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% Check for updates Paddy rice exacerbates climate warming through greenhouse gas emissions

but also cools the land surface by enhancing evapotranspiration. While the
former effect has received extensive attention, the biophysical cooling effect
remains poorly quantified, partly due to the lack of high-quality global paddy
rice data. Here, we address this gap by developing a universal rice mapping
framework that integrates the strengths of phenology-based and curve-
matching methods to construct the global, long-term rice dataset (Glo-
balRice500) with daily temporal and 500 m spatial resolution. Our analysis
reveals that paddy fields annually reduce daytime land surface temperature by
0.21 (+£0.0057)-0.27 (£ 0.0063) °C during the growing season compared to
other croplands, with stronger cooling observed in larger fields and partial
spillover to surrounding landscapes. These findings provide robust evidence
of the surface cooling effect of paddy rice and call for a comprehensive eva-
luation of its role in climate regulation.

Paddy rice is not only a cornerstone of global food security but also
influences the global climate in at least two distinct ways. On one hand,
rice cultivation accounts for nearly 30% of global agricultural methane
emissions' and ~48% of greenhouse gas emissions from croplands?,
contributing to global warming. On the other hand, paddy fields dis-
sipate substantial heat through evapotranspiration®, which helps lower
land surface temperature (LST). However, previous studies have
focused on the former (warming)*” effect but completely overlooked
the latter (cooling) effect, potentially leading to a skewed under-
standing of the overall climate impacts of rice ecosystems. Elucidating

the surface cooling effect of paddy fields is thus essential for a com-
prehensive assessment of their role in global climate regulation.

The global surface temperature effects of vegetation®’ (e.g.,
forests'°"? and urban greening™'") and irrigation™'® have been exten-
sively studied. Although paddy fields consume approximately 30% of
global irrigation water"” and represent a typical water-vegetation
hybrid system, their cooling effect remains poorly quantified. The few
existing studies are mostly limited to a relatively small geographic
scope'®?°, One key limitation in addressing this knowledge gap is the
lack of global rice distribution datasets with sufficient spatial and
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temporal resolution. As a comparison, forests typically exhibit long-
term land cover continuity and relatively regular seasonal patterns. In
contrast, paddy fields are subject to intensive human management,
which often results in frequent land use changes and irregular seasonal
dynamics. Such variability arises from practices such as crop rotation,
temporary fallowing, or land conversion, as well as from the flexibility
in planting schedules. In tropical regions, where water and heat are
available year-round, rice can be cultivated at almost any time of the
year. These characteristics make paddy fields especially challenging to
monitor. Unlike forests, which can often be described using annual or
multi-year averages, paddy fields require much higher temporal reso-
lution to accurately capture the start, end, and duration of the rice
growing season and to quantify their surface biophysical effect.
Considerable efforts have been made to map global rice area
using satellite remote sensing since 2004 (Supplementary Table 1).
However, to the best of our knowledge, none of the existing rice maps
simultaneously satisfy the multiple requirements of global coverage,
moderate spatial resolution, long temporal coverage and high tem-
poral resolution. Most available datasets have a temporal resolution no
higher than annual, with the exception of MIRCA2000” and
GAEZ +_2015%, which are monthly. Global-scale maps typically offer
coarse spatial resolution (>5 km)***, and are often limited to a single
year of temporal coverage, with the exception of GDHY* . Higher
spatial resolution maps generally have limited spatial coverage and are
predominantly available for more developed regions?®*, leaving data
gaps in less-developed areas such as Africa, Central and West Asia.

Here, we construct a spatially and temporally comprehensive
global rice dataset to assess the role of paddy rice in regulating land
surface temperature. We address major bottlenecks in rice mapping
caused by the variability in rice planting times and the deficiency of
prior knowledge. We develop a universal rice mapping framework that
identifies the start and end of the rice growing season on a daily basis,
capable of recognizing paddy rice with arbitrary durations and inten-
sities. This framework underpins the creation of GlobalRice500, a
global-scale, long-term dataset of rice planting area with daily tem-
poral and moderate spatial resolution. Finally, we analyze the cooling
effect of paddy fields and characterize its spatial and temporal pat-
terns, complemented by an uncertainty assessment to ensure the
robustness of the results. Our findings offer a perspective and con-
tribute to a more comprehensively understanding of the role of rice
ecosystems in global climate regulation.

