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Abstract
Farmworkers, the ‘frontline workers’ of our food system, are often exposed to heat stress that is
likely to increase in frequency and severity due to climate change. Irrigation can exacerbate heat
stress, quantification of which is crucial in intensely irrigated agricultural lands such as the
Imperial Valley (IV) in southern California. We present high-resolution maps of wet bulb globe
temperature (WBGT), a key indicator of heat exposure in humans, over the IV and quantify the
impact of irrigation during day and night in agricultural and urban settings. We derive WBGT
from a high-resolution regional climate model (WRF), which shows robust performance against
station-derived WBGT metrics yielding R-square up to 0.95 and RMSE as low as 0.71 in℃
agricultural sites. We find that irrigation reduces WBGT by 0.3-1.3 during the wet season in℃
the daytime due to strong evaporative cooling. However, during dry season, irrigation increases
WBGT by 0.4-1.3 at night, when the large increase in humidity sufficiently raises the℃
wet-bulb temperature (WBT) with added increase in dry-bulb temperature (DBT) and black
globe temperature (BGT), surpassing the weaker evaporative cooling. We also find that the urban
and fallow areas adjacent to the crop fields experience increased heat stress due to moisture
advection. Modeled WBGT frequently exceeds the regulatory threshold of 24.4 in the crop℃
fields during key harvest seasons with exceedances greater than 50, 150, and 300 hours in April,
June, and August 2020, respectively. The heat stress modeling framework presented serves as a
prototype to develop climate change adaptation strategies for the agricultural regions of the
Imperial Valley as well as the broader Central Valley and inform labor and environmental
policies in California and elsewhere.



Introduction
Human heat stress is a critical public health concern globally, especially for farmworkers in hot
and arid regions, and is likely to increase in frequency and severity, given recent and projected
increase in global warming and heat waves1-4. Outdoor workers, including those in agriculture,
construction, and landscaping, are at special risk of exposure in the United States5 and globally6.
Extreme heat stress can cause heat cramps, heat rashes, fainting, muscle rupture7, kidney
dysfunction8,9, and death due to heat strokes1. Despite regulations at State and Federal levels,
farmworkers are at high risk of heat related illnesses10,11, partly due to lack of heat-related
knowledge and practices among farmworkers12. Heat stress limits are frequently exceeded in the
agricultural fields of the United States13,14 and Mexico15.

Land cover impacts near-surface climate and heat stress exposure at local scales, due to the urban
heat island effect16-18 and reduced air temperatures in irrigated areas19,20. Irrigation impacts local
climate by increasing evapotranspiration (ET)21, which decreases sensible heat flux and increases
latent heat fluxes20, and by increasing the soil heat capacity and thermal conductivity22. Irrigation
can either increase or decrease human heat stress, since irrigation decreases air temperature, but
also increases humidity20,23. Most global and regional climate model simulations do not generally
include the effect of irrigation24; even if they do, the effect may be unrealistic at their coarse
spatiotemporal resolution. Therefore high-resolution simulation is crucial in irrigated lands.
Some previous studies have quantified the effect of irrigation on temperature globally24,25 at a
coarse spatial resolution. A few works have also studied the impact of irrigation on heat stress on
a regional scale, in California26, India20,27, and China, but still at coarse spatial resolution19,20,27.
Accurate evaluation of the effect of irrigation on a regional scale is critical because
coarse-resolution simulations without irrigation tend to have systematic biases in near-surface
atmospheric fields25,28,29. Therefore, in this work, we mainly focus on accurately quantifying the
effect of irrigation on temperature and heat stress using a well-validated regional climate model
in the crop fields of the Imperial Valley (IV), California, one of the largest and most productive
agricultural regions of California, where irrigation is heavily applied.

Our focus on Imperial Valley is particularly valuable because in addition to the heavy irrigation
and intensive outdoor labor, this region is also characterized by a significant positive relation
between soil moisture and wet-bulb temperature (WBT) and thus heat stress amplification by
irrigation is more likely30. Most previous studies focused on the cooling effects of irrigation on
dry-bulb temperature (DBT)24,31. Others have also found irrigation or soil moisture to amplify
WBT23,30,32. However, neither DBT nor WBT is a good heat stress metric. The former excludes
the effects of humidity, while the latter depends heavily on humidity, and neither includes
radiation or wind. The heat index (HI)26 also does not contain radiation or wind. One of our
objectives is also to re-examine irrigation impact on heat stress using the wet bulb globe
temperature (WBGT).

