS2 and CHIRPS3 would 
be very favorable, but not really fair, because much of the same station data is used in all three products. Later 
sections of this study will provide a global comparison between CHIRPS3 and the GPCC Full product and a 
regional comparison using independent data in Morocco.

Mean bias errors and standard deviation ratio results.  By construction, the CHIRPS2 and CHIRPS3 
data products are designed to have low bias errors. Additionally, a major improvement in CHIRP3 is much bet-
ter performance than CHIRP2 in terms of accurate representation of the variance of wet-season precipitation. 
Overall, in the Americas, Australia, and Europe, the CHIRP2 and CHIRP3 bias fields are low. Figure 3 shows 
seasonal mean ratios, calculated using the seasonal mean of the satellite estimates and REGN. This strong perfor-
mance is also found in IMERG v6 Late.

he PERSIANN-CCS and GPI datasets demonstrate substantially greater bias, particularly characterized by 
underestimation in the inter- mountain western United States and inconsistent performance-both under- and 
overestimation-across Iran.

To quantify numerically the products’ performance in terms of biases in the mean values, we have calculated 
the mean absolute value of the percent bias errors, based on the pentadal data in well instrumented 1° grid cells 
(Table 7). Some products, such as the PERSIANN CCS and GPI exhibited large negative and large positive biases 
(Fig. 3). Averaging percent biases, as opposed to the absolute value of the percent biases, tends to obscure large 
local deviations from the mean. The absolute mean bias errors, as reported in Table 7, were derived as follows:

µ µ
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Where µobs and satµ  are means at individual grid cells. The CHIRP3 and CHIRP2 performance (7% and 11%) 
compares favorably with IMERG v6 Late, PERSIANN and GPI, which had mean values of 29%, 42% and 48%. 
across the regions.

The typical deviation of CHIRP3 from the true mean is approximately ±7%.

Prob of Detection CHIRP2 CHIRP3 IMERG PERSIANN GPI

SW US 20% 40% 70% 60% 60%

SE US 30% 40% 70% 33% 40%

NE US 30% 40% 60% 30% 36%

NW US 20% 40% 50% 55% 60%

Mexico 20% 30% 40% 40% 30%

Central America 0% 9% 10% 10% 0%

Ecuador 20% 40% 40% 11% 20%

Brazil 30% 40% 45% 45% 40%

South Europe 10% 40% 60% 40% 50%

North Europe 20% 40% 60% 20% 30%

Iran 30% 40% 30% 36% 60%

Australia 20% 45% 64% 36% 36%

All Validation Cells 20% 40% 60% 40% 50%

Bias Score (%) CHIRP2 CHIRP3 IMERG PERSIANN GPI

SW US 0.40 0.90 1.60 1.70 1.80

SE US 0.50 0.70 1.40 0.78 0.80

NE US 0.60 0.90 1.30 0.60 0.82

NW US 0.40 1.00 1.10 1.91 2.50

Mexico 0.40 0.60 1.00 1.00 0.80

Central America 0.00 0.18 0.20 0.30 0.10

Ecuador 0.50 1.30 1.00 0.44

Brazil 0.60 0.90 0.82 1.09 1.00

South Europe 0.20 0.90 1.00 0.90 1.20

North Europe 0.40 1.00 1.40 0.40 0.70

Iran 0.90 1.20 0.50 1.36 2.70

Australia 0.30 0.73 1.00 0.64 0.64

All Validation Cells 0.40 0.90 1.20 1.10 1.40

Table 10.  Wet season probability of detection (POD) and bias scores. Statistics based on hits, misses and false 
alarms using the 90th percentile of the pentadal REGEN precipitation. POD calculated as [hits/(hits + misses)] * 
100%. Bias score calculated as [(hits + false alarms)/(hits + misses)].
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Considering the simplicity of the CHIRP3 algorithm, its strong performance in terms of standard deviation 
values is particularly notable (Fig. 4, Table 7). WhileCHIRP2 exhibits a problematic underestimation of the 
variance, especially in arid regions (Fig. 4), this problem is much reduced in the CHIRP3. The mean pentadal 
CHIRP2 standard deviations (Table 7) are only 56% of the REGEN standard deviations. This increases to 82% 
in CHIRP3. By this metric, on average, the IMERG, PERSIANN CCS and GPI also perform well, and in fact, 
moderately better (86–105%). The GPI and PERSIANN CCS appear to substantially overestimate variance in the 
northwestern United States and Iran.

