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Deciphering the capricious precipitation
response: irrigation impact in the North
China Plain
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Intensive irrigation in the North China Plain (NCP) raises environmental concerns, yet its climate
impacts remain inconsistent among current modeling studies. These inconsistencies may arise from
deficiencies in existing models. To better capture irrigation impact, we employed a recently improved
irrigation model tailored for the NCP, which significantly enhances simulations of crop growth and
irrigation application. Results reveal that irrigation exerts competing effects on precipitation:
enhancing it inMay and June by increasing rainfall frequency and intensity, while suppressing it in July
and August by reducing intensity. Spatial precipitation changes correlate with upper-tropospheric
humidity, while inter-annual changes link to geopotential height and wind anomalies. This suggests
that irrigation-induced surface cooling and moisturizing modulate atmospheric thermodynamic and
dynamic structures, influencing convective precipitation unevenly across regions and time, leading to
complex precipitation changes. These findings highlight the complexity of irrigation impacts and
emphasize the need for improved land representation in climate models.

Irrigation, as a crucial agricultural practice, plays a vital role in ensuring food
security and sustaining agricultural productivity1,2. Unsurprisingly, the
intensive and extensive water consumption for irrigation has raised con-
cerns about its potential impact on the climate system, particularly in
regions like the North China Plain (NCP). As one of the largest plains in
eastern China (highlighted by the red box in Fig. 1), the NCP features low
elevations (mostly below 100m), which support its suitability for cultiva-
tion. This region is predominantly covered by cropland, with a significant
portion dedicated to double-cropping systems3 (Fig. 1b). Despite the
extensive cropland coverage, the climatological precipitation in the NCP is
only about half of that in southern China4 (Fig. 1c), highlighting the critical
reliance for irrigation. According to the FAO AQUASTAT database5, irri-
gated cropland accounted for more than 70% of the total land use in the
region’s pluvial areas in 2005 (Fig. 1d).

All these unique characteristics make the NCP particularly vulnerable
to irrigation.However, the irrigation climate impact inNCP is still debatable
among the existing literature. While most studies acknowledge that irriga-
tion has resulted in significant cooling6–11 and an increase in spring
precipitation7,9,11,12, the effects on summer precipitation remain far less clear.
Specifically, the regional climate model (RCM)-based studies have reported
conflicting results, with some suggesting that irrigation promotes summer

precipitation8,10,12, while others suggest a reduction6,9. Meanwhile, some
studies argue that the summer precipitation changes are heterogeneous,
varying across different areas in eastern China7,11. This divergence in find-
ings is particularly significant because summer precipitation is the main
source of rainfall in the NCP, accounting for the majority of the annual
total13. The ongoing uncertainty regarding how irrigation influences sum-
mer precipitation underscores the complexity of its overall impact on the
regional climate system.

The inconsistency and heterogeneity in the existing literature can be
attributed to inherent differences in climatemodels and the lower sensitivity
of summerprecipitation to additionalmoisture compared to thedrier spring
season. However, the limited capabilities of current crop and irrigation
models14,15 are more likely the primary reason for these inconsistencies.

First, these models may not fully account for dynamic vegetation, as
they struggle to accurately simulate irrigated vegetation patterns and their
sensitivity towater availability.Most studies simply addwater to soil surface
while adopting the same satellite-defined vegetation in both irrigation and
non-irrigation scenarios, thereby neglecting the indirect effects of irrigation
through vegetation promotion. Given that vegetation can account for a
substantial portion of the biosphere and atmosphere interactions16, typically
the precipitation17–19, this oversight can lead to considerable
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misrepresentation of the irrigation impact. Wu et al.7 highlighted that
neglecting dynamic vegetation could lead to an approximate 30% under-
estimation of irrigation impacts. Similarly, Harding et al.20 also demon-
strated that utilizing dynamic irrigated crops results in greater precipitation
increases compared to static crops.

Second, the crop and irrigation seasons are often misrepresented. The
NCPwidely employs adistinctive double-cropping rotation, as evident from
satellite vegetation patterns3,21, which is rarely considered in current climate
models. Consequently, many models are only activated for the summer
crop, overlooking the winter and early spring irrigation. This omission can
lead to skewed conclusions since the dry season, particularly early spring,
might be more sensitive to irrigation and could have a more pronounced
impact on the local climate11. Liu et al.9 also claim that spring irrigationmay
decrease summer precipitation due to the long memory of soil moisture.
Although a few studies attempt to incorporate double-cropping or winter
irrigation by predefining the crop season6,7,9, this predefined approach may
fail to capture the slower growing degree day (GDD) accumulation and
affected growth rates due to irrigation-induced cooling9,22.

Third, the simulation of crop growth and irrigation amounts can be
imprecise. Models using default schemes calibrated with global or U.S. data
may not accurately reflect the spatial and temporal variability of conditions
in the NCP. Given that irrigation responses are highly region-specific, it is
crucial to regionalize these models to capture more localized details, which
has been shown to significantly improve the simulation of crop growth and
irrigation22–24.

These limitations constrain a comprehensive understanding of
irrigation-inducedclimate effects. To address these challenges, we adopted a
recently developed integrated irrigation model specifically tailored to the
NCP22. This model is built upon the Noah land surface model with multi-
parameterization options (Noah-MP) and is coupled with the Weather
Research and Forecasting Model (WRF), previously used to study the irri-
gated agriculture inside theUnited States. Tomake itmore applicable to the
NCP, which has totally different conditions from the United States, Fan
et al.22 have recalibrated the parameters using local data and incorporated
several new features, includingdynamic crop growth,multiple crop seasons,
and interactive irrigation applications. These modifications enable the
simulation of double cropping rotation and cold season irrigation, both of
which are critical to NCP but were previously omitted in earlier versions of
the model. Additionally, the improved model captures how crops respond
dynamically to various irrigation levels, enabling two-way feedback between
irrigated crops and the climate. Overall, the improved model effectively
addresses the three limitations mentioned earlier, which can be evident in
the model’s enhanced ability to simulate crop stages, field biomass and
monthly leaf area index (LAI), as well as capture the regional differences in
irrigation application. However, these model advancements have primarily

focused on land surface variables and have not yet been applied to evaluate
atmospheric or hydrological processes. Thus, our study aims to adopt this
improved model to systematically investigate the irrigation impacts on
regional climate. To ensure the reliability of our findings, we first evaluate
the model’s performance in simulating climate-related variables. Then, we
analyze the spatial and temporal patterns of temperature and precipitation
changes to better understand their seasonal variations and their underlying
mechanisms. By exploring the complex relationship between irrigation
practices and climate, this study seeks to provide insights that can inform
more effective and sustainable water resource management strategies in the
context of a changing climate.