Several indices are used to quantify heat stress33,34, all of which agree on the amplification of heat
stress by high humidity but disagree on the importance of humidity35. Although there is no
consensus around which heat index is the most robust in indicating heat stress, WBGT has
become an occupational international standard in current practice36,37. Unlike other simple heat
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stress indices that typically include the effect of air temperature and humidity only, such as HI,
WBGT additionally considers the effect of solar and thermal radiation and wind speed, and thus
provides a more reliable measure of heat stress in outdoor environments. WBGT was first
adopted by the US Army, after 600 heat casualties occurred in Marine Corps Recruit Depot
(MCRD), Parris Island (South Carolina) in the summer of 195238,39. After the adoption of WBGT
to monitor heat stress during training, the heat-related casualties decreased by five to tenfold38.
Although HI has been more commonly used to forecast heatwaves in the US in the past, the
National Weather Service (NWS) has recently started using WBGT as an experimental product.
With the rising number of heat waves in the US in recent periods, heat related regulations are
rapidly changing at both federal and state levels. The NWS has recently also launched a tool
called HeatRisk40 to provide a 7-day forecast of heat risk in a color-coded index from 0 to 4. The
California Office of Environmental Health Hazard Assessment (OEHHA) is also working on
another similar heat index called CalHeatScore41 to provide more localized heat forecasts while
accounting for health effects, in response to the requirements set by Assembly Bill No. 223842.
The federal Occupational Safety and Health Administration (OSHA) has recently proposed a
new rule on heat injury and illness prevention that requires employers to use either HI or WBGT
to determine access to shades and rest periods for employees. With these changes, Cal/OSHA is
also expected to change its heat illness standard in Title 8, Section 3395 of California Code of
Regulations (T8 §3395 CCR)43, which uses air temperature alone to specify heat safety protocols
in the Agriculture and Construction industry43.

Feasibility of calculating WBGT from climate models has been demonstrated recently44,
however, at a coarse spatial resolution (1°×1°). The Weather Research and Forecasting (WRF)
model is a widely used regional climate model for both research45 and operational weather
forecasting46. Although WRF has been used to model WBGT indirectly in select urban region47,
it has not yet been directly used for heat stress modeling, particularly in the United States, or in
regions with both irrigated agriculture and urban areas.

Previous studies have measured WBGT in agricultural regions through field surveys10,11,48-51.
However, a regional assessment of heat stress at the field scale using WBGT has not been done
in California or in the US52. Regional climate models like WRF provide all parameters needed to
calculate WBGT such as air temperature, humidity, and radiation fields, and at spatiotemporal
scales relevant for management and policy. Numerous papers have assessed heat stress under
projected climate-change scenarios, at coarse resolution on global scales53-57, and more recently
using WBGT at ~ 5 km, daily resolution, as part of CMIP6 project58, all of which use either HI or
simplified empirical expressions for WBGT. Attempts have also been made to map heat stress at
high spatial resolution in California using simple heat indices with remote sensing59 as well as
regional climate modeling60,61, but not with WBGT. One key reason why WBGT is not widely
used in climate projections or has been inaccurately modeled is because of the unavailability of
radiation components in climate datasets.

The WBGT for outdoor environment is given by the following equation39,62,

WBGT = 0.7 × WBT + 0.2 × BGT + 0.1 × DBT (1)
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where WBT is the natural wet-bulb temperature, typically measured by a ‘wet-bulb’
thermometer, BGT is the black globe temperature (or simply globe temperature) measured by a
black-globe thermometer, and DBT is the dry-bulb temperature (or simply air temperature
measured in weather stations).

The WBGT evolved from its predecessor, Effective Temperature, in search of simpler heat stress
metrics. The weights of the WBGT equation were initially determined to closely approximate
the Effective Temperature but they have been subsequently evaluated rigorously in military
settings62. Although WBT has the largest weight in calculating WBGT (70%), BGT (20%) has
substantially larger dynamic range than WBT so both components can have a significant
influence on WBGT63. For example, the evaluation of WBGT during 27 Army training exercises
over three summer months at Quantico, Virginia showed that the BGT alone explained 59% of
the variation, with WBT explaining only 17% variation39.