Evaluations of 90th percentile pentadal precipitation intensities.  Table 8 presents the ratios 
between the 90th percentile pentadal satellite estimates, and the REGEN validation data, all expressed as percent 
anomalies. Overall, CHIRP3 performance is the best—just 3% below the REGEN values, on average. This com-
pares well with the CHIRP2, which was 21% below the REGEN. PERSIANN CCS performed well according to 
this metric (+3%), followed by IMERG which modestly overestimated (+9%). The GPI tendency to overestimate 
was substantial (+20%).

Correlation and mean absolute percent errors results.  Figure 5 shows the correlation between wet 
season total precipitation in the REGEN and satellite precipitation datasets. Table 9 shows the correlation between 
wet season pentadal precipitation values. Not surprisingly, the four datasets that mainly rely on TIR data to esti-
mate precipitation (CHIRP2, CHIRP3, PERSIANN-CCS, and GPI) perform quite similarly, and not all that well, 
with average pentadal correlations of 0.58 to 0.62. For IMERG, which benefits from microwave-based precipi-
tation estimates, the average pentadal correlation was 0.74. It is important to note that high correlations at the 
pentad time scale are more difficult to achieve than for longer accumulation periods. Accordingly, correlations for 

Fig. 3  2001–2016 ratios of means (satellite estimate mean divided by REGEN mean), based on wet season 
totals for the United States and Mexico, Australia, Europe and Iran. These regions were selected because of 
their dense rain gauge networks. Small black dots denote cells with dense REGEN gauge data (average number 
of observations per > 7). Small gray dots denote cells with limited gauge observations (average number of 
observations per < 1).
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wet season totals are higher (Fig. 5). Across the four study regions, IMERG shows the most spatially-consistent 
moderate-to-high correlation fields. The CHIRPS products provide a long period of record, extending back 
to 1981, but the performance of the satellite-only CHIRP2 and CHIRP3 varies from region to region. A TIR 
CCD-based, single temperature threshold method of measuring precipitation clearly has limitations, and lower 
correlations may be occurring in areas where precipitation is poorly associated with high cold cumulonimbus 
clouds and where there are substantial amounts of high, cold but non-precipitating cirrus clouds. Figure 6 and 
Table 9 display seasonal and pentadal Mean Absolute Percent Error (MAPE) results. MAPE is the MAE divided 
by the mean precipitation. Maps of wet season MAE divided by the REGEN mean (Fig. 6) show reasonable per-
formance for PERSIANN CCS, IMERG, CHIRP2 and CHIRP3, with IMERG having the lowest overall pentadal 
MAE/mean ratios, followed by CHIRP2 and then CHIRP3 (Table 9).

Wet-event probability of detection and bias scores.  The observed REGEN 90th percentile pen-
tadal precipitation values were used to assess the satellite products’ ability to detect intense precipitation events. 
The events were classified as correct negatives, hits, misses and false alarms. For each 1° cell, the Probability of 
Detection (POD) was calculated as hits/(hits + misses) ×100. These results are presented in Table 10. IMERG and 
GPI41 performed well, with a POD of 60 and 50%. The GPI performance, however, is also related to substantial 
overestimation of 90th percentile precipitation (+20%, Table 8). The PERSIANN-CCS and CHIRP3 had similar 
overall performance, with POD values of 40%. Among the evaluated products, CHIRP2 exhibited the lowest per-
formance, with a probability of detection (POD) of 20%, indicative of its underestimation of standard deviation 
and 90th percentile precipitation values.