Results

The construction of GlobalRice500: long term mapping of glo-
bal rice planting area

We first address the key bottlenecks in rice mapping by developing a
universal rice mapping framework that integrates Moving Phenologi-
cal Detection and Dynamic Time Warping (MPD_DTW¥, Fig. 1).
MPD _DTW identifies the start and end of rice growing season on a daily
basis, enabling the recognition of paddy rice with arbitrary growth
durations and intensities. By leveraging the concept of “moving
detection”, the MPD_DTW framework combines the dual strengths of
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Fig. 1| Schematic diagram of Moving Phenological Detectionand Dynamic

Time Warping (MPD_DTW). The diagram illustrates the workflow for identifying
rice growing seasons based on daily time series data. The MPD module detects the
start (SOS) and end (EOS) of the rice growing season (RGS) based on phenological
knowledge. Thin vertical lines without solid circles denote days that do not meet
the identification conditions, whereas thick vertical lines with solid circles indicate
days that do. EOS is searched after the identified SOS (denoted as i in the figure),
within a search window from i+ T1 to i+ T2 (yellow block), which corresponds to

the locally defined rice growth duration. The NDVI curve within the detected
SOS-EOS period (i to) is then analyzed by the DTW module to determine whether
the time period corresponds to a RGS. The DTW module subsequently provides
feedback to the MPD module, specifying the starting day for detecting the next
SOS. If the current curve is recognized as a RGS, the next SOS detection starts from
the day after the current EOS (j + 1), ensuring no temporal overlap between con-
secutive seasons. Otherwise, the SOS detection restarts from the day following the
current SOS (i +1).
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Fig. 2 | Long-term mapping of global paddy fields. a Global rice area in 2022,
presented as proportions within 10 km x 10 km grids. b Temporal variations in
global rice area. ¢ Continental shares of rice areas. d Temporal variations for

different continents. All panels are derived from GlobalRice500. Raw data to
reproduce b-d are provided as source data.

both phenology-based and curve-matching methods. This approach
has the advantage to go beyond rice mapping to offer inspiration for
mapping other crops with distinct phenological phases, such as winter
wheat characterized by a green-up stage.

We applied the MPD_DTW to analyze over 40 terabytes of
satellite imagery spanning 2000-2023 and created GlobalRice500°'—-
the global-scale, long-term coverage (2001-2022), daily temporal
resolution, 500 m spatial resolution dataset of rice planting area
(Fig. 2a). Since 2001, the global rice area has exhibited a fluctuating
upward trend (Fig. 2b), with a net expansion of over 21 million hec-
tares by 2022. Spatially, rice cultivation is primarily concentrated in
Asia, with additional distribution found in Africa, North America,
South America, Europe, and Oceania (Fig. 2c). From 2001 to 2022,
Asia remained the world’s dominant rice-growing continent,
accounting for >85% of the global rice area (Fig. 2c). Africa, now the
second-largest rice-growing continent, recorded the fastest growth
in rice area among all continents, more than doubling its area since
the early twenty-first century (Fig. 2d). In contrast, the Americas
experienced a notable decline (Fig. 2d). Driven by abundant heat and
water availability, equatorial regions showed a higher propensity for
rice cultivation (Fig. 2a). Aside from two leading rice-producing
giants, India (ranked first) and China (ranked second), most of the

other top countries with the largest rice areas were also located in
tropical and subtropical regions (Fig. 3a).