Although WBGT is an international occupational health standard, its past use was limited to a
few large institutions such as the US Army and some athletic organizations64-66. However, it is
now being widely used by several other agencies, climate scientists, and weather forecasters.
Still, the adoption of WBGT for heat stress monitoring remains challenging for two main
reasons. First, it is difficult to measure natural WBT because it requires continuous maintenance
of ‘wetting’ of a wet-bulb thermometer. In fact, commonly available WBGT measurement
devices do not directly measure WBT with a ‘wet bulb’ but calculate it indirectly as a function of
air temperature and humidity. Second, deployment of WBGT in large fields such as Imperial
Valley (IV) farmlands is cost-prohibitive and even restrictive. Attempts have been made to
calculate WBGT using commonly available data from weather stations63,67 as well as deriving it
empirically from HI68. A few others have incorporated solar radiation69 (shortwave radiation)
because it is also a commonly measured parameter in many weather stations. However, thermal
radiation is also an important contributor of WBGT and is not typically measured in weather
stations. For example, heat stress incidents can still occur on cloudy days when cumulus clouds
of a passing warm front emit thermal radiation62. The WRF model is useful in this regard
because it can provide all the parameters required for calculating WBGT, including the solar and
thermal radiation. The heat stress experienced by an individual also depends on the individual’s
metabolic rate15,70, clothing10 and level of acclimatization71. The critical WBGT value decreases
with increasing metabolic rate13,72.

In this work, we use outputs from WRF including the radiation fields to calculate WBGT using
the thermofeel python library developed by Brimicombe et al. (2023)73. To our knowledge, our
study is the first application of thermofeel for calculating WBGT in the US in an agricultural
region. While the formulation of WBGT by Liljegren et al. (2008)74,75 has been more widely used
in the US, we chose thermofeel for three main reasons. First, thermofeel is computationally more
efficient than Liljegren’s approach, making it easier to implement in operational forecasting76,77.
A computationally more efficient formulation of Liljegren’s approach has also been recently
proposed by Kong and Huber (2024)78 for the same reason. Second, thermofeel was developed
by the European organization European Centre for Medium-Range Weather Forecasts
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(ECMWF), a trusted provider of various climate reanalysis and forecast data. Third, thermofeel
has been validated recently and performs similarly to Liljegren’s method76.

Given the above research gaps in measuring heat stress and the need for its continuous
monitoring, we quantify WBGT at 1-km resolution using a robust, well-validated regional
climate model WRF (WRF-IV) for a hyperarid irrigated area in the southwestern United States
(Imperial Valley, California) (Fig. 1). Using high-resolution vegetation data and an irrigation
scheme within WRF (see methods), we explore the following three research questions in this
work:

1. How does irrigation change humidity, air temperature, and WBGT?
2. How accurately can WBGT be estimated using a regional climate model?
3. How often is the heat stress limit exceeded during the harvesting seasons and what are

the associated policy implications?

(a) (b)

Fig. 1. (a) WRF model domain configuration showing the region of interest (d03) over the
Imperial Valley and (b) the location of stations used for model validation plotted on a satellite
image of the region with the Salton Sea at the center. Stations from CIMIS and CARB (Table 1)
are marked with green and red circles while our recently installed stations measuring black globe
temperature are marked with white circles.

Study area
The IV contains highly fertile agricultural land that produces over two-thirds of the winter
vegetables such as lettuces consumed in the US79. The All-American Canal, completed in 1942,
brings about 3.3 million acre-foot of water from the Colorado River to irrigate the IV. California,
mainly the Central Valley and the IV, produce over two-thirds of fruits and nuts and over
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one-third of vegetables consumed in the US80, with the labor of 829,000 individual farmworkers
or 410,900 full time equivalent jobs48,81. Most of the farmworkers in the IV are of Hispanic origin
coming for seasonal work from the bordering town of Mexicali, Mexico10. IV has a number of
socio-environmental and public health issues: about 25% of the population lives in poverty82,
suicide is the third leading cause of death83, and one in five children have asthma84. County-level
worker compensation data from 2000 to 2017 over California showed that Imperial Valley
county has 36.6 heat illness rates per 100,000 workers, which is the highest in California85.

Irrigation is critical in the IV crop fields – the average amount of irrigation applied (~ 5 ft) is
more than 20 times the average annual rainfall in the region (~ 2.9 inches). Many different crops
are grown in the Imperial Valley in all seasons, but not all crops have high labor requirements
(e.g., alfalfa cultivation is highly mechanized) and not all seasons are critical for heat stress (e.g.,
winter). Based on analysis of time series of greenness from satellite imagery and discussion with
farmworkers, we identify three harvesting months, which are critical from heat exposure
perspectives - April, June, and August.