Bias scores take into account hits, misses and false alarms, with the bias score equal to [(hits + false alarms)/
(hits + misses)]. By this metric, CHIRP3 performed the best, with a bias score of 0.9. On average, CHIRP3 90th 
percentile precipitation values were very close to the observations, which leads to similar numbers of misses 

Fig. 4  2001–2016 ratios of standard deviations (satellite estimate standard deviation divided by REGEN 
standard deviation), based on wet season totals. Small black dots denote cells with dense REGEN gauge data 
(average number of observations per > 7). Small gray dots denote cells with limited gauge observations (average 
number of observations per < 1).
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and false alarms, and low bias scores. This may be contrasted with CHIRP2, which had more misses than false 
alarms, leading to a poor bias score of 0.40. IMERG, PERSIANN-CCS and GPI tended to modestly over-predict 
the frequency of wet extremes, leading to overall bias scores of 1.2%, 1.1% and 1.4%.

An examination of CHIRP2 and CHIRP3 dekadal standard deviation scores in Ethiopia.  The 
CHIRPS2 product5 and its climatology3 were originally developed to support food security in eastern Africa, 
where it has been shown to work well46. Long-standing collaborations between the CHC and the Ethiopian 
Meteorological Institute provide the CHC with good synoptic station coverage. This coverage, and the complex 
heterogeneous nature of precipitation in Ethiopia, provides a good opportunity to examine the performance of 
CHIRP2 and CHIRP3 variance. CHIRP2 and CHIRPS2 have been shown to have relatively low bias46,47 when com-
pared to other products. Figure 7A illustrates the observed as well as CHIRP2 and CHIRP3 standard deviations of 
10-day (dekadal) precipitation from February to September during 1981–2019 across 94 Ethiopian stations. The 
CHIRP2 standard deviations clearly fall to the left of the 1-to-1 line, indicating a substantial underestimation of the 
precipitation variability. The CHIRP3 standard deviations tend to cluster along the 1-to-1 line. Figure 7b displays 
the observed and CHIRP2 and CHIRP3 1981–2019 90th percentile precipitation values, at the station locations. 
CHIRP2 values tend to fall to the left of the 1-to-1 line, while CHIRP3 tends to lie close to this line. These results, 
along with REGEN-based evaluations (Fig. 4, Tables 7–10) support the superiority of the CHIRP3 algorithm.

Comparisons of global CHIRPS3, CHIRPS2 and the GPCC Full v2022 Datasets.  Figure 8 sum-
marizes a comparison of 1981–2020 CHIRPS3, CHIRPS2 and the GPCC Full v2022 (hereafter GPCC) gridded 
precipitation archive. The CHIRPS data have been resampled to the GPCC’s ¼° resolution. The results in panels 
A, B, E and F are based on monthly anomalies, derived using the monthly 1981–2020 mean fields. The correlation 
between the CHIRPS3 anomalies and CHIRPS2 anomalies (Fig. 8a) is high, with a mean correlation of 0.83. The 
correlation between the CHIRPS3 and GPCC is also quite high, with an average value of 0.65, but the associated 
correlation map (Fig. 8b), is lower in poorly gauged regions (Fig. 2).

Fig. 5  Correlations between 2001–2016 satellite and REGEN wet season totals. Small black dots denote cells 
with dense REGEN gauge data (average number of observations per > 7). Small gray dots denote cells with 
limited gauge observations (average number of observations per < 1).

https://doi.org/10.1038/s41597-026-07096-4


1 8Scientific Data |          (2026) 13:718  | https://doi.org/10.1038/s41597-026-07096-4

www.nature.com/scientificdatawww.nature.com/scientificdata/

Figure 8c displays the differences in the mean monthly CHIRPS3 and CHIRPS2 precipitation. Overall, 
CHIRPS3 is modestly wetter than CHIRPS2, with global mean values of 77.6 mm and 70.9 mm month−1. These 
differences are mainly due to the transition to gauge-undercatch correction in both the CHPclim v2 and the 
station data blending procedures. Hence, the differences in Fig. 8c tend to arise in windy areas with complex ter-
rain. The GPCC means are, on average, more similar to CHIRPS3 (Fig. 8d), because the GPCC also uses gauge 
catch under-correction. The GPCC mean precipitation is 77.7 mm month−1. Spatially, the largest differences 
between the GPCC and CHIRPS3 tend to occur in sub-Saharan Africa, Latin America and South America, 
presumably due to the influence of the mean IMERG precipitation gradients.