Results
Validation
Given the interactions between the atmosphere and irrigated crops, we
conduct validation on six key variables from background climate (tem-
perature and precipitation), vegetation pattern (LAI and grain mass), and
hydrological sectors (irrigation application and total runoff). The purpose of
this validation is to ensure that the model accurately captures the overall
ecohydrological cycle, and the inclusion of irrigation improves the model’s
performance in simulating irrigation-related variables. Therefore, we vali-
date both the spatial climatology patterns (Fig. 2) and the temporal patterns,
including inter and intra-annual variability (Fig. 3). Note that both the
control experiment (CTL, scenario without irrigation) and the irrigation
experiment (IRR, scenario with irrigation) are conducted using the
improvedmodel. The unimprovedmodelwas excluded from the validation
process, as it may not be capable of reasonably predicting yield or irrigation
amounts22.

Figure 2 shows the spatial validation in the focused NCP region
only, while the validation for the whole model domain over eastern
China is provided as Fig. S1. IRR performs much better across most
variables, especially for vegetation growth and runoff. Notably,
irrigation-induced cooling shifts the warm bias to a cold bias, but with a
smaller magnitude. Figure 3 displays the monthly and yearly average
temperatures over the NCP land. Although CTL only shows a slight
systematic cold bias in the yearly average (Fig. 3b), there is actually a
pronounced warm bias from April to September (when the crop grows
better based on Fig. 3c), partially offsetting the cold bias observed in
winter, as shown by the orange bars in Fig. 3a. Irrigation significantly
reduces the summer warm bias, thus, leading to a more pronounced net
cold bias in the annual average (blue bars in Fig. 3a, b). Given that our
primary focus is on the crop season, the winter cold bias may have a
smaller impact on our conclusions, and the temperature in Fig. 2 is only
validated from April to September. The benefit of incorporating irri-
gation to reduce the warm bias is also found in central US25.

Fig. 1 | Basic information about theNCP region. aTopography (m), bCrop Rotation, cAnnual Precipitation (mm/yr), d Fraction of irrigation (%) over themodel domain,
where the red box highlights the NCP region.
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Fig. 3 | Temporal validation for the CTL and IRR simulation in 2005-2014. Lines
represent the spatially averaged value of both observation and simulations, while the
bars represent the bias of each simulation compared with the observations shown in
the lines. Black, orange and blue represent OBS, CTL and IRR, respectively.

aMonthly temperature over the NCP region. b Yearly temperature over the NCP
region. c Monthly LAI over the double-cropping area in the NCP region. d Yearly
LAI over the double-cropping area in the NCP region.

Fig. 2 | Spatial validation for climatology annual mean of the CTL and IRR
simulation in 2005-2014 for NCP region only. a–fMean of OBS. g–l Bias of CTL
(i.e., CTL-OBS). m–r Bias of and IRR (i.e., IRR-OBS). Temperature validation is

conducted for crop season (Apr–Sep) only. Grain mass and irrigation are only
shown in the crop area, with non-cropping areas being masked out.
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Additionally, the IRR simulation shows amarkedly improved ability to
reproduce vegetation or crop growth, typically in double-cropping regions.
Fig. S2 displays monthly averages over land, cropland (excluding moun-
tainous regions), single-cropping regions, and double-cropping regions,
separately. IRR significantly enhances model predictability in the heavily
irrigated double-cropping region (Fig. 3c or Fig. S2h). However, in the
single-cropping region, it overestimates the LAI during the growing season
and showsno changes during thenon-growing season (Fig. S2f), resulting in
an overall yearly mean LAI that remains below observed values (Fig. 3d).
Nevertheless, the overall improvement compared to CTL underscores the
critical role of irrigation in the double-cropping-dominant NCP. Since LAI
is essential for modeling land-atmosphere interactions and energy
partitioning26,27, the substantial LAI gap betweenCTL and IRR also suggests
that failing to incorporate vegetation responses can result in noticeable
deviations when quantifying the irrigation impact.

General irrigation impact on climatology
The validation of both spatial and temporal patterns for selected variables
confirms the reliability of our simulations in studying the impacts of irri-
gation. Based on this validation, Fig. 4a presents the average irrigation
amount from 2005 to 2014, while Fig. 4b-j display the climatological dif-
ferences in climate variables between irrigation and non-irrigation experi-
ments (i.e., IRR−CTL). As expected, irrigation is primarily concentrated in

theNCP region, directly promoting vegetation growth, especially in double-
cropping areas. The additional water and enhanced vegetation lead to
greater evapotranspiration, driven primarily by increased evaporation from
wetter soil conditions and, to a lesser extent, by transpiration from more
vigorous vegetation. This further leads to localized cooling in the near-
surface atmosphere, with the most significant cooling of ~2 °C and an
average of about 1 °C over the NCP region. Furthermore, a substantial
increase in humidity, approximately 0.0016 kg/kg or around 30%, occurs
exactly where intensive irrigation and cooling are observed. All these
changes are uniform across the region, with theirmagnitude corresponding
to the spatial distribution of irrigation.