For reference, we compiled existing local-scale high-resolution
rice maps from diverse sources, including publicly available govern-
mental datasets and rice maps released by academic researchers. The
reference datasets cover all rice-growing continents and capture the
diversity of global cultivation systems such as single-, double-, and
multi-cropping (Supplementary Table 2). The overall accuracies typi-
cally exceed 90%, except in southeastern China, where it reached
88.85% (Fig.3a and Supplementary Table 3). Moreover, comparision of
country-level rice area between GlobalRice500 and FAO statistical data
for 113 countries revealed a high degree of consistency, with an
R-squared value of 0.98 (Fig. 3b). The spatial distribution of paddy rice
derived by GlobalRice500 also aligned well with existing high spatial
resolution rice maps (Fig. 3c-e).

The global cooling effect of paddy fields

The daily temporal resolution of GlobalRice500 enables precise deli-
neation of rice growing seasons across diverse cropping systems
worldwide, which is essential for quantifying the surface biophysical
effect of paddy cultivation. This cooling effect by paddy rice is mani-
fested in the reduction of land surface temperature (LST)", which is
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Fig. 3 | Validations of GlobalRice500. a Overall accuracies of GlobalRice500
across nine reference regions compared with satellite-derived rice maps.

b Comparison of GlobalRice500 and FAO country-level statistics for 113 countries
(2001-2022), where each dot represents a country-year observation. c-e Visual
comparison of rice spatial distribution between high-resolution rice maps and the

~500 m GlobalRice500 for Myanmar (2019; 96.1°E, 16.6°N) (c), the USA (2022;
121.8°W, 39.1°N) (d) and China (2019; 130.6°E, 46.4°N) (e). High resolution rice
maps include the 10 m NESEA-Ricel0%, the 20 m SEA20°® and the 30 m Cropland
Data Layer (CDL)*’.Raw data to reproduce (b) are provided as source data.

measured as the difference in LST (ALST) between non-paddy crop-
lands and paddy fields during the rice growing season (see “Methods”).
Our findings demonstrate that rice cultivation exerts a widespread
cooling effect on the Earth’s surface. Globally, the annual mean day-
time ALST between non-paddy croplands and paddy fields during
2003-2020 fluctuated between 0.21 (+£0.0057)°C and 0.27
(£0.0063) °C (Fig. 4a). In contrast, the nighttime ALST was much
smaller and nearly negligible—typically close to zero—indicating that
the nighttime LST of paddy fields closely resembles that of sur-
rounding non-paddy croplands (Figs. 4b and 5b). Uncertainty analyses
of annual means for daytime and nighttime are reported in Supple-
mentary Tables 4 and 5, respectively. During the rice growing season,
daytime ALST exhibited an inverted V-shaped pattern with time,
reaching its maximum value around Day of Season (DOS) 60-100
(Fig. 5¢), largely corresponding to the peak growth stage.

We quantified the relationship between daytime ALST and paddy
proportion (Methods) within 10-km grids and found that regions with
higher paddy proportions exhibited stronger cooling effects (Fig. 5a).
Regression analysis showed that ALST increased by approximately
0.0014 °C for every 1% increase in paddy proportion. Daytime ALST
was further analyzed across different paddy field sizes, revealing that
larger paddy fields tended to exhibit stronger cooling (Fig. S5b-d).
Specifically, the maximum ALST during the rice growing season
increased from 0.18 (+ 0.0032) °C at size 1 to 0.69 (+0.042) °C at size
11 (Fig. 5¢).

To further investigate the spatial extent of the cooling influence,
surrounding non-paddy areas were divided into concentric square-

shaped rings according to their distances from the paddy fields,
termed non-paddy ladders (NPLs) (Methods). Regardless of paddy
field size, NPLs closer to paddy fields consistently showed lower ALST,
which gradually increased and stabilized when moving further away
from the paddy fields (Fig. 5d). This pattern indicates that the cooling
effect of paddy rice extends beyond paddy field boundaries and spills
over into surrounding non-paddy areas. Such spillover cooling sug-
gests that paddy fields may contribute to local land surface tempera-
ture reduction®, potentially mitigating urban heat island effects in
adjacent cities®**. To mitigate the spillover effect of paddy field
cooling, NPLg.o was excluded in the calculation of ALST in Fig. 4 and
Fig. 5a-c, with non-paddy areas represented by NPL;g.30 (Methods).