April has the highest greenness in the year as per the leaf area index (LAI) data in the study area
(Supplementary Fig. S1). Leafy greens (lettuces), onions, and carrots are harvested in April and
have high labor requirements for harvest although their planting is fully mechanized. Melons and
corn are typically harvested in late spring and early summer and have high labor requirements so
we also consider June in our study. Dates and grapes are harvested in summer through fall, so we
also consider August. Date palms, which are typically grown in Coachella valley and
northeastern IV, are typically managed and harvested in the daytime and have considerable labor
requirements in different stages, e.g., trimming, netting, and harvesting. Many farmworkers
migrate north to the Coachella valley in late summer for working in the vineyards and date fields
(Lideres, personal communication).

Results

Model validation

Our WRF-IV model has two improvements over other regional climate models of the region:
inclusion of irrigation, triggered by LAI thresholds, and updated leaf area index (LAI) data,
which has higher spatial resolution of 0.5 km (Supplementary Fig. S2c) and varies for each year
and month of the simulation, compared to two existing LAI datasets that are climatological
averages and have coarser resolutions (10 arc-min and 30 arc-sec) typically used in WRF
modeling (Supplementary Fig. S2a, b). The new LAI data resolve the spatiotemporal details of
croplands and urban areas better than the existing two datasets, as shown by the difference map
between new and 30 arc-sec LAI data (Supplementary Fig. S2d). For example, large solar arrays
west of Calexico city (~ 32.6 N, 115.6 W, red circle) show large negative difference in LAI,
indicating that these areas are erroneously assigned high LAI values in the existing LAI data,
partly because these data were derived using climatological average values (2001-2010) and
partly because of lower spatial resolution.
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Fig. 2. Comparison of model-simulated fields with station values for representative agricultural
(Calipatria) and desert (Cahuilla) stations. (a, b) 2-m air temperature (c, d) 2-m relative humidity.

The diurnal cycle of temperature and humidity is captured well by the model, as shown in the
timeseries plot for representative agricultural (Calipatria/Mulberry) and desert (Cahuilla) sites
(Fig. 2). The WRF-IV model shows excellent performance for temperature (Pearson’s correlation
coefficient (Rho) > 0.90 in all 11 sites) and good performance for relative humidity (Rho > 0.80
at majority of sites). Including irrigation in the model reduced air temperature and increased
relative humidity compared to the non-irrigated model, reducing error and bias in both variables
(Table S1). Simulated wind speed and solar radiation also show reasonable agreements with
station measurements (Supplementary Table 2). Relative humidity is overestimated in the first



week of April and underestimated in some days in the later half of April. This is likely due to
inadequate soil type data that did not fully resolve the variability in soil field capacity
particularly when it was still raining until the first week of the month (Supplementary Fig. S3).
In late April when the temperature increases sharply (Fig. 2c, d), the relative humidity is slightly
underestimated.

Table 1. Statistics of model performance using meteorological stations. Rho is the Pearson
correlation coefficient and RMSE is the root mean squared error.

Data
source Station

2-m air temperature 2-m relative humidity

Rho RMSE Rho RMSE
CARBa Bombay Beach (Coastal) 0.91 2.49 0.53 13.93

Cahuilla (Desert) 0.98 1.40 0.89 9.07
El Centro-9th Street
(Urban-agricultural)

0.99 1.11 - -

Naval Test Base (Coastal) 0.95 2.08 0.83 9.91
Niland-English Road
(Coastal-agricultural)

0.96 1.90 0.82 11.43

Salton City
(Coastal-urban)

0.95 1.97 0.78 11.52

Sonny Bono
(Coastal-agricultural)

0.95 1.87 0.83 10.60

Westmorland-W 1st Street
(Urban-agricultural)

0.97 1.75 - -

CIMISb Calipatria/Mulberry
(Agricultural)

0.97 1.78 0.86 11.52

Seeley (Agricultural) 0.97 1.83 0.87 9.79
Westmorland North
(Urban-agricultural)

0.96 1.98 0.79 12.41

a. California Air Resources Board
b. California Irrigation Management Information System

WBGT validation

The modeled WBGT* (see methods) values correlate closely with station-derived WBGT*
values, with RMSE less than 1.28 for all sites and less than 0.71 for agricultural sites (Fig.℃  ℃
3, a-i). The model performance is better in agricultural or urban-agricultural sites (e.g.,
Calipatria, Seeley, Westmorland North, and Niland-English road) but generally weaker in
stations that are located close to the Salton Sea (e.g, Sonny Bono and Salton City). This is partly
because a much finer resolution simulation is required to fully resolve the exchange of heat and
momentum in these coastal transition zones86,87.

