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Abstract: Irrigation can affect climate and weather patterns from regional to global scales through the
alteration of surface water and energy balances. Here, we couple a land-surface model (LSM) that
includes various human land-water management activities including irrigation with an atmospheric
general circulation model (AGCM) to examine the impacts of irrigation-induced land disturbance on
the subseasonal predictability of near-surface variables. Results indicate that the simulated global
irrigation and groundwater withdrawals (circa 2000) are ~3600 and ~370 km3/year, respectively,
which are in good agreement with previous estimates from country statistics and offline–LSMs.
Subseasonal predictions for boreal summers during the 1986–1995 period suggest that the spread
among ensemble simulations of air temperature can be substantially reduced by using realistic land
initializations considering irrigation-induced changes in soil moisture. Additionally, it is found
that the subseasonal forecast skill for near-surface temperature and sea level pressure significantly
improves when human-induced land disturbance is accounted for in the AGCM. These results
underscore the need to incorporate irrigation into weather forecast models, such as the global
forecast system.
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1. Introduction

Interactions between land and atmosphere are important drivers of the Earth’s climate and
weather systems [1,2]. At local to regional scales, the land–atmospheric interactions are predominantly
controlled by the changes in land-surface conditions [3–5], which have been profoundly altered in
recent times by human management of land–water systems [6]. Agricultural land management and
irrigation are by far the most important anthropogenic factors that affect land-surface conditions and
the terrestrial water cycle. These anthropogenic factors can alter the biophysical properties of the land
surface, such as its albedo, roughness, leaf area index, and rooting depth, consequently affecting various
hydroclimatic processes, such as evaporation from land, transpiration from leaf stomata, and regional
precipitation patterns [7–11]. Fundamentally, these alterations produce land disturbances through the
changes in partitioning of sensible and latent heat fluxes at the land surface, which consequently, affect
land–atmosphere interactions over a spread of spatio-temporal scales [12–19], potentially altering the
long-term climate, as well as subseasonal weather patterns.

A number of studies have examined the impacts of land use change due to agricultural activities
and irrigation on regional and global climates using observational data and/or climate model
simulations [8,11,14,19–31]. Using atmospheric general circulation models (AGCMs) or observational
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data, these studies have consistently shown that while irrigation can significantly alter regional climate,
the global impacts are relatively negligible [23]. However, how irrigation affects subseasonal weather
forecasts still remains largely unexplored as most studies have focused on climate impacts [32].

Irrigation primarily affects weather forecasts through changes in soil moisture. In principle, for
land-surface initialization to affect subseasonal forecasts, (1) the initialized soil moisture anomaly must
persist throughout the forecast period and (2) the atmosphere must respond in a predictable way to
the soil moisture anomaly. The timescale of soil moisture memory is typically 1 or 2 months [33],
which is long compared to that of the atmosphere. The latter of the two aforementioned processes
has been thoroughly examined by analyzing the response of a modeled atmosphere to soil moisture
anomalies by employing a similarity diagnostic, using a dozen AGCMs [2,34–36]. These results
suggested a strong land–atmosphere coupling over regions such as central parts of North America,
Western India, Northern China, and the Sahel in Africa, all of which are located in transition zones of
regions with dry and wet land-surface conditions. Using multi-AGCM ensemble results, a subsequent
study [32] showed that soil moisture initialization can improve the subseasonal forecast skills of the
near-surface temperature during boreal summer in regions such as Central North America, where a
strong land–atmosphere coupling was found by [2].

Some of these dry–wet transition regions characterized by strong land–atmosphere coupling,
including the Central US and Northern India, are among the world’s most intensively managed
agricultural systems, where soil moisture is profoundly altered by irrigation using groundwater [37–39].
Our driving hypothesis in this study is that, in these highly irrigated regions, the changes in land-surface
conditions due to irrigation alter the soil moisture memory and land–atmosphere coupling strength,
significantly affecting the subseasonal forecast skills of the AGCM, which was not explored in the
aforementioned land–atmosphere coupling studies.