Discussion

Our first goal is to develop a universal crop identification framework
adaptable across diverse crop varieties, agro-climatic regions, and
cropping systems. The proposed MPD_ DTW framework leverages the
idea of “moving detection” to integrate the strengths of phenology-
based and curve-matching methods while mitigating their respective
limitations. Its demonstrated spatial and temporal transferability in
global, long-term rice mapping underscores its robustness. While NDVI
and LSWI effectively capture flooding and greening dynamics in many
paddy rice systems, they may underperform in regions with atypical
water-management regimes and in dry direct-seeded systems, where
flooding signals are often weak or absent. Moreover, although the
500 m spatial resolution of GlobalRice500 marks an advance over
most existing global rice maps (>5 km, Supplementary Table 1), mixed-
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Fig. 4 | Global cooling effect of paddy fields. Geospatial distribution of mean
daytime (a) and nighttime (b) land surface temperature difference (ALST) during
2003-2020, displayed as averages within 10 km x 10 km grids. ALST indicates the

difference in LST between non-paddy croplands and paddy fields (non-paddy
minus paddy) during the rice growing season.

pixel effects cannot be entirely avoided, as a single pixel may encom-
pass multiple land-cover types, leading to spectrally mixed signals and
reduced classification accuracy. Small, fragmented, and hetero-
geneous rice plots are particularly difficult to delineate accurately,
whereas large, contiguous paddies can be mapped with greater
confidence.

Statistical data (e.g., FAO) and satellite-derived observations (e.g.,
GlobalRice500) possess distinct advantages and limitations, yet their
complementary strengths can be leveraged to provide a more com-
prehensive understanding of the global rice distribution. Building on
this complementarity, our evaluation of GlobalRice500 integrates
both perspectives: FAO statistics provide aggregated national or
regional totals useful for benchmarking large-scale, long-term con-
sistency, whereas satellite-derived maps deliver fine-scale spatial

details over specific periods, essential for characterizing local hetero-
geneity. However, our validation based on existing satellite-derived
maps may exhibit spatial and temporal unevenness. Since Asia
accounts for more than 85% of the global rice-harvested area and
exhibits diverse cultivation systems, validation in this region is more
extensive and detailed than in other regions. Moreover, existing high-
resolution rice maps are generally limited in temporal and/or spatial
coverage (Supplementary Table 1), resulting in an uneven and
incomplete validation scope. This limitation further underscores the
motivation for, and contribution of, producing the global, long-term
rice dataset, GlobalRice500.

Our analysis provides the global assessment of the cooling effects
of paddy fields on land surface temperature. The cooling effect of
paddy rice stems primarily from the redistribution of the absorbed
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Fig. 5 | Multidimensional variations of land surface temperature difference
(ALST). a Relationship between ALST and paddy proportion (Methods). Marker
color indicates the standard error of the mean (SEM). b Variations in ALST with
paddy field size. Red indicates daytime means and blue indicates nighttime means.
Paddy size is represented by the side length (in pixels) of the paddy fields; for
example, a value of 5 denotes paddy fields measuring 5 x 5 pixels. Error bars indi-
cate 95% confidence intervals (95% Cls). ¢ Seasonal variations of ALST across

Non-Paddy Ladders

different Days of Season (DOS) for paddy fields of varying sizes, with curves
smoothed using a five-day moving average. Numbers in parentheses indicate SEM.
d Spillover effect of paddy field cooling. The number k on the horizontal axis
denotes the subscript of NPL, (Methods). Different colors indicate paddy fields of
varying sizes. Lines with markers show the means; shaded ribbons indicate the 95%
Cls. Raw data to reproduce this figure are provided as source data.

solar energy through evapotranspiration®’, which includes both eva-
poration of surface water and plant transpiration. This process con-
verts incoming solar radiation into latent heat, reducing the amount of
sensible heat that would otherwise increase LST. At night, solar
radiation drops to zero and evapotranspiration decreases sub-
stantially, explaining the negligible effect on LST (Figs. 4b and 5b),
which is consistent with previous findings”.