Figure 8e displays the differences in the standard deviations of monthly CHIRPS3 and CHIRPS2 precipi-
tation anomalies. Overall, CHIRPS3 is more variable than CHIRPS2, with global mean standard deviations of 
35.2 and 27.1 mm month−1. Such differences relate both to the higher mean precipitation and the change in the 
CHIRP3 versus CHIRP2 algorithm. Interestingly, the GPCC standard deviations are, for the most part, lower 
than CHIRPS3. These areas of lower variability tend to align with areas of lower station density. In these regions, 
CHIRPS3 will relax towards CHIRP3, whereas GPCC estimates will relax to the background climatology. The 
GPCC mean standard deviation is 34.8 mm month−1.

Usage Notes
An example: gauge-undercatch correction for validation studies.  In this section we evaluate the per-
formance of CHIRPS2 and CHIRPS3 precipitation products in the Tensift River Basin, Morocco. Using gridded 
correction fields and independent station data, we compare their ability to capture monthly and annual precipi-
tation patterns. The Tensift River Basin, located in central-west Morocco, spans approximately 26,035 km² and is 
characterized by a semi-arid to arid climate with Mediterranean influence. Rainfall varies from 503 mm year−1 in 
the High Atlas to 300 mm year−1 in the coastal zone, with mean annual temperatures ranging from 17 °C to 20 °C. 
For this study, monthly rainfall data from 23 well-distributed stations (1982–2022) were selected based on data 

Fig. 6  2001–2016 percent mean absolute errors, based on wet season totals. Small black dots denote cells with 
dense REGEN gauge data (average number of observations per > 7). Small gray dots denote cells with limited 
gauge observations (average number of observations per < 1).
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continuity, quality, and representation of the basin’s diverse topography. Given the limited blending of local stations 
and the potential impact of gauge-undercatch—particularly in mountainous areas like the High Atlas—a gauge-un-
dercatch correction was necessary to improve CHIRPS3 accuracy before evaluation. To address this, monthly 
Legates-Willmott gauge-undercatch correction factors40 were applied to CHIRPS3. These global half-degree fields 
are available at: https://data.chc.ucsb.edu/products/CHIRPS/v3.0/diagnostics/legates-willmott_corrections/.

The 12 GeoTIFFs were first merged into a NetCDF file, then clipped to the Tensift Basin, and resampled to 
match the CHIRPS grid. CHIRPS3 rainfall values were then adjusted by dividing them by the corresponding 
monthly correction factors, which ranged between 1.00 and 1.50 within the Tensift Basin.

In Fig. 9(a–d), we evaluate the agreement between CHIRPS v2 and v3 and station observations in terms of 
monthly variability and extremes. Panels A and B show strong correlations between CHIRPS estimates and 
observed monthly standard deviation and 90th percentiles, with CHIRPS3 showing improved performance 
(R² = 0.73 for STD and 0.78 for P90) compared to CHIRPS2 (R² = 0.65 and 0.64). Panel C shows that CHIRPS2 
generally underestimates variability, particularly at stations located above 400 m, while CHIRPS3 provides 
a more accurate spread of standard deviation across elevations. This is further supported by panel D, where 
43.8% of CHIRPS3 values fall within the ideal STD ratio range (0.8–1.2), compared to only 15.3% for CHIRPS2. 

Fig. 7  CHIRP2 and CHIRP3 validation analysis based on high-quality Ethiopian dekadal station data. Panel a 
shows a comparison of the average station and CHIRP2 and CHIRP3 1981–2019 dekadal precipitation standard 
deviations. Panel b shows a comparison of the 90th percentile dekadal rainfall values, based on all the dekadal 
totals between 1981 and 2019. The CHIRP2 standard deviation and 90th percentile R2 values were 0.54 and 0.85. 
The corresponding values for the CHIRP3 were 0.52 and 0.92.