Another ongoing issue is that the estimation of the irrigation amount itself suffers from large
uncertainties arising from inaccurate representation of irrigation processes in climate models [40].
Sorooshian et al. [40] noted that due to the lack of observations and realistic irrigation schemes employed
in climate models, most previous studies fall under the category of sensitivity test, with a focus on
changes in the surface temperature at different levels of irrigation. Indeed, most of the early studies
account for irrigation in a relatively crude manner, for example, by commonly fixing the annual volume
of irrigation at a mean value based on available data or setting the soil moisture level in irrigated
areas at saturation throughout the year without considering the crop growing season, consequently
ignoring the spatio-temporal dynamics of crop growth and irrigation water use [20,21,23]. In addition,
many studies do not take into account the source of irrigation water withdrawals, which is important
to accurately simulate the coupled climate impacts and the changes in terrestrial water balance.
Specifically, groundwater withdrawals, which account for the majority of irrigation water use in many
regions, have been largely ignored in most studies. More recent studies have addressed some of these
issues by employing improved irrigation schemes and datasets [19,29,30,40,41]; however, significant
challenges and opportunities remain for better representing irrigation, especially by accounting for
the source of irrigation water withdrawals and using these improved schemes to examine irrigation
impacts not only on the regional climate but also on the forecast skills.

To fill this research gap, here we couple a land-surface model (LSM) that includes a
detailed irrigation and groundwater pumping schemes into an AGCM and examine the effects
of irrigation-induced changes in land initializations on subseasonal forecast skills. Our objectives
are two-fold: (1) incorporate irrigation and groundwater pumping schemes into an AGCM and
evaluate its performance in realistically simulating human water use and (2) employ the newly
coupled model to examine the impacts of human land disturbance on the subseasonal predictability
of near-surface atmospheric variables simulated by the AGCM. The central scientific question that
drives the study is how does land disturbance due to human activities, such as irrigation, affect the
subseasonal predictability of near-surface atmospheric variables, and what are the potential impacts
on land–atmosphere coupling in transitional wet–dry regions? Various schemes representing human
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land-water management activities, including irrigation, are consistently coupled within the AGCM
by fully taking into account the terrestrial water balance, which is an important advancement over
previous studies on irrigation using AGCMs. The model also takes into account the water use from
surface and groundwater resources, which is critical for simulating climate impacts in regions with
intensive irrigation using groundwater. Simulations are conducted globally but results are discussed at
varying spatial scales. The effects of irrigation on subseasonal forecast are discussed for the continental
United States (US). For model evaluation, we use the region overlying the High Plains Aquifer (~450,000
km2) in the Central US, which is one of the most intensively irrigated regions in the world. The region
is monitored by the US Geological Survey (USGS) on a regular basis and, therefore, ground-truth
datasets are available for the analysis period. The remainder of the paper is structured as follows.
Section 2 describes the methodology and the details of the model. Section 3 provides the results and
discussion. Finally, we provide a summary in Section 4.

2. The Model and Experimental Designs

The AGCM we use is Version 3.2 of the Model for Interdisciplinary Research on Climate
(MIROC) [42]. The land-surface component of MIROC is the Minimal Advanced Treatment of Surface
Interaction and RunOff model (MATSIRO; [43]), which has recently been enhanced by incorporating
various human impact modules, such as crop growth and irrigation, water withdrawal, reservoir
operation, and environmental flow requirements [44], as well as a dynamic groundwater scheme [45]
and a groundwater pumping scheme [38]. These advancements have led to a new version of MATSIRO
termed as Human Impacts and Groundwater representation in MATSIRO (HiGW-MAT) [38], which
we couple with MIROC in the present study.

A detailed description of human water management schemes can be found in our previous
studies; here, for completeness, we provide a brief overview. In the crop growth and irrigation scheme,
described in detail in [44], the subgrid variability of vegetation is represented by partitioning each grid
cell into two tiles: natural vegetation and irrigated cropland. Taking into account the cropping period
that is necessary to obtain mature and optimal total plant biomass for 18 different crop types, the
scheme estimates irrigation water requirements based on the soil moisture deficit during the cropping
period [44]. Irrigation water is obtained from surface or sub-surface sources as necessary and is added
to the top-soil layer, the ultimate fate of which is determined by land-surface water and energy balances
and land–atmosphere coupling. Runoff generated from the land-surface model is routed through the
digital river network of the Total Runoff Integrating Pathways (TRIP) [46], which has been integrated
within MIROC. The reservoir operation module, which was based on [47], releases water to meet
the agricultural, domestic, and industrial demand in the downstream area. The withdrawal module
obtains water from river channels, reservoirs, and groundwater to fulfill the domestic, industrial, and
agricultural needs.