As mentioned previously, precipitation changes are more hetero-
geneous. Our findings indicate that while humidification favors precipita-
tion, it occurs simultaneously with cooling-induced stabilization which is
less favorable for precipitation. Nevertheless, we found notable increases in
convective precipitation exist in the northern NCP and to the south of it, as
well as a less pronounced increase in non-convective precipitation in almost
the whole southern China. Although decreases in both convective and non-
convective precipitation can be observed, they are neither significant nor
consistently happen in each year when considering total precipitation
changes. Thus, only a few areas show statistically significant and consistent
precipitation increases that meet the following criteria: (1) precipitation
changes consistently increase or decrease for equals to ormore than 7 out of

Fig. 4 | lrrigation amount and its annual impact. a Climatology mean of irrigation
amount (mm/yr) and b–j irrigation-induced changes (IRR−CTL) in climatology
mean of b leaf area index (m2/m2), c evapotranspiration (mm/yr), d ground eva-
poration (mm/day), e 2 m humidity (g/kg), f 2 m temperature (°C), g total pre-
cipitation (mm/yr), (h) convective precipitation (mm/yr), i non-convective
precipitation (mm/yr), and j relative precipitation changes (%). The red-colored
regions in g total precipitation highlight the regions that meet the following criteria:

(1) precipitation changes consistently increase or decrease for at least 7 out of the 10
years analyzed, (2) the absolute annual change (either increase or decrease) exceeds
50 mm, (3) the relative annual change (either increase or decrease) exceeds 10%, and
(4) the annual changes are statistically significant at the 95% confidence level as
determined by a t-test. The numbers indicate spatial mean changes over NCP land
grids (blue), crop grids (green), and double-cropping grids (red).
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the 10 years analyzed, (2) the absolute annual change (either increase or
decrease) exceeds 50mm, (3) the relative annual change (either increase or
decrease) exceeds 10%, and (4) the annual changes pass the 95% confidence
interval as determined by a statistical t-test. These regions with significant
and consistent annual increases also experience a notable rise in convective
precipitation, particularly in parts of northern NCP, where these changes
contribute to over 15% of the annual precipitation. In contrast, while pre-
cipitation increases in southern China are significant and consistent, they
typically account for less than 5% of the annual total (Fig. 4j), thus not
highlighted in Fig. 4g.

Temporal pattern of irrigation, temperature and precipitation
The feedback between irrigation and local climate is bidirectional. Thus, we
first examine how seasonal patterns of climate and vegetation influence the
irrigation simulation, and then explore the reverse relationship, analyzing
how climate, typically temperature and precipitation, respond to irrigation
practices.

Figure 5 illustrates the monthly averages of irrigation, temperature,
LAI, and precipitation across the NCP cropland, arranged from bottom to
top in thefigure. June exhibits thehighest irrigation intensity, as indicatedby
the orange highlighting, coinciding with elevated temperatures, reduced
LAI, and comparatively low precipitation. The relatively high temperatures
in June accelerate evapotranspiration, while low LAI indicates little vege-
tation cover and spacious exposed barelands, further enhancing evaporative
losses. Simultaneously, the precipitation remains significantly below the
July-August rainy season and only provides limited water supplement.
These conditions contribute to soil moisture deficit collectively, thereby
intensifying irrigation requirements. Several studies also notice this

irrigation peak in pre-summer, albeit with some discrepancies regarding the
precise timing of it. Some studies identify May as the peak7,11, while Yang
et al.6 suggests June. These variations can be attributed to differences in
vegetation simulation. For instance, the single-cropping simulation in Fan
et al.11 potentially overlooks the LAI reduction in June and underestimates
irrigation demands during the crop transition (i.e., after winter wheat har-
vest and before summer corn seeding). This also underscores the impor-
tance of implementing double-cropping functions in assessing irrigation
impacts. Furthermore, evenwith double-cropping rotation, our simulations
focus solely on thewinterwheat and summermaize rotation,whichmaynot
accurately represent other cropping patterns (i.e., three crops in two years or
single annual crops) that do not follow the same transition timeline as our
cropping rotation. The potential underestimation of vegetation cover in
June could lead to an exaggerated simulation of bare-land evaporation loss
and irrigation demands. Further refinement inmodeling approaches can be
conducted to reduce the uncertainty.

With an understanding of how climate shapes the temporal patterns of
irrigation demand, we now shift our focus to how irrigation influences
climate patterns in the NCP region (Fig. 6). The lower boxes represent
irrigation amount, while the upper ones depict changes in 2-m temperature,
both with red error bars indicate the range of monthly variations over the
10-year period. Temperature reduction generally corresponds to irrigation
intensity proportionally, with the greatest cooling effect observed in June,
reaching ~2.5 °C (compared to an annualmean of 0.95 °C), coinciding with
peak irrigation. This cooling effect aligns with findings from Liu et al.9 and
Fan et al.11, both reporting maximum cooling of 2.5 °C and 2 °C, respec-
tively, as well as Wu et al.7, which noted a range of 1.2–2.6 °C, all reflecting
similar water forcings during the hot season. Also, it is slightly stronger than

Fig. 5 | Monthly patterns of IRR over NCP crop-
lands. From bottom to top: irrigation (mm/day),
2-m temperature (°C), LAI (m2/m2), and precipita-
tion (mm/day). June is highlighted in orange as a
special case.

Fig. 6 |Monthly averages of IRR irrigation (bars in
the bottom), irrigation-induced changes (IRR
−CTL) in 2 m temperature (bars at top), and
precipitation changes (lines in the middle) aver-
aged over 10 years for the whole NCP. Red error
bars on the box plots indicate the inter-annual range
over 10 years. Colorful lines represent precipitation
changes in different years, while the thick black line
shows the 10-year average. Numbers along the line
indicate relative changes compared to monthly
precipitation in the CTL experiment. Red dots
highlight extreme months selected for analysis in
Section 3.4.
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themeancooling of 0.5 °Candamaximumof 2 °C reported byWang et al.28,
and more pronounced than the 0.43 °C observed by Yuan et al.29 without
dynamic vegetation, and 0.23 °C from Yang et al.6 with smaller water for-
cings.However, it remainsweaker than the 1–4 °Ccooling reported byKang
and Eltahir8, which involved exaggerated water forcings. As shown in Fig. 2,
3, this cooling effect helpsmitigate the significant warmbias observed in the
NCP without irrigation, a finding consistent with other studies11,28,29.