Comparison of modeled BGT with measured BGT data from three of our recently installed
stations at Westmoreland, Coachella, and El Centro (Fig. 1) show good agreement (Fig. 3, j-l).
The model performance is very good at the urban (El Centro) and agricultural sites
(Westmoreland) but moderate at the date palm (Coachella) site. This is reasonable given the
existence of tall date palm trees at the Coachella site, which again require much finer resolution
to fully resolve the local circulation.
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Fig. 3. Model-derived WBGT* vs. station-derived values for the period April 1-30, 2020 (a-c)
CIMIS sites (d-i) CARB sites. WBGT* represents the first and third terms of the WBGT
equation (eq. 1) excluding the second term. (j-l) Model-derived hourly BGT vs. station-measured
BGT for a different period May 21-June 22, 2024.



Irrigation effect

Fig. 4. Contribution of irrigation on evapotranspiration (ET). (a) ET simulated by WRF with no
irrigation (b) same as (a) but with irrigation (c) ET from OpenET SIMS model (d) ET from
OpenET PT-JPL model.

The model without irrigation greatly underestimates the ET in the cropped areas (compare Figs.
4a and b for April). Application of irrigation increases ET remarkably (from ~0-20 to ~100-140
mm per month) and brings it closer to the satellite-derived ET estimates (Figs. 4c, d).



Fig. 5. Effect of irrigation on modelled humidity and temperature. Box plot for (a-c) humidity
and (d-f) temperature for CIMIS sites. and correspond to the model𝑊𝑅𝐹

𝑛𝑜𝑖𝑟𝑟
𝑊𝑅𝐹

𝑖𝑟𝑟

simulations without and with irrigation. The green triangle represents the mean, the horizontal
line within the box represents the second quartile (median), the lower (upper) end of the box
represents the first (third) quartile. The lower (upper) whiskers represent (Q3-1.5×IQR) and
(Q3+1.5×IQR), respectively, where IQR is the interquartile range; the red dots represent the
outliers outside this range.

Irrigation increases modeled humidity and reduces the modeled air temperature, bringing them
closer to station values, which is particularly prominent at the agricultural site Calipatria (Fig. 5).
Although Seeley and Westmorland North stations lie within the greater agricultural fields, they
are located next to urban centers where the flow and moisture transport becomes more complex.
Model error at these stations does not decrease by adding irrigation.



Fig. 6. Irrigation effect on WBGT in the daytime and nighttime for (a, b) April and (c, d) August,
2020. and correspond to the model simulations without and with irrigation.𝑊𝐵𝐺𝑇

𝑛𝑜𝑖𝑟𝑟
𝑊𝐵𝐺𝑇

𝑖𝑟𝑟

In April daytime, irrigation decreases WBGT in crop fields and slightly increases WBGT values
in nearby urban areas (e.g., Westmorland, Brawley) and fallow/uncultivated fields (Fig. 6a). At
night, the increase in WBGT becomes more prominent particularly in the downwind desert areas
east of the IV crop fields and southeastern region including the cultivated areas east of Mexicali
(Fig. 6b). In August, both effects are remarkably stronger: daytime shows strong reduction in
WBGT (Fig. 6c) while nighttime shows a consistent increase in WBGT across all crop fields
(Fig. 6d).

The grid cells showing a stronger (weaker) change in WBGT have lower (higher) p-values
consistent with the stronger (weaker) effect of irrigation, as evaluated by difference of mean
t-test (Supplementary Fig. S4). In April and August daytime, 42 and 1394 grid points (~ 42 𝑘𝑚2



and 1394 ), respectively, have statistically significant decreases in WBGT at 10%𝑘𝑚2

significance level, with no grid points showing significant increase in WBGT (Supplementary
Fig. S5a, c). In the nighttime, 93 and 1469 grid points show significant increase in WBGT in
April and August, respectively, while 190 (April) and 27 (August) grid points show significant
decrease in WBGT (Fig. S5b, d). Considering only grids with statistically significant (p<0.1)
change, irrigation reduces monthly average WBGT by 0.4 to 0.7℃ in daytime depending upon
the location and increases WBGT by 0.4 to 0.6℃ in the nighttime in spring (April). Similarly,
irrigation reduces WBGT by 0.3 to 1.3℃ in spring daytime (April) and increases by 0.4 to 1.3
℃ at nighttime in August.