To ensure a comparable background, the non-paddy croplands
serving as the control group were carefully selected under multiple
constraints (Methods)*""*. Nevertheless, some determinants of LST
cannot be fully constrained in an observational design, and residual
differences in broadband albedo, soil moisture, and irrigation infra-
structure may still have influenced our estimates. Additionally, the LST
dataset used predominantly represents clear-sky rather than all-
weather conditions®. As it is derived from MODIS, retrievals rely on
assumptions about atmospheric profiles and surface emissivity, and
residual biases may arise under aerosol or thin-cloud contamination or
over heterogeneous terrain®. Finally, combining 1km LST with 500 m
rice maps inevitably entails a change of support; mixed-pixel and

adjacency effects can introduce bias and attenuate field-scale LST
gradients.

Given that the accuracy of satellite-derived LST retrievals varies by
climate®, we further conducted a sensitivity analysis by stratifying
ALST by Koppen-Geiger climate zones (2017)*. Zone-level means
were summarized with 95% confidence intervals (Cls) and standard
errors (SEs) (Supplementary Table 6). The SEMs were consistently
small and the Cls were narrow across climate zones, indicating that,
despite potential retrieval biases, the observed cooling effect of paddy
fields remains statistically robust.

Among different land-use and land-cover types, afforestation has
been reported to induce local cooling of 0.07-1.16 °C*’. Satellite-based
analyses further demonstrate that the LST effects of forests vary by
forest type and latitude—showing cooling of 0.27+0.03°C in mid-
latitudes, 0.50 + 0.19 °C in southern high latitudes, and 2.41 £ 0.10 °Ciin
tropical forests, but warming of 0.79 +0.03 °C in boreal forests". By
contrast, our results indicate that daytime mean cooling ranges from
0.13+0.03°C in smaller (-500mx500m) paddy fields to
0.43+0.03 °C in larger (-5.5 km x 5.5 km) ones. It is worth noting that
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the forest-related cooling reported above is measured relative to
openlands, whereas our estimates are referenced to non-paddy crop-
lands. Despite the smaller magnitude, the paddy-induced cooling
represents a significant biophysical signal for an intensively managed
and spatially fragmented agroecosystem.

As water-rich agroecosystems, paddy fields exert contrasting
effects: abundant standing water enhances evapotranspiration and
induces local cooling, whereas persistent flooding creates anaerobic
conditions that stimulate methanogenesis, thereby increasing
methane (CH4) emissions®. According to the IPCC Sixth Assessment
Report (AR6), the best estimate of the total human-caused increase in
global mean surface air temperature (GSAT) from 1850-1900 to
2010-2019 is 1.07 °C*. Global rice cultivation contributes approxi-
mately 2.5% to present-day anthropogenic warming*, corresponding
to a GSAT contribution of about 0.03 °C. These GSAT-based estimates
reflect the global, multi-decadal accumulation of atmospheric heat
driven by greenhouse gases, whereas our LST-based results quantify
the global mean biophysical response of surface energy fluxes, pri-
marily driven by local evapotranspiration from paddy fields. Although
our results reveal that paddy fields exhibit an annual mean cooling of
0.21-0.27 °C relative to other croplands, it is important to note that
they occupy only about 1% of the global land surface*”. Future studies
should harmonize these temperature metrics to better quantify the
integrated climate impact of paddy cultivation.

These findings have broader implications for global climate pol-
icy. While greenhouse gas mitigation remains the primary objective for
reducing anthropogenic warming, the biophysical cooling of paddy
agroecosystems should also be recognized as a local adaptation co-
benefit*’. Previous studies have shown that vegetation greening can
induce a net cooling effect on surface air temperature through
enhanced evapotranspiration, partly offsetting greenhouse-gas-driven
warming*. By quantifying the biophysical cooling effects of paddy
ecosystems, our study provides a complementary basis for refining
climate modeling and informing more balanced, climate-responsive
agricultural strategies. At the field scale, such strategies could leverage
the local cooling of paddy fields to buffer heat stress on crops and farm
labor, thereby moderating hot-spot temperatures during the growing
season. In many regions, dryland crops in low-lying areas often suffer
from waterlogging during heavy rainfall, whereas these same areas are
naturally suited for paddy cultivation, which can better utilize the
standing water and mitigate heat stress. Where water availability
allows, maintaining paddy in heat-prone subregions could be con-
sidered to harness these microclimate benefits, though such measures
must be carefully evaluated in light of greenhouse gas and water
management trade-offs.