The central lines represent precipitation changes, with individual years
depicted in various colors and the mean is shown as a thick black line.
Percentages along the line indicate relative changes compared to the
monthly precipitation of CTL experiment. Significant increases in pre-
cipitation are observed in May and June, which is also found in Wu et al.7

and Fan et al.11. Conversely, there is a noticeable decrease in precipitation
during July and August; however, this decline accounts for at most 5% of
total rainfall since this is the rainy season. From a different perspective, the
increases in precipitation during May and June exhibit a consistent pattern
across the years, whereas July and August show great variability. This
suggests that the precipitation increases in May and June are both statisti-
cally significant and consistent, while the decreases in July and August,
despite their substantial absolute values, lack consistency and relative sig-
nificance. The large variability in summerprecipitationmay be attributed to
the greater inter-annual variability of irrigation practices as well as themore
complex background atmospheric conditions30, which will be discussed
further in later sections.

Competition between precipitation enhancement and
suppression
Although the average precipitation changes are not directly proportional to
irrigation forcing, an analysis of grid distribution reveals a strong correlation
(Fig. 7). Overall, the cooling is widespread, with ~80% of the grids experi-
encing a cooling of 0.5 °C or more from April to October. Precipitation
increases are most pronounced in June, with over 60% of the grids showing
an increase of 0.4mm/day or more; and nearly 20% of the grids experience
even greater increases of 1mm/day or more. However, some grids also
experience decreases, particularly in July and August, which compete with
the increases, resulting in a lack of proportionality in the averaged trends.
This competition between promotion and inhibition has been found in
many literatures, and it can be attributed to several factors. For example,
irrigation introduces additional moisture into the atmosphere, thereby
increasing humidity and triggering precipitation8,20,31,32. Surface cooling also
occurs during evaporation, which decreases the planetary boundary layer
height and induces cyclonic anomalies at low levels and anticyclonic
anomalies at high levels, thus inhibiting rainfall33–35.Additionally, changes in
large-scale circulation may interact with prevailing background wind,
potentially triggering new precipitation33 or slowing moisture transport
from the ocean to reduce precipitable water36–40. All these examples indicate

that irrigation can enhance or suppress precipitation inmanyways, and it is
theoretically possible that both enhancement and suppressionhappen in the
same region.

By showing howmany grids in theNCPare experiencing precipitation
increase or decrease, Fig. 7c serves as an excellent illustration of the coun-
terbalance between the competing “enhancement” and “suppression”.
During spring and autumn, most of the grids encounter precipitation
enhancement, leading to a large-scale and monotonic response that is
proportional to irrigation forcing. In contrast, during summer, the sup-
pression becomes more pronounced, countering and even slightly sur-
passing the enhancement, resulting in an overall insignificant signal. In the
following section, we will further explore this competition from multiple
perspectives.

Two indicators are utilized to explain the precipitation changes, CAPE
(maximum daily convective available potential energy) which represents
the thermodynamic ‘enhancement’ of precipitation due to moistening, and
MADV(integrated dynamic termof verticalmoisture advection41,42), which
reflects the dynamical ‘suppression’ of precipitation caused by cooling
stabilization. Fan et al.11 found that CAPE increase outweighs MADV
changes, thereby explaining the precipitation rise as a result of dominant
thermodynamic moistening. Following them, we analyze the CAPE and
MADV across land grids in the NCP for May–June (when precipitation
increases) and July-August (when precipitation decreases) in Fig. 8. We
notice a relatively higher CAPE and more negative MADV in July and
August even without irrigation, indicating greater energy and moisture
convergence (Fig. 8a, e). This corresponds to the fact that July and August
account for most of the annual precipitation (Fig. 5). In the absence of
irrigation, May and June show relatively low CAPE levels; however, irri-
gation significantly increases CAPEwithout causing substantial changes to
MADV, resulting in many orange dots representing higher CAPE than the
green dots, consistent with the results from Fan et al.11. On the other hand,
even without irrigation, July and August already demonstrate very high
CAPE, and the CAPE increase due to irrigation is minimal, so the overall
CAPE pattern remains largely unchanged. In essence, CAPE does not vary
significantly in July and August.

The second and third columns depict the daily precipitation across the
whole 10-year period in both CTL and IRR experiments, with color
representing theCAPEchanges inFig. 8b, f andMADVchanges inFig. 8c, g.
In May and June, most dots are prominently red and positioned above the
diagonal, indicating that precipitation increases occur in most grids and
years, which correlates with significant CAPE increases found in the first
column. Additionally, a cluster of red dots locates next to the y-axis, sug-
gesting potential new rainfall events. This observation is further supported
by the upward shift in the frequency distribution (Fig. 8d, h). In contrast,
during July and August, CAPE increases are confined to the lower left
corner, where light precipitation occurs, and CAPE even decreases with

Fig. 7 | Monthly stacked frequency distributions of irrigation, and the induced changes on temperature, and precipitation over NCP grids between irrigated and
control simulation (IRR−CTL). aMonthly irrigation amount (mm/day) b temperature changes (°C), and c precipitation changes (mm/day).
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heavy precipitation. The approximately equal distribution of dot colors on
either side of the diagonal implies that changes in CAPE may not sig-
nificantly affect precipitation variations, even at the individual precipita-
tion level.