Fig. 8  Comparisons of ¼° 1981–2020 monthly CHIRPS3, CHIRPS2 and GPCC Full v2022 data. (a) 
Correlations between monthly CHIRPS3 and CHIRPS2 precipitation anomalies. (b) Same, but for CHIRPS3 
and GPCC. (c) The difference between monthly mean CHIRPS3 and CHIRPS2 (CHIRPS3-CHIRPS2). (d) Same, 
but for CHIRPS3 and GPCC (CHIRPS3-GPCC). (e) The difference between the standard deviation of monthly 
CHIRPS3 and CHIRPS2 anomalies (σCHIRPS3-σCHIRPS2). f. Same, but for CHIRPS3 and GPCC (σCHIRPS3-σGPCC).
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Moreover, CHIRPS2 has a high proportion (80.7%) of stations below the acceptable variability threshold, high-
lighting a consistent underestimation of monthly rainfall fluctuations. These results indicate a clear improve-
ment in CHIRPS3’s ability to capture temporal variability and intensity across varied terrain in the Tensift Basin.

In Fig. 10a, the spatial maps highlight station-level performance across the Tensift Basin using CHIRPS3. Pearson 
correlation and RMSE values indicate that while several stations show moderate to high agreement with observed data 
(r ranging from 0.62 to 0.84), the performance varies with elevation and topography. Stations located in central and 
southern mountainous areas (elevation > 1000 m) tend to exhibit higher RMSEs and slightly lower correlation values 
compared to lower-elevation and flatter regions, suggesting spatial variability in CHIRPS3 performance likely influ-
enced by topographic complexity. It is also important to note that none of the selected stations used in this evaluation 
are part of the global gauge network incorporated in CHIRPS2 and CHIRPS3 blending (https://data.chc.ucsb.edu/
products/). Only three stations from an independent source are included in CHIRPS, and none of them are located 
in mountainous areas—providing limited ground reference for evaluating CHIRPS accuracy in high-elevation zones.

In Fig. 10b, the temporal plots of annual areal-averaged and point-based precipitation (1982–2022) illustrate 
the differences in agreement between satellite-based and observed precipitation. For areal-averaged precipitation, 
CHIRPS2 and CHIRPS3 show similar correlations with observed data (R = 0.85 and 0.84, respectively), though with 
differing RMSE values (60.4 mm vs. 84.7 mm). A similar pattern holds for point-based estimates, with both versions 
exhibiting the same correlation (R = 0.76), but RMSE values of 56.8 mm for CHIRPS2 and 70.4 mm for CHIRPS3. 
These results reflect differences in performance metrics depending on whether station-level or spatially averaged com-
parisons are used, highlighting the influence of spatial resolution and aggregation methods on validation outcomes.

The CHIRPS2 products are widely used to identify at-risk populations, while supporting anticipatory inter-
ventions, agricultural advisories, insurance products, and social safety nets. The CHIRPS3 development team 
sought to make version 3 better, but not too different from version 2. Using REGEN to clearly identify a system-
atic problem in version 2 (underestimation of variance) was key to its improvement. Many alternative algorithms 
were explored, but a very simple approach worked as well, or better, than the alternatives examined. Hence, a 

Fig. 9  Monthly comparison of CHIRPS3 and CHIRPS2 with observed station data in the Tensift River Basin, 
Morocco. (a) Scatterplot comparing monthly standard deviation (STD) of observed station data with CHIRPS2 
and CHIRPS3. (b) Same, as (a) but comparing the 90th percentile values. (c) Standard deviation ratio plotted 
against station elevation. (d) Distribution of stations across three standard deviation ratio categories: below 
(<0.8), within (0.8–1.2), and above (>1.2) the target range.
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simple ratio of mean pentadal precipitation and mean pentadal CCD forms the core of CHIRP3. It is surprising 
how well such a simple approach performs, capturing very well the REGEN-observed standard deviations and 
the REGEN-observed 90th percentile values. In Ethiopia, station data indicated similar results.

In addition to increased variance, CHIRPS3 also incorporates many additional stations, at both monthly and 
sub-monthly time-scales. Also, this new version extends to 60°S–60°N, and uses gauge-undercatch corrected 
station data.