Methods

Data sources and preprocessing

In this study, all available -500 m 8-day Moderate Resolution Imaging
Spectroradiometer (MODIS) surface reflectance products from 2000
to 2023 were utilized to extract land surface information. Normalized
Difference Vegetation Index (NDVI) and Land Surface Water Index
(LSWI) were calculated from surface reflectance using the following
formulas, and recorded their Days of Year (DOYs) in the meantime.

NIR — R

= 1

NDVI NIRTR @
NIR — SWIR

= 2

LSWI NIR + SWIR @

where R, NIR, SWIR represent the band of red (620-670 nm), near
infrared (841-876 nm), short-wave infrared (2105-2135nm), respec-
tively. NDVI could reflect crop biomass and chlorophyll content, since
it's correlated with leaf area index (LAl), green biomass, and percent

green vegetation cover®. LSWI is sensitive to the total amount of liquid
water in vegetation and its soil background*, so it has been widely
used to identify flooding signals during rice transplanting period.
Maximum synthesis of NDVIs from MODQ9A1 and MYDQ9A1 was then
performed each 8-day interval, in order to reduce the contamination of
clouds and rain. Since the sensitivity of flooding signals is crucial for
rice mapping, all the available LSWIs were retained”. To acquire daily
Vs, we applied a Savitzky-Golay filter** to the NDVIs and a linear
interpolation to the LSWIs.

To improve mapping efficiency and accuracy, Land Cover (LC)
Products were added to mask out non-cropland area. We selected
three LC products: IGBP (MCD12Q1 Land Cover Type 1) from 2001 to
2022, GlobeLand30* in 2010 and Crop Data Layer (CDL) in
2008-2022. GlobeLand30 and CDL were resampled into the format of
500 m MODIS tiles, and pixels with cropland no less than 50% were
reserved. Resampled CDL cropland were used as the cropland mask of
the USA. For other area outside the USA, we chose the union of IGBP
cropland and GlobeLand30 cultivated land as the cropland mask.

Rice maps around the world were collected for parameter selec-
tion and accuracy assessment (Supplementary Table 2), which may
come from officially released data, previous studies, ground surveys,
visual interpretation, etc. Rice maps were processed to the same for-
mat as 500 m MODIS tiles, consistent with NDVIs and LSWIs. When
processing a rice map with spatial resolution much higher than 500 m
(for example, 10 m), we first scan the whole image with a LxL
detecting window to select vast pixels, that means, fragmentary pixels
which are not inside any detecting window would be excluded. L
denotes the length of detecting window. Then, we resampled the
scanned high-resolution image to 500 m, labeled 500 m pixels with
rice proportion more than 50% as rice. For rice probability surface map
in Australia, we used PhenoRice* algorithm to select highly reliable
rice pixels. Moreover, for calibration and validation, we obtained
country-level statistics from Food and Agriculture Organizations of the
United Nations (FAO).

The global seamless 1km daily land surface temperature (LST)
dataset in 2003-2020°¢ was adopted to analyze the cooling effect of
paddy fields, which contains daytime (13:30) LST and nighttime (01:30)
LST. The Digital Elevation Model (DEM) dataset incorporated to
improve the reliability of calculation of cooling effect. The DEM data-
set we used was Global Version Elevation (GVE). Both the LST and DEM
datasets were resampled to the 500 m MODIS tile format for con-
sistency with GlobalRice500.