However, in Fig. 8c, g,most dots below the diagonal are associatedwith
MADV increase, indicating the precipitation decrease in July and August is
linked to greater vertical moisture divergence. Similarly, MADV decreases
promote precipitation in most cases. Finally, there is a reduction in pre-
cipitation intensity, as evidenced by the leftward shift in the intensity dis-
tribution during July and August. However, the frequency remains
unchanged, as the increase in CAPE is insufficient to trigger new pre-
cipitation, while the decrease inMADVdoes not completely stop the heavy
rainfall. Overall, CAPE increases enhance both intensity and frequency in
May and June, while MADV increases lead to reduced precipitation
intensity in July and August.

Relationship of upper-troposphere and precipitation changes
Given the influence of CAPE and MADV on individual grids, we also
seek to understand their effects on spatial patterns. Fig. S3 and Fig. 9
present the irrigation-induced differences for June, July, and August.
For CAPE (Fig. S3 b, f, j) and MADV (Fig. S3 c, g, k), blue color ranges
related to their potential enhancement of precipitation, while red
signifies suppression. As expected, CAPE and MADV perform con-
trasting changes. The spatial pattern of CAPE increment generally
resembles the irrigation pattern, whereas the spatial pattern of MADV
decrement aligns more closely with precipitation variations observed
in July and August, reinforcing the conclusion that MADV plays a
more dominant role during these months.

Additionally, the precipitation decreases (Fig. 9a, e, i) in northernNCP
is more evident during July, but extends southward to the entire NCP in
August, while an increasing trend is observed in the southern part of the
increasing region during bothmonths. A similar pattern has been identified
by Yang et al.6. Influenced by both moistening and stabilization effects, the
relative changes inhigh-levelwater vapor content (QV) (Fig. 9b, f, j) not only
reflect the distinct precipitation decrease in July and August compared to
other months but also captures spatial details, such as the increment in
northern part and decrement in southern part. This is further supported by

the vertical cross section of water vapor at 115°E (Fig. 9c, g, k), where
relatively substantial precipitation changes occur in all three months. A
consistent increase in QV at low levels is accompanied by a decrease just
above 850hPa, covering most of the NCP region. However, these low-level
changes do not fully explain the spatial and monthly variations in pre-
cipitation response. Notably, QV changes around 200hPa may capture
more about the temporal and spatial variations, especially the latitudinal
precipitation, as illustrated in the bar charts (Fig. 9d, h, l).

To explain the vertical structure of QV changes, we also examine
the vertical profiles of temperature and geopotential height (GH) in
Fig. S4. There is a GH increase in near-surface level and the GH
decrease in the whole mid to upper atmosphere, regardless of months.
The irrigation-induced cooling is also confined to levels below 850 hPa,
in contrast to the troposphere-wide cooling caused by crop expansion
in northeast China43. This suggests that the GH reduction in the mid to
high levels may not be directly driven by cooling. Instead, we hypo-
thesize that changes in circulation patterns may play a more significant
role. The circulation changes at different levels in June (Fig. 10) also
indicate low-level divergence at 900 hPa, which disperses excess
moisture outward. This process may trigger the wind convergence
observed in upper levels. A cyclonic anomaly centered over the NCP
land area at 700 hPa converges dry air, while it shifts northeast toward
the ocean bay at 200 hPa, where it can gather moisture. In other words,
the observed precipitation increases may not be fully linked to extra
irrigation water but also the high-level moisture gathering driven by
advection from remote areas due to the circulation changes.

To further prove this, we selected four extreme cases—two showing
precipitation increases and two with decreases, one for July and one for
August each—represented as red dots in Fig. 6. And Fig. 11 compares the
changes in 200 hPa GH and the wind anomalies from these extreme cases,
and Fig. S5 also provides the climatologymeanwithmore cases highlighted
in Fig. S6. Climatologically, there is 200hPa GH decreases in North China
and Northeast China with cyclonic anomalies, correlating with the slight
precipitation decrease in these regions, however, significant inter-annual
variability is shown in the extreme cases (Fig. S5). Specifically, cases with
notable precipitation increase are associated with slight GH decreases
alongside weak cyclonic activity or strong GH increases with robust

Fig. 8 | Relationships among CAPE, MADV, and precipitation. Each dot repre-
senting a monthly value of each land grid in the NCP for (a–d) May-Jun and (e–h)
Jul-Aug. a, d CAPE and MADV in the CTL (green) and IRR (orange) experiment.
b, e Precipitation amounts with colors representing changes in CAPE.

c, f Precipitation amounts with colors representing changes in MADV. d, g Joint
distribution of precipitation intensity and frequency where days with precipitation
exceeding 1 mm are counted as rainy days.
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anticyclonic conditions (Fig. 11 a, e, and c, g). In contrast, significant pre-
cipitation decreases consistently correlate with pronounced GH decreases
and strong cyclonic anomalies, regardless of their regional centers, which
may shift every year (Fig. 11b, f and d, h). This correlation is also evident in
Fig. S6withmore extreme cases are tested.Moreover, Fig. S6 also shows that
the cyclone centers coincide with areas of decreasing QV and precipitation.

Thus, we can infer that while irrigation introduces moisture, certain
regions (e.g., North China) may be dominated by stabilization, leading to
moisture transport to areas not dominated by anticyclones (e.g., South
China), where it can result in precipitation. The geopotential height increase
in the southern China also aligns with the non-convective precipitation
increase found in Fig. 4, indicating irrigationmay promote large-scale non-
convective precipitation by shaping large circulation pattern. However, this

guess need further proof since themagnitude of geopotential height changes
and precipitation relative changes are too small. Among these extreme
instances, we did not observe a clear relationship between irrigation forcing
and the precipitation response. However, the relative changes in high-level
QV maintained a strong proportionality with precipitation changes.