In this study, a series of numerical experiments are conducted by turning human impact schemes
on and off, which are summarized in Table 1. First, we conduct offline simulations (Offline–Human)
at 1◦ grids using the HiGW-MAT model to generate realistic land initializations for the coupled
simulations. Then, we carry out two online climatological simulations (Table 1): one without
considering human impacts (AGCM–ORG) and the other with human impacts (AGCM–Human).
Then, following the simulation protocol of the GLACE-2 project [32], we conduct three sets
of 10-ensemble forecast simulations (Table 1) using: (1) realistic land initialization but without
considering human impacts (AGCM–ORG–ReLI); (2) realistic land initializations considering human
impacts (AGCM–Human–ReLI); and (3) randomly chosen land initializations with human impacts
(AGCM–Human–RaLI).
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Table 1. Summary of experimental design. (HiGW-MAT: Human Impacts and Groundwater
representation in the Minimal Advanced Treatment of Surface Interaction and RunOff model; MIROC:
Model for Interdisciplinary Research on Climate; AGCM-ORG: Atmospheric General Circulation Model
- Original).

Experiment Name Model Human Impacts Initialization

Climatology simulations

Offline-Human HiGW-MAT ON N/A
AGCM-ORG MIROC OFF ACGM Climatology

AGCM-Human MIROC-HiGW-MAT ON AGCM Climatology

Forecast simulations

AGCM-ORG-ReLI MIROC OFF Offline-Human
AGCM-Human-ReLI MIROC-HiGW-MAT ON Offline-Human
AGCM-Human-RaLI MIROC-HiGW-MAT ON Random

For climatological analysis and model evaluation, one long-term simulation each is performed
using AGCM-ORG and AGCM-Human settings. The NCEP/NCAR-1 reanalysis data is used for
atmospheric initializations. We use land initializations after conducting a 10-year spin-up run.
For model evaluation we use the results from 1998 to 2010.

All forecast simulations (AGCM-ORG-ReLI, AGCM-Human-ReLI, and AGCM-Human-LaLI)
begin on July 15 over the years from 1986 to 1995 and last for 60 days. The land initializations for each
of the 10-ensemble simulations were produced by an offline LSM simulation. All online simulations
are conducted at T42 spatial resolution. Simulations are conducted as follows. For the three sets of
forecast simulations, we follow the framework of GLACE-2 [32]. Land initializations are produced by
using offline LSM simulations, with a scaling technique [48] applied to adjust the climatology between
the offline LSM and the AGCM. The human impacts schemes are incorporated both in the LSM and
the AGCM; therefore, land initializations for AGCM-ORG and AGCM-Human are prepared separately.
The anomaly that persisted in sea surface temperature (SST) data, which was applied in GLACE-2, is
also adopted in this study. We use 10 sets of atmospheric initializations, in which 3-h perturbations are
added to the NCEP/NCAR-1 reanalysis [49] data at each target date.

3. Results

3.1. Climatology of Irrigation Water Use and Groundwater Withdrawal

The land-surface model, groundwater scheme, and the water use and pumping modules have been
extensively used in an offline mode and results have been validated using ground- and satellite-based
observations of various hydrologic fluxes and stores [39,44,45,50]. Here, we evaluate the simulated
irrigation water requirements and groundwater withdrawals from the coupled AGCM–Human
experiment against reported global volumes and the results from various offline hydrological models,
including our own results from the Offline–Human experiment. We note that the objective of this
evaluation is not to provide an extensive validation of the model results but, rather, to ensure that
the results from the AGCM–Human setting—which has different climatology of precipitation and
temperature—do not depart significantly from the offline model results due to climatological bias and
are in general agreement with the reported statistics. Therefore, we focus on the spatial patters of
long-term mean irrigation water use and groundwater withdrawal and their total global volumes.