Physical mechanisms of irrigation impact

Impacts of irrigation on WBGT is a consequence of the impact of irrigation on WBGT’s three
constituent terms which are DBT, WBT, and BGT. These three terms are ultimately governed by
changes in underlying physical parameters such as humidity, evapotranspiration, air temperature,
soil moisture, land surface temperature, and sensible/latent heat. Below we explain how
irrigation impacts DBT, WBT, and BGT along with the associated physical parameters that
change WBGT.

Irrigation impacts all three terms of the WBGT equation: WBT, BGT, and DBT (Fig. 7). We
observed irrigation-induced reduction in BGT and DBT over most of the study area both in April
and August, but some areas in the southeastern part of the domain show an increase in BGT and
DBT in August nights. The similar pattern of increase in DBT and BGT in August nights
indicates that they are correlated (Fig. 7). This contrasting impact of irrigation on DBT and BGT
in April and August is one key factor leading to the contrasting impact of irrigation on WBGT in
April and August nights.

The increase in DBT and BGT due to irrigation in August nights can be explained by the change
in soil temperature or skin temperature (TSK) due to irrigation. While TSK generally decreases
in most of the IV area regardless of the month, TSK increases in the areas with an increase in
DBT and BGT in August nights (Fig. S9). This suggests that the increase in skin temperature
increases DBT and BGT. The increased TSK increases the outgoing longwave radiation, which
increases the DBT and BGT. The increase in TSK is due to increased heat capacity and thermal
conductivity of the soil by irrigation, which increases energy storage during the daytime and
contributes to the surface warming at night22. The reduction in TSK due to irrigation in the rest of
the IV area in both day and night is consistent with previous studies19.

The widespread reduction in DBT and BGT due to irrigation is consistent in both wet (April) and
dry (August) months, which can be attributed to widespread evaporative cooling of the crop
fields, as demonstrated by changes in latent heat (LH). The larger increase in LH in the daytime
than in the nighttime (Fig. S9) indicates stronger evaporative cooling in the daytime, which
reduces DBT and BGT more strongly, ultimately causing larger reduction in WBGT in the
daytime than at night (Fig. 6).
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Fig. 7. Impact of irrigation on the three terms of the WBGT equation DBT, WBT, and BGT.
Difference in temperatures between irrigation-on and irrigation-off simulations presented
separately for daytime and nighttime for (A) April and (B) August, 2020.

Irrigation consistently increases WBT regardless of the seasons but the increase is remarkably
higher in August nights (Fig. 7), another key factor for the contrasting impact of irrigation on
WBGT in August and April nights (Fig. 6). This large increase in WBT in August night leads to
uniform increases in WBGT in the entire IV region in contrast to April night, which shows
mixed impact on WBGT due to smaller increase in WBT. The pattern of WBT changes in
August nights (Fig. 7d, panel B) is also similar to that of WBGT, which indicates that the
increase in WBGT is strongly governed by increase in WBT. In April nights, only the
southeastern parts of the domain (Fig. 6b), where the increase in WBT is very strong (Fig. 7d,
panel A), have increased WBGT with irrigation (Fig. 6a). In other cropped areas, the reduction in
BGT and DBT is much stronger compared to the increase in WBT (Fig. 7), thus these areas do
not show a net increase in WBGT in April nights. In August nights, the reduction in BGT and
DBT due to irrigation is not as strong as in April nights (Fig. 7), thus WBGT uniformly increases
across the entire domain (Fig. 6).

The increase in WBT can be explained by the increase in specific humidity due to irrigation.
Irrigation has marked effects on humidity levels (Fig. 8) through the increase in
evapotranspiration (Fig. 4). The increase in humidity in the model with irrigation is much larger
in August (Fig. 8d) than in April (Fig. 8b), which explains why there is a larger increase in WBT



in August than in April (Fig. 7). This differential change in humidity can be attributed to the
higher temperature and larger amount of irrigation water applied by the model in August
(supplementary Fig. S6b) than in April (Fig. S6a). Note that the model applies different amounts
of irrigation water in different grid cells to bring the current soil moisture to the field capacity.
The northern IV crop fields show more irrigation applied, particularly in August (Fig. S6b),
because of the lower modeled soil moisture in these areas compared to southern areas (not
shown).