Rice mapping framework

The MPD_DTW framework (Fig. 1) consists of two core modules:
Moving Phenological Detection (MPD) and Dynamic Time Warping
(DTW). The MPD module detects the start of the season (SOS) and end
of season (EOS) of the rice growing season on a daily, pixel-by-pixel
basis. SOS is identified based on the flooding criterion (Eq. 3).

LSWI +F >NDVI 3)

where F represents the flood factor. This process continues daily until
LSWI+F exceeds NDVI, marking the onset of transplanting and thus
defining the SOS. Following this, MPD identifies EOS when a local
minimum of NDVI is detected, indicating a significant decline in bio-
mass and greenness after harvest. EOS detection is further constrained
such that

EOS — SOS € [Ty, Ty )

where T; and T, denote the lower and upper bounds of the locally
defined rice growth duration. If no day satisfies the conditions of EOS
within this expected time window, the module resumes the search for
the next SOS.
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Once an SOS and an EOS are established, the NDVI curve from this
interval is analyzed through the DTW module. This module calculates
the dissimilarity between the detected NDVI curve and a predefined
standard rice NDVI curve derived from the collected reference rice
maps. To accommodate the variability in the lengths of rice growing
seasons, we employed the classic curve-alignment algorithm DTW to
compute the dissimilarity. DTW nonlinearly aligns two time series of
varying lengths to find the optimal warping path®*2, The cost of the
optimal alignment can be recursively computed by

D(A,.,I,Rj,l)
D(4,R;) =6(a;r;) + min{ D(A;R;.,) ®)

J
D(Ai1,R)

where A;=(ay, ..., a;) is the subsequence of the NDVI curve of an
observed pixel within the identified SOS-EOS period, and
R;=(ry, ..., r;) is the subsequence of a standard rice NDVI curve. The
DTW dissimilarity is then given by the distance at the end of the
alignment, D(A, R), which reflects the overall similarity in biomass and
greenness dynamics between observed pixels and standard rice
phenology.

If the DTW dissimilarity falls below a predefined threshold, cur-
rent NDVI curve would be classified as a rice curve. And the detection
of SOS will immediately skip to the identified EOS, ensuring no over-
laps between different rice growing seasons. If the dissimilarity failed
to satisfy the condition, the detection of SOS would continue at the day
after current SOS.

Accuracy assessments of rice mapping
To evaluate mapping performance, two approaches were used. One is
to precisely compute accuracies in reference regions where rice sam-
ples are present, the other is to compare mapped areas with statistical
data across all subregions where official statistics are available.
Producer’s Accuracy (PA), User’s Accuracy (UA), Overall Accuracy
(OA) and F1 score were used for accuracy assessment in reference
regions. The corresponding formulas are as follows:

PA= TPT+PFN ©
UA= % %)
OA= p N s FPF TN @
2

where TP denotes true positives (i.e., rice correctly predicted as rice),
TN stands for true negatives (i.e., non-rice correctly predicted as non-
rice), FP represents false positives (i.e., non-rice incorrectly predicted
as rice), and FN refers to the false negatives (i.e., rice incorrectly
predicted as non-rice).

Country-level validation was performed against FAO statistics. For
each country and year, we aggregated the pixel-level satellite-derived
results into harvested area by summing the area of all pixels mapped as
harvested and counting distinct harvest events within the calendar
year (i.e., a pixel harvested k times contributes k x pixel area). This
aggregation matches the spatial and temporal scales of the FAO data.
Specifically, the relative errors (§) between mapped areas and

statistical areas were computed:

_ Areamap,k,c - Areastat,k,c

6
Areastat, k,c

x100%

10)

where k denotes year, c represents country, Area,,,, means the harvest
areas from mapping results and Areag, refers to the harvest areas
from statistics.

Measuring cooling effect of paddy fields

The ALST was used to quantify the cooling effect of paddy fields, which

represents the difference in LST between surrounding non-paddy

cropland and paddy fields during the growing seasons (Eq. 11).
ALST=LST —LST (11)

non—paddy paddy

where LST 44y and LST,,,_paqgy denote the mean LST of paddy and
non-paddy areas, respectively. Unless specified, LST refers to the mean
LST during the rice growing season. In the calculation of the mean
value of LST, we excluded data below the 5th percentage and above the
95th percentage to mitigate the impact of outliers.