Discussion
Extensive and intensive irrigation practices have raised environmental
concerns in the North China Plain (NCP), yet current studies reveal
inconsistencies regarding irrigation-climate interactions.Wehave identified
three primarydeficiencies in existing climatemodels that contribute to these
issues: (1) the omission of dynamic simulation for crops, (2) the absence of
double cropping, and (3) the inappropriate parameters for crop and

Fig. 9 | Relationship between irrigation-induced
humidity changes and precipitation changes.
Differences between CTL and IRR in a–d June,
e–h July and i–l August. a, e, i Precipitation differ-
ences filtered by 70% consistent test (consistently
increase or decrease for equals to or more than 7 out
of the 10 years). b, f, j QV relative differences
compared to CTL. c, g, k Relative changes in vertical
structure of the QV cross section at 115°E.
d, h, l Ground precipitation changes at the cross
section at 115°E. The position of the cross section is
indicated by the red bars. The vertical cut and cor-
responding precipitation at 115°E shares the same
the latitudinal axis on the right side, while all other
spatial plots share a different axis on the left. The
numbers indicate spatial mean changes over NCP
land grids.

Fig. 10 | Irrigation-induced moisture transpora-
tion at different levels. The relative changes of
water vapor and the wind anomaly at (a) 900 hPa,
(b) 700 hPa and (c) 200 hPa in June.
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irrigation in the NCP region. Therefore, we employed an improved Noah-
MPmodel specifically designed to address these deficiencies. The enhanced
model demonstrates significant improvements in climate, crop, and irri-
gation simulation, providing a robust foundation for studying the irrigation
impact.

Using the improved model, we first conduct an initial overview of the
irrigation impact. Irrigation primarily induces cooling and humidification,
subsequently producing both enhancement and suppression in precipita-
tion; however, the overall enhancement predominates, leading to significant
convective precipitation and total precipitation increases. Through tem-
poral pattern analysis, we established that irrigation patterns result from a
combination of precipitation, temperature, and crop rotation, which in turn
influence back onto climate. Across all months, cooling is nearly propor-
tional to irrigation forcing. Precipitation increases are significant and con-
sistent during May and June, while decreases in July and August are
insignificant and exhibit considerable inter-annual variability. This varia-
bility arises because, while irrigation promotes precipitation in some grids,
the suppressive effects become more pronounced, particularly in July and
August, leading to an overall decrease but inconsistent inter-annual
changes.

To further investigate the competing effect, we employed CAPE as a
representative of “enhancement” and MADV as a representative of “sup-
pression”. CAPE significantly increases in May and June, triggering new
precipitation and intensifying existing rainfall. However, while CAPE
increases areobservable in lightprecipitation in July andAugust, insufficient
water forcings and a more humid background diminish their significance
and impact on precipitation patterns. Consequently, MADV controls pre-
cipitation changes in these twomonths. ButMADV changes do not initiate
new rainfall or completely halt existing rainfall, resulting in decreased
intensity while maintaining frequency. Although the competing CAPE and
MADV generally explain the distinctive precipitation responses in July-
August compared toMay-Jun, they fail to capture spatial details or the inter-
annual variability. The analysis of vertical structure reveals that the spatial
heterogeneity of precipitation changes is closely related to changes in high-
level QV. This relationship may not be solely attributed to irrigation-
induced additionalmoisturebut also influencedbymoisture advection from
remote areas due to changes in circulation patterns. Furthermore, case
studies of extreme events elucidate inter-annual discrepancies through
anomalies in high-level GH and wind patterns. Thus, we can estimate the
general changes of irrigation on precipitation using GH and wind patterns,
and discern more localized details based on high-level QV patterns.

Our analysis of irrigation effects highlights the importance of addres-
sing those identified model deficiencies. First, the inclusion of dynamic
vegetation is essential, as evapotranspiration serves as a fundamental

mechanism through which irrigation impacts climate. Second, the imple-
mentation of double cropping shows considerable potential in shaping
irrigation practices in spring and early summer, influencing subsequent
climatic responses. Third, the interactive irrigation-land-atmosphere feed-
back is clearly illustrated in Fig. 5, 6. The increase in precipitation during
June is ~0.4mm/day, accounting for about 20%of the irrigation amount for
that month. This indicates that the two-way interactive irrigation model,
rather than an offline simulation, could potentially reduce irrigation usage
by about 20% because of the precipitation response. Additionally, our
enhancedmodel incorporates feedback from irrigation cooling, resulting in
reduced evaporation losses and improved irrigation efficiency. This feed-
backmayalso implicitly extend the cropgrowthperiod22 and improvemaize
yield44 compared to offline models.

Since the inter-annual variability in summer precipitation response is
closely linked to 200 hPa GH and wind anomalies—common indices for
measuring monsoonal activity45–47—we suspect that these responses are
influenced by larger circulation patterns, such as the East Asian Summer
Monsoon. Jeong et al.48 suggest that variations in monsoon strength can
produce differing precipitation responses to the transition from single-
cropping to double-cropping. However, due to the limited spatial coverage
and timespan of our study, we cannot further investigate this relationship
between irrigation impact and monsoon, leaving this question open for
future research.

Given the high-level GH changes are relatively minor compared to
their original values, questions arise regardingwhether surface irrigation can
truly influenceprecipitationby altering theupper atmosphere. But similar to
ours, Yang et al.6 and Lee et al.49 also found a decrease in high-level GH
companying with cyclonic anomaly over the irrigated land, and their
findings align also with ours in terms of the magnitude. Both studies argue
that the easterly (or westerly) branch of the anomaly interacts with the
prevailingwesterlywinds at 200 hPa, thereby undermining (or intensifying)
the prevail upper-level westerly jet in the northern (or southern) regions of
irrigation. In essence, this indicates a southward shift of the East Asian jet,
which is generally recognized to increase precipitation over the Yangtze
River Basin and decrease precipitation over the northern part50–52. Yang
et al.6 also highlighted a reduction in high-level cloud fraction and cloud
water content due to irrigation. Further considering the spatial similarities
between 200 hPa QV pattern and precipitation, as well as the inter-annual
correlation of 200hPawind anomalies and precipitation found in this study,
we should acknowledge that high-level atmospheric changes, even if not the
direct cause of summer precipitation changes, likely result from a combi-
nation of enhancing and suppressive factors, similar to precipitation itself.
Thus, this leads to high correlations between the two. Conversely, while the
low-level atmosphere is generally more affected by irrigation, it is also