Atmospheric moisture advection also impacts WBGT in the study area. Pre-irrigation humidity
level is higher in August than in April (compare Fig. 8a, c) due to higher moisture advection
from the Salton Sea. In the nighttime, the air above the Salton Sea remains warmer than the air
above the surrounding land, causing higher specific humidity levels over the Salton Sea
(supplementary Fig. S7), which gets advected to the crop fields. The advected moisture gets
confined to the eastern side of the cropped region because of the westerly/southwesterly
downslope winds, which are stronger at night (Fig. S8). Because of higher background moisture,
there is a larger increase in WBT in the eastern side of the crop fields at night (Fig. 7). We also
observed a larger increase in specific humidity due to irrigation in the nighttime than in the
daytime (not shown), which is consistent in both wet and dry months, which explains the larger
increase in WBT at night (Fig. 7).

The sign of changes in soil moisture (SM), latent heat (LH), and sensible heat (SH) are consistent
in wet (April) and dry (August) periods (Fig. S9). The SM, LH, and specific humidity increase
while the SH decreases due to irrigation, consistent with previous studies20,27. These results
demonstrate that our results are physically plausible and consistent with the literature.

WBGT increased in the urban/fallow areas in the model with irrigation. A combination of
temperature and moisture advection might have contributed to the WBGT changes in nearby
urban/fallow areas. Irrigation clearly causes a cooling effect on air temperature (DBT) in the crop
fields (Fig. 7, first row), so WBGT may not increase in the urban/fallow areas through
temperature advection. Since ‘irrigation’ is only applied in the crop fields, one possible way by
which the irrigation can affect the urban and fallow area is through moisture transport from the
crop fields. To further ascertain this, we calculated the average increase in specific humidity in
the urban/fallow areas following irrigation, by identifying the urban/fallow areas within the blue
box (supplementary Fig. S6), where irrigation water applied is zero. The urban/fallow grids still
experienced average increased humidity of 2.9 in the daytime and 6.3 in the𝑔 𝑘𝑔−1 𝑔 𝑘𝑔−1

nighttime of April through moisture transport, which is about 50% of the increase in cropped
areas where irrigation is applied. The contrasting effect of irrigation on WBGT in crop fields and
urban/fallow areas occurs in August as well (Fig. 6c, d); the overall increase/decrease in WBGT
is much stronger in August than in April in response to more irrigation water applied in August
(Fig. S6).
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Fig. 8. Change in specific humidity due to irrigation. Mean 2-m specific humidity from WRF
irrigation-off simulations for (a) April and (c) August, 2020 and the difference between
irrigation-on and irrigation-off simulations for (b) April and (d) August, 2020.

In addition to the direct physical mechanisms affecting WBGT, there can be additional feedback
from larger-scale atmospheric processes. For example, the cooling of the crop fields can reduce
the boundary layer height20, which restricts mixing in the boundary layer consequently warming
the near surface air temperature. A more in-depth exploration of the underlying physical
mechanisms by which irrigation impacts WBGT is out of the scope of this study. The contrasting
physical mechanisms by which irrigation increases or decreases WBGT, in crop fields and
urban/fallow areas, and in day and night time, are summarized in the accompanied schematic
diagram (Fig. 9).
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Fig. 9. Schematic diagram of the physical mechanisms involved in increasing or decreasing
WBGT by irrigation in urban/fallow areas and crop fields. Abbreviations are: WBGT (Wet Bulb
Globe Temperature), WBT (Wet Bulb Temperature), BGT (Black Globe Temperature), Dry Bulb
Temperature (DBT), SHUM (Specific Humidity), LH (Latent Heat), SH (Sensible Heat), LST
(Land Surface Temperature), SM (Soil Moisture). The parameters are listed in approximate order
in which they get affected by irrigation beginning with SM. The upward and downward arrows
represent the increasing and decreasing effect of irrigation, respectively.



Fig. 10. WBGT exceedance hours during the harvest months of the year 2020. (a, c, e) as per
WBGT limits for four different categories for Region 266,88 representing extreme (pink), high
(red), moderate (orange) and elevated (yellow) threat of heat stress, (b, d, f) total exceedance
hours (WBGT > 24.4 ) for April, June, and August, respectively. (g) Occupational heat stress℃
exceedance for different months based on ACGIH89/NIOSH90 threshold limits.
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WBGT exceedance map and distribution
The different components of WBGT (eq. 1) have different impacts on the final WBGT result
(Supplementary Fig. S10). Considering average daily maximum values in April 2020 as
reference, WBT, which has the largest weight in the WBGT equation, ranges from -5.8 to 30.0 ℃
while the BGT, which has the second largest weight, ranges from -2.2 to 64.4 . DBT, which℃
has the smallest weight in the WBGT equation, has average daily maximum values in the range
of -5.1 to 42.7 in April, 7.7 to 46.8 in June, and 15.3 to 49.9 in August (Fig. S10e). The ℃ ℃ ℃
resulting average daily maximum WBGT values, which are determined by the dynamic
combination of the three components, range from -5.1 to 32.2 for April, 3.8 to 33.4 for ℃ ℃
June, and 8.8 to 37.1 for August, 2020.℃