Figure 1a,b present the geographical distribution of the irrigation water demand from
AGCM–Human and Offline–Human experiments, respectively, averaged for the boreal summer
(June–August: JJA) during 1998–2010, a reasonably long period for such a comparison. It is evident
from the figures that the broad spatial patters of irrigation water use in the offline simulation are
captured in the AGCM–Human experiment. Similarly, Figure 1c,d presents the spatial distribution
of groundwater withdrawals from the two simulations, which are also in good agreement in terms
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of the broad spatial patterns in regions with intensive irrigation using groundwater (e.g., the High
Plains, Northwest India). The global total irrigation water demand (i.e., the net water requirement)
and withdrawal (i.e., water withdrawn from the source) from the AGCM–Human experiment are
within the limits of reported estimates from the Food and Agricultural Organization (FAO) and the
offline model results from various previous studies (Table 2). Note that the withdrawal is estimated
by taking into account the irrigation efficiency that represents conveyance and other losses (see [44]
for details). Despite a slight overestimation, we consider these results to be generally satisfactory
as the objective of the present study is to examine the impacts of irrigation-induced soil moisture
changes on subseasonal forecasts rather than an accurate estimation of water resources availability
and use. Table 3 compares the results of global groundwater withdrawals. It is evident here that
different estimates differ significantly and the AGCM–Human experiment underestimates global
groundwater withdrawals compared to all other estimates. We attribute this underestimation to the
increased availability of surface water in larger AGCM grids (T42) compared to the 1◦ grids in the
offline experiment. While it is important to further improve the groundwater scheme for a realistic
estimation of groundwater withdrawals, this does not affect the results presented here as the irrigation
demand is fulfilled by using either surface water or groundwater. That is, surface water use could be
overestimated and groundwater underestimated in the AGCM–Human experiment.
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Figure 1. Spatial distribution of the irrigation water demand and groundwater withdrawals from
AGCM–Human (a and c) and Offline–Human (b and d) simulations, respectively. Results are shown in
mm/day and are averaged over the boreal summer (June–August: JJA) during the years 1998 to 2010.

Next, we evaluate the simulated terrestrial water storage (TWS: the vertically integrated total
surface and sub-surface water storage) to ensure that the coupled model simulates the trends of
long-term TWS changes over highly irrigated regions within plausible limits. We perform this
comparison over the High Plains region in the Central US because this is a relatively data-rich region
and also the subseasonal forecast skill is examined over the continental US. Figure 2 presents the
comparison of simulated TWS anomalies—averaged over the regions overlying the High Plains
aquifer—from the AGCM–Human simulation with the observations of groundwater storage changes
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by USGS between 2003 to 2010. It is evident from the figure that the decreasing trend in TWS, which is
primarily due to unsustainable groundwater use [38], is captured by the coupled model, with certain
overestimation of the depletion compared to both USGS observations and offline model. Differences in
inter-annual and seasonal variations between the coupled and offline model can also be seen, which can
be attributed primarily to the difference in the meteorological input to the land-surface model, which
is based on observations in the offline experiment. We note that the perfect match between simulations
and USGS observations cannot be expected because the observations do not include surface water
storages, which account for a small portion of the total TWS changes [38]. Despite some disagreements,
these comparisons add further confidence to our coupled simulations, confirming that the results
of TWS variations are not greatly affected due to model bias in simulating the long-term climate as
compared to observations.

Table 2. Comparison of AGCM–Human simulated total irrigation water demand (actual use) and
withdrawal (water withdrawn from source) with various previous estimates, including reported
statistics and offline model results.

Reference Year Irrigation Water
Demand (km3/year)

Irrigation Water
Withdrawal (km3/year)

This study 1998–2010
1998–2002

1504 ± 14
1513 ± 22

3595 ± 36
3611 ± 57

FAO 2000 - 2660
Döll and Siebert [51] 1971–2000 1257 3256
Hanasaki et al. [52] 2000 1598 3755

Siebert et al. [53] 2000 1277 -
Wisser et al. [54] 2002 - 2997

Döll et al. [55] 1998–2002 1231 3185
Pokhrel et al. [44] 1998–2002 1021 ± 55 2462 ± 130
Wada et al. [37] 2000 1098 2572

Pokhrel et al. [38] 1998–2002 1238 ± 67 3028 ± 171

Table 3. Same as Table 2 but for groundwater pumping.