Fig. 11 | Precipitation variations and the 200 hPa
GH changes with corresponding wind anomalies
of climatology and extreme cases in July and
August. a The greatest irrigation-induced increase
in July among the 10-year experiments. b The
greatest irrigation-induced decrease in July among
the 10-year experiments. c, d are similar to (a, b) but
for August. e–h Relative changes in 200hPa geopo-
tential height and wind anomaly that are corre-
sponding to (a–d). The numbers indicate spatial
mean precipitation changes over NCP land grids
(blue), and geopotential height changes over land
grids in the whole domain (black numbers).

https://doi.org/10.1038/s41612-025-01063-3 Article

npj Climate and Atmospheric Science |           (2025) 8:211 9

www.nature.com/npjclimatsci


influenced by other factors, resulting in anoisy pattern that obscures a direct
relationship with precipitation

Throughout our research,we also identify that significant uncertainties
could be raised fromwater forcings, including their quantity and timing. For
instance, substantial discrepancies in water forcing likely contribute to
disagreements in cooling responses, given the proportional relationship
between cooling and water input. Among other RCM-based studies, we
observed regional cooling ranges from 0.15 to 4 °C due to variations in
irrigation seasons and water inputs. Additionally, any minor shifts in
double-cropping rotation timing may affect the peak irrigation period.
Although the improved model we employed made substantial efforts to
calibrate irrigation amounts and validate rotation timing using satellite data,
we remain cautious regarding the potential for significant uncertainties, and
we recommend incorporating water sensitivity tests in future studies to
quantify variability ranges. While we have noted model deficiencies as
possible sources of disagreement in findings, the extent to which diverse
conclusions arise with or without these deficiencies remains uncertain. Few
studies have explored the potential climate variations caused by double-
cropping48, dynamic vegetation7,53, and irrigation schemes54,55. More rigor-
ous experiments that incorporate these elements can be conducted using
this improved model in future research.

Lastly, while the model we adopted has significantly improved irriga-
tion simulation, some deficiencies remain. In addition to the lack of spatial
and temporal variability in crop parameters22, the over-idealization of irri-
gationmethodsmay also affect ourfindings on irrigation impacts. In reality,
most regions utilize the ‘Flooding’ method56, while our model simplifies
irrigation to a fixed ‘Drip’method, overlooking water loss due to evapora-
tion and rapid drainage, and their subsequent climatic impacts29. Further-
more, farmers typically apply irrigation water only during critical stages of
crop growth based on their experience and general assessments of soil
moisture, but our irrigation schedule is set on a daily basis and heavily relies
onwater availability.Overall, while ourmodel has improved, it still does not
fully capture the complexities of realistic irrigation practices, primarily due
to its limited ability to simulate precise vegetation and soil water dynamics
compared to other offline agricultural and hydrological models. Therefore,
addressing these limitations will be essential for advancing model devel-
opment and enhancing the accuracy of irrigation simulations in future
research.

Methods
Model introduction
TheNoah-MP cropmodel, also known asWRF-Cropwhen integratedwith
WRF, was originally developed to simulate crop growth in two fields in the
Central United States26,57. A dynamic irrigation scheme was later added to
enhance crop management58. A fixed soil moisture threshold (SMCLIM) is
defined as a value between the maximum soil moisture (SMCMAX, i.e.,
saturation) andminimum soil moisture (SMCMIN, i.e., wilting point), and
themanageable availability deficit (MAD) is the parameter used to calibrate
this threshold (Eq. 1). Subsequently, the model was applied at a regional
scale across the Contiguous U.S. by transitioning MAD and other para-
meters from fixed values to state-specific variable values23,59.

SMCLIM ¼ MAD � SMCMAXþ 1�MADð Þ � SMCMIN; where 0 ≤ MAD ≤ 1

ð1Þ
Building on this foundation, Fan et al.22 further improved themodel to

better study irrigation impacts in the NCP, aiming to fill the three model
gaps, (1) the omission of dynamic simulation for crops, (2) the absence of
double cropping, and (3) the inappropriate parameters for crop and irri-
gation in the NCP region, mentioned in the introduction.

First, improvements have been made for simulating dynamic vegeta-
tion. The default Noah-MP calculates crop growth rates with a particular
sensitivity to weather, especially water availability, allowing for a more
accurate representation of vegetation responses to varying irrigation levels.
The water-sensitive growth rate influences the accumulation of LAI and

Stem Area Index (SAI), which in turn affects albedo and energy budget26.
The improved model also accounts for water-sensitive variations in vege-
tation fraction, another key variable for energy and water partitioning.
While the originalmodel used a fixed vegetation fraction of 95% for all grids
at all times (Eq. 2), the enhanced model correlates vegetation fraction with
LAI and SAI using empirical relationships (Eq. 3), enabling spatial and
temporal variability in vegetation. Additionally, the crop calendar is cal-
culated based on GDD accumulation, integrating the extended crop season
induced by irrigation cooling into the simulation.

Original FVEG ¼ 0:95 ð2Þ

Adjusted FVEG ¼ 0:75� 0:5× e �0:52× LAIþSAIð Þð Þ ð3Þ

Second, the improved model also incorporates the double-cropping
rotations into themodel, as well as the winter and spring irrigation which is
related to winter cropping season.Winter wheat and summermaize, which
are the most prevalent crop types, are rotated over the double-cropping
region, with springmaize in the single-cropping region. The introduction of
winter wheat may trigger excessive winter irrigation due to dry soil condi-
tions,which canwastewater andharmcrops. Thus, a soil temperature check
(i.e., if the averaged soil temperature in the past 24 h is greater than 5 °C) is
included in the improved model to enhance water efficiency and prevent
irrigation-induced frozen soil (Eq. 5). To align with common agricultural
practices6,60, the improvedmodel specifies irrigation from6A.M. to 10 A.M.
local time during the crop season, calculated solely by the crop model, thus
better defining both the crop and irrigation seasons. And the irrigation
amount is also correlated with the irrigation fraction (Eq. 5) instead of a
fixed value (Eq. 4).