When validating the CHIRPS3 products, or transitioning from CHIRPS2 to CHIRPS3, it is important to 
remember that CHIRPS3 will tend to be systematically wetter than CHIRPS2, by construction, because both the 
CHPclim v2 climatology and the blended station data are gauge-undercatch corrected. Section 5.1 provided an 
example of gauge-undercatch correction grids can be used to assess the accuracy of CHIRPS3.

Like CHIRPS2, CHIRPS3 ‘stacks’ information from a high-resolution satellite-enhanced climatology, TIR 
precipitation estimates, and gauge observations. Each of these components have been improved in version 3. The 
CHIRPS3 product benefits from many station data contributors (Table 1), the Climate Hazard Center validation 
team, the GridSat B131 and CPC32 TIR data, ERA542, and the training information contained in the IMERG 
dataset39. The CHIRPS products have been designed for the public good, supported by a broad set of contribu-
tors (Table 1, Table 3)48–54.

Data availability
The Climate Hazards Center Infrared Precipitation with Stations (CHIRPS v3) is a 40 + year, high-resolution 
quasi-global rainfall dataset. It spans 60°N to 60°S and covers all longitudes, providing data from 1981 to near-
present. CHIRPS v3 combines satellite-based thermal infrared rainfall estimates with in-situ station observations 
to produce a 0.05° gridded rainfall time series over land. Two CHIRPS products are available – a rapidly updated 
preliminary product and a final product. CHIRPS Preliminary incorporates rapidly updated station observations 
and is available 2 days after the end of a pentad (on the 2nd, 7th, 12th, 17th, 22nd and 27th day of each month). 
The CHIRPS v3 final product blends in best available station inputs and is produced once a month, typically 
on the third week of the following month. The dataset covers the global domain, with additional sub-domain 
products available for Africa and Latin America. CHIRPS v3 is available in several formats (GeoTIFF, NetCDF, 
BIL, and COG) and multiple timesteps (daily, pentad, dekad, monthly and annual). CHIRPS is fundamentally 
a pentad and monthly product, and all other time-steps are derived from those. Based on two different ways of 
downscaling CHIRPS v3, we provide two different daily products: A reanalysis ‘rnl’ and a satellite ‘sat’ product. 
The ‘rnl’ uses daily precipitation from the ECMWF ERA Reanalysis v5 (ERA5) data product to partition pentadal 
CHIRPS-v3 precipitation totals into daily amounts. The ‘sat’ uses daily precipitation from the NASA IMERG 
Late V07 data product (IMERG) to partition pentadal CHIRPS-v3 precipitation totals into daily amounts. More 
information can be found at https://data.chc.ucsb.edu/products/CHIRPS/v3.0/daily/readme.txt.

These data can be found at the UCSB CHC CHIRPS3 webpage (https://www.chc.ucsb.edu/data/chirps3), 
where the CHIRPS3 data repository is also located. The CHIRPS 3 has the following Digital Object Identifier: 
https://doi.org/10.15780/G2JQ0P43 CHIRPS3 is in the public domain, as registered with Creative Commons, 
and is under a Creative Commons Attribution 4.0 International License. To the extent possible under the law, the 
Climate Hazards Center has waived all copyright and related or neighboring rights to CHIRPS3.

Fig. 10  Spatial and temporal comparison of CHIRPS2, CHIRPS3, and observed precipitation in the Tensift 
River Basin, Morocco. (a) Spatial distribution of performance metrics (top panel Pearson correlation and 
bottom panel RMSE) for CHIRPS v3 based on point-to-pixel comparisons at station locations. (b) Comparison 
of CHIRPS2 and CHIRPS3 annual precipitation with areal-averaged (top panel) and point-based (bottom 
panel) estimates from the station observations for the period 1982–2022.
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Code availability
The code used to produce the CHIRPS3 product has been written the ‘Interactive Data Langauge’ (IDL). IDL 
is a commercial scientific programming language, supported by NV5 Geospatial Software (https://www.
nv5geospatialsoftware.com/Products/IDL). The CHIRPS3 IDL source code is available at https://data.chc.ucsb.
edu/products/CHIRPS/v3.0/diagnostics/chirps-v3.code.tar. Note that the CHIRPS blending and interpolation 
process, as represented by this code, is not intended to be an installable package.
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