Reference Year Groundwater Withdrawal
(km3/year)

This study 1998–2010
1998–2002

364 ± 13
373 ± 33

Shah et al. [56] Contemporary 750–800
Giordano [57] - 658
Döll et al. [51] 1998–2002 571

Pokhrel et al. [38] 1998–2002 570 ± 61

Finally, we compare the sensitivity of near surface temperature due the incorporation of irrigation
modules using the results from a previous study that examined irrigation impacts on near-surface
climate [23]. Figure 3 shows a scatter diagram of near surface air temperatures simulated by
AGCM-Human and AGCM-ORG, grouped into two categories based on precipitation intensity,
following the approach adopted by Sacks et al. [23] using an AGCM and prescribed water levels and
heat fluxes, including irrigation activities, at the national level. In Figure 3, the red and blue solid lines
indicate the linear regressions for the respective cases and the results from Sacks et al. [23] are plotted
as dashed lines. In both our study and Sacks et al. [23], irrigation exerted a larger influence on near
surface temperature in rather drier regions including semi-arid areas where strong land–atmosphere
coupling strength is detected [2]. This result indicates that the prescription of surface wetness due to
irrigation activities could decrease the spread among ensemble forecast simulations.
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Figure 2. Comparison of simulated monthly terrestrial water storage anomalies (mm) averaged over
the region overlying the High Plains aquifer with the observations from the United States Geological
Survey (USGS). Blue and red lines represent the Offline–Human and AGCM–Human simulations,
respectively. The USGS observations (stars), which are reported once every year in spring, are plotted
in the month of February. The gray shading denotes ±1 standard deviation from the mean for ten
ensemble simulations.
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Figure 3. Differences in JJA near surface air temperature between AGCM-Human and AGCM-ORG
simulations as a function of JJA irrigation amount. The relationship is separated into points with
precipitation greater than the median (blue crosses) and with precipitation less than the median (red
crosses) following Sacks et al. [23]. Blue and red solid lines denote regression lines for large (blue
crosses) and small (red crosses) precipitation grid cells, respectively; the dashed lines with the same
colors show the results from Sacks et al. [23].
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3.2. Subseasonal Predictability

Figure 4 shows the spatial distributions of the spread of air temperatures (K) among 10 ensemble
members at the subseasonal scale (Day 16–39) for (a) AGCM–Human–RaLI, (b) AGCM–ORG–ReLI,
and (c) AGCM–Human–ReLI (see Table 1 for experimental settings). Fifteen-day average states are
examined at the subseasonal scale. In both the spread and the forecast skill, 10 sets of periods between
Day 16–39 among the 10 years are used. The spread indicates the similarity among 10 ensemble
members in each forecast simulation (the average value of all samples). The correlation coefficient
between the forecast results and observations is a measure of the forecast skill. For each period, the
anomaly was calculated for each year both for the forecast result and observations. The anomalies are
applied to calculate the correlation coefficient among the all samples between 1986 and 1995.Atmosphere 2019, 10, x FOR PEER REVIEW 9 of 14 
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Figure 4. The spread of near-surface air temperatures (K) among 10 ensemble members for the
periods from Days 16–39 from the initial date of the forecast simulations. The same as near-surface air
temperature but for surface soil moisture (mm) is plotted by contour lines. The spread was averaged
between 1986 and 1995. (a) AGCM–Human–RaLI, (b) AGCM–ORG–ReLI, and (c) AGCM–Human–ReLI.
The three areas with black solid lines were used to discuss the spread of surface soil moisture.