Default Irrigation Amount ¼
Z

SMCLIM� SMCAVLð Þ � 0:95 ð4Þ

Adjusted IrrigationAmount ¼
R ðSMCLIM� SMCAVLÞ � IRRFRA ðwhen Tsoil24h ≥ 5

�CÞ
0 ðwhen Tsoil24h < 5�CÞ

�

ð5Þ

Lastly, rather than relying on default crop parameters derived from the
central U.S., the model was recalibrated and validated using NCP obser-
vations. Spatially varied planting date and harvest datewere redefined based
on satellite-based post-processed dataset61. Other crop calendar compo-
nents, such as the heading and physiological maturity dates, were validated
to confirm the appropriateness of the planting and harvest dates. After
settlingdown the crop calendar, photosynthesis rates and carbon allocations
were recalibrated to accurately capture leaf and stem biomass at two agri-
cultural stations: Yucheng in the double-cropping region and Shenyang in
the single-cropping region. Following calibration at these stations, the
parameters were applied to the regional scale, and the spatial patterns of
monthly LAI andvegetation fractionwere validated to assess their suitability
across the entire NCP. The model now captures two annual vegetation
peaks, with spatial patterns closely mirroring those observed in satellite
data22. Finally, similar to the state-specific parameters in the US, province-
level calibration of irrigation thresholds (i.e., MAD) was conducted,
improving the spatial distribution of irrigation and aligning it more closely
with observed irrigation amounts. All the required inputs and calibrated
parameters are listed in Fan et al.22.

In conclusion, this model ensures that crop growth, irrigation, and the
background climate are all dynamically interactive, capturing both direct
and indirect irrigation impacts more comprehensively. All modifications
and parameter recalibrations were specifically designed for the NCP region,
enhancing the model’s potential for studying irrigation impacts in our
targeted domain.
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Model domain and experiment design
This study utilizes the Advanced Research WRF Model (version 4.5) with a
horizontal resolution of 27 km, 38 vertical atmospheric layers and 4 soil
layers. The physical parameterization options include the WRF double-
moment 5-class microphysics scheme62, the Rapid Radiative TransferModel
for longwave radiation63, the Dudhia shortwave radiation scheme64, the
Yonsei University planetary boundary layer scheme65, the scale-aware New
Simplified Arakawa-Schubert scheme66,67, and the Noah-MP land surface
model68, which is coupled with the improved crop and irrigation schemes22.

To ensure consistency, we adopt the same domain setting used for
developing the model. The model domain, centered on the NCP, encom-
passes a significant portion of irrigated cropland (Fig. 1). It is a single
domain, and the inner black box serves only to highlight the NCP region.
The topography was initially sourced from the United States Geological
Survey. Crop model is activated when either “Croplands” or “Cropland/
Natural Vegetation Mosaics” account for the majority of the grid based on
MODIS (Moderate-resolution Imaging Spectroradiometer) land-use clas-
sification. Theremay be an overestimation of the cropping region due to the
low reliability of MODIS land cover data in China, but primarily affects the
boundaries rather than heavily irrigated areas that we focus on.

With this domain setting, all experiments span a 10-year period from
2005 to2014, incorporating anine-month spin-upbeginning inMarch2004
to ensure model initialization. WRF experiments are performed under two
scenarios: one without irrigation (CTL) and another with irrigation (IRR),
calibrated using the 2005 statistical irrigation data22. Since the defaultmodel
may not reproduce reasonable crop growth and irrigation application22,
both experiments are conducted using the improved model (i.e., with
double-cropping and calibrated crop parameters). The only difference
between the experiments is the activation of irrigation, which can explicitly
show the irrigation-induced climate changes. Initial and lateral boundary
conditions are derived from the 6-h ERA-Interim reanalysis dataset69.

Observation data
For temperature and precipitation, we use CN05 dataset with 0.25 degree
resolution4. LAI dataset is derived from MODIS satellite product and later
post-processed by SunYat-senUniversity21. Crop yield data comes from the
GAEZ+ _201570, while irrigation estimates are based on province-based
statistics from National Bureau of Statistics of China22,71. Runoff data is
obtained from the hydrological model, validated with station observations
across various basins72. Regardless of the original resolution, all observations
are interpolated to the model grids, as some analyses require spatial aver-
aging over land, cropping, or double-cropping regions, which are defined by
the model grid. All datasets have the same timespan as our experiments,
except for the crop yield is only for 2010.We collectively refer to all of these
data as observations in this study.

Data availability
The source code for a dynamic double-cropping model with interactive
irrigation is freely available at https://doi.org/10.5281/zenodo.10729554.
The climatology temperature and precipitation are retrieved from the
CN05.1 dataset. It is produced by Cold and Arid Regions Science Data
Center and is available at https://doi.org/10.3972/westdc.002.2014.db. The
LAI dataset was initially from Sun Yat-sen University, shown at http://
globalchange.bnu.edu.cn/research. The cropping pattern is defined by
ChinaCP, available at https://doi.org/10.6084/m9.figshare.14936052. Run-
off data is obtained from the ensemble mean of VIC model, which is
available at https://data.tpdc.ac.cn/zh-hans/data/70a3ad6b-9847-476d-
a11e-a493d6c31af1. The yield data is provided by GAEZ+ _2015 and it’s
freely available from https://doi.org/10.7910/DVN/XGGJAV. Validation
irrigation amount is estimated based on the province-based statistical
dataset in China Statistical Yearbook, with access from https://www.stats.
gov.cn/sj/ndsj/2005/indexeh.htm.
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