To enhance comparability and reduce uncertainty, the non-paddy
areas were selected under the following constraints®**: (1) non-paddy
pixels were selected exclusively from cropland to mitigate dis-
turbances from the underlying surfaces; (2) the paddy and non-paddy
fields cannot be too distant from each other to ensure similar climatic
conditions. We established a maximum allowable distance of 20 km
between paddy and non-paddy fields; (3) elevation differences
between paddy and non-paddy fields should be controlled to reduce
temperature variations caused by changes in elevation. In our study, all
elevation differences were less than 50 m; (4) the number of non-
paddy pixels needs to be sufficiently large, reducing random errors. In
our analysis, at least 10 non-paddy pixels were included in each
comparison.

To analyze the relationship between ALST and paddy proportion,
the paddy proportion refers to the percentage of paddy rice within a
grid composed of 20 pixels x 20 pixels (approximately 10 km x 10 km).
All 10 km x 10 km grids across the globe are binned based on paddy
proportion, with each bin representing a 1% interval. For example, bin k
represents all grids where paddy proportion in the range (k-1%, k]. The
mean ALST during 2003-2020 of each bin is used as the representative
ALST for that bin. Grids with a paddy proportion smaller than 0.2 were
excluded, as the irradiance effect can be better observed when vege-
tation fraction is higher than 0.2°3**,

To represent non-paddy areas at different locations, the non-
paddy ladder (NPL) was defined. Specifically, NPLq refers to the set of
non-paddy pixels within a square-shaped ring with a distance of d
pixels from the edge of the paddy field (Supplementary Fig. 1a). NPLg;-
42 denotes the non-paddy pixels located within a square-shaped
annular area between d1 and d2 pixels from the edge of the paddy field
(Supplementary Fig. 1b). Please note that the distances described in the
subscripts are measured in units of MODIS pixels (-500 m).

In this study, if no specific NPL is indicated, the “non-paddy” in
LST,on_paddy default to NPLyg.30. NPL;o.30 was chosen instead of NPLg 30
(excluding NRLy.9). When examining the ALST across different non-
paddy ladders (NPLs), non-paddy area in LST,,,_,q4y iS Specified as a
particular NPLy4 (Supplementary Fig. 1c). For example, In the x-axis of
Figs. 2, 3 represents NPL3, i.e., NPL3-4.

Uncertainty analysis of ALST

For ALST estimates at 500 m resolution, we quantified their uncer-
tainty using a block bootstrap®™* procedure, to account for both
spatial and temporal autocorrelation. Each bootstrap sampling unit
was defined as the combination of a spatial block (64 x 64 pixels,
~32 x 32 km) and a temporal unit (one calendar year). The ALST mean
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was recalculated for each bootstrap replicate. Based on 10,000 repli-
cates, the standard errors of the mean (SEMs) and 95% confidence
intervals (95% Cls) were derived from the bootstrap distributions. For
the paddy-proportion-based means (Fig. 5a), the data had already been
aggregated to 20 x20 pixels; therefore, uncertainty was assessed
directly using a Student’s ¢ test. The “+” values reported throughout
this paper represent the standard error of the mean (SEM) unless
otherwise specified.

Data availability

The GlobalRice500” dataset generated in this study have been
deposited in the Zenodo database (https://doi.org/10.5281/zenodo.
17460919). The mean values and uncertainty quantification underlying
the Figures generated in this study are provided in the Supplementary
Information and Source Data file. Publicly available data used in this
study are referenced. Source data are provided with this paper.

Code availability

The MPD_DTW? code is available at https://doi.org/10.5281/zenodo.
17679402. The source code is freely available for non-commercial
research and educational purposes, provided that proper attribution is
given. Modification and redistribution are permitted under the same
conditions. Commercial use of the software is strictly prohibited.
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