In this figure, warmer colors indicate a large spread of values among the ensemble members;
similar results for soil moisture are shown as overlaid contour lines. These results suggest that both
the inclusion of human activities, especially irrigation, and realistic land initializations significantly
contributed to a decreased spread among the ensemble members for air temperature. The spread of
soil moisture over the three hatched boxes (west, middle, and east, from left to right) was investigated
for the three forecast simulations. The central hatched boxes in Figure 4, which includes the center of
the Mississippi River Basin, indicate large differences in the spread of soil moisture among different
experiments, with AGCM–Human–ReLI showing the smallest spread (~10%) compared to the other
two experiments. This evidently suggests that the variation in soil moisture levels is strongly influenced
by the land disturbance due to human activities in addition to realistic land initializations, resulting in
a smaller spread of air temperatures over the Central US.

Finally, the forecast skills of near-surface variables, such as air temperature (K) and sea level
pressure (hPa), are investigated using the AGCM–ORG and AGCM–Human simulations in association
with realistic land initializations (ReLI). AGCM–ORG–RaLI is not considered here because the
GLACE-2 project has already reported that land initializations can contribute to the subseasonal
forecast skill in air temperature [32]. Figure 5a,b show the forecast skill of air temperature for (a)
AGCM–ORG–ReLI and (b) AGCM–Human–ReLI. The forecast skill is estimated by calculating the
year-to-year correlation coefficients between forecasts and observations. In this analysis, the Japan
Meteorological Agency Climate Data Assimilation System (JCDAS) [58] and National Centers for
Environmental Prediction/National Center for Atmospheric Research (NCEP/NCAR-1) reanalysis
data [49] are treated as observations for near-surface temperature and sea level pressure, respectively.
As shown in Figure 5a,b, AGCM–ORG–ReLI shows improved skills over the Eastern US, as well as
the southwestern and northwestern regions. This demonstrates that the incorporation of human land
disturbance due to irrigation in an AGCM can substantially improve the subseasonal forecast skill. In
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particular, the regions with improved forecast skills expand over the central region by connecting the
southeastern and northwestern regions. A similar characteristic can be seen for the sea level pressure
in Figure 5c,d. A higher forecast skill can be seen in the Southeastern, Southwestern, and Northwestern
US (Figure 5c). In Figure 5d, for AGCM–Human–ReLI, a higher forecast skill is apparent in western to
northern mid-regions, despite the slightly weaker forecast skill in the Southeastern US. In both forecast
simulations, there were negative correlation coefficients for the Northeastern US, and no improvements
in forecast skills due to the incorporation of irrigation are found.
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4. Discussion and Conclusions

In this study, we couple a land-surface model (LSM) with the representation of various human
land-water management activities, including irrigation, with an atmospheric general circulation model
(AGCM) to examine the impacts of irrigation-induced land disturbance on the subseasonal predictability
of near-surface variables. The newly integrated modeling framework offers a major advancement
over past efforts in the examination of irrigation-induced climate impacts as it dynamically simulates
human–natural interactions by fully accounting for the terrestrial water balance within the AGCM
framework. The results of irrigation and groundwater withdrawals from the coupled AGCM–Human
experiment are found to be satisfactory in terms of their spatial patterns over the highly managed
agroecosystems and their total global volumes are also found to be within plausible limits of previously
reported values.

It has been reported in previous studies of global land–atmosphere coupling that the Central
US, Northeastern China, and Western India and Pakistan are the hotspots where soil moisture
anomalies affect the variations of air temperature and precipitation during the boreal summer. Since
these regions are characterized by a semi-arid climate and host vast agricultural regions irrigated
by using groundwater, the strength of the land–atmosphere coupling can be largely influenced by
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these human activities that affect soil wetness during the growing season. We hypothesized that the
irrigation-induced soil wetness can be treated as the predictive diagnostic for subseasonal predictability,
which generally requires variables with a longer memory, such as SSTs. Results suggest that the
incorporation of irrigation into the AGCM, in addition to realistic land initializations, not only reduces
the spread of near-surface air temperature forecast among ensemble members but also improves
the forecast skill for near-surface air temperature and sea level pressure. These findings highlight
the need to incorporate human land–water management, especially irrigation, in numerical weather
prediction models, such as the global forecast system (GFS) of the National Oceanic and Atmospheric
Administration (NOAA).
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