Grundstein et al. (2015)66 classified the conterminous US into three zones using WBGT
climatology, recognizing that the heat stress thresholds are different in different climate regimes
due to geographical variation in heat exposure and acclimatization. The IV lies in moderate
climate zone (Region 2) where the WBGT thresholds are lower than the colder zone (Region 1)
but higher than the warmer zone (Region 3). The WBGT exceedance map created using
thresholds of WBGT for different heat stress categories in Region 266,88 (Supplementary Table
S3, S4) for the harvest months considered is presented in Figure 10. In April, WBGT in most of
the crop fields in IV and Coachella Valley exceeds the 24.4-25.9 category while the Coachella℃
valley and the southeastern region of the Salton Sea exceed the highest category (WBGT > 30.9
) (Fig. 10a), mainly due to the sharp rise in temperature in the last week of the month (Fig. 2).℃

In June, WBGT exceeds 28.8-30.9 category around the shores of the Salton Sea and℃ 
southeastern part of the IV crop fields while the lower category (26.0-28.7 ) is exceeded in℃
most parts of the domain including the crop fields (Fig. 10b). Similarly, in August, WBGT
exceeds the highest category (WBGT > 30.9 ) in most of the IV crop fields and the Coachella℃
valley (Fig. 10c). While the total monthly exceedance hours (WBGT > 24.4 ) in the IV crop℃
fields occur only for about 50 hours in April, it occurs for more than 150 and 300 hours in June
and August, respectively (Fig. 10b, d, f).

Figure S11 shows the number of hours exceeding the suggested WBGT threshold for prevention
action (24.4 ) as above but separately for daytime and nighttime in August. The crop fields of℃
IV experience exceedance of 24.4 WBGT for more than ~300 (100) hours in the daytime℃
(nighttime) (Fig. S11a, b). WBGT exceeds 24.4 for more than ~200 hours at nighttime on the℃
southeastern side of the Salton Sea and in the cities of Mexicali, Westmoreland, and El Centro.
This exceedance at night in August is noteworthy compared to April and June, which observed
no such exceedance (not shown). These results are critically important because working in the
nighttime could become more common in the future to avoid the daytime heat91. Many farm
workers and their families live in cities where we observed the highest exceedance hours in the
night. These families may lack air conditioning92, exposing them to heat during sleeping hours
and potentially preventing the recovery from daytime heat exposure, which is a key contributor
to heat stress symptoms.

https://web.endnote.%3D
https://web.endnote.%3D
https://web.endnote.
https://web.endnote.%3D


We calculated the suggested occupational heat stress exceedance using the range of average daily
maximum WBGT ( ) within the crop fields (supplementary Fig. S6a, blue box) using𝑊𝐵𝐺𝑇

𝑒𝑓𝑓

reference metabolic rates15 and normal work clothing. The values exceed the𝑊𝐵𝐺𝑇
𝑒𝑓𝑓

thresholds even for the acclimatized workers given by American Conference of Governmental
and Industrial Hygienists (ACGIH®) Threshold Limit Value (TLV)89, also called the
Recommended Exposure Limit (REL)90 by the National Institute for Occupational Safety and
Health (NIOSH), even for light work category (metabolic rate > 180 W). In June, heat stress
exceeds for unacclimatized workers given by ACGIH® Action Limits (AL), also called
Recommended Action Limit (RAL) by NIOSH, even for medium level of physical activity
(metabolic rate > 275 W). In April, neither of these thresholds are exceeded.

Discussion and summary
We presented a robust high-resolution regional climate model (WRF) for irrigated agriculture
and urban areas, with a case study in the Imperial Valley. We used the high-resolution output
fields of WRF to calculate heat stress (Wet Bulb Globe Temperature) using the thermofeel
python library73. Although there are a few localized studies conducted in the Central Valley and
Imperial Valley to assess heat stress11,48, this study is the first that deploys a regional climate
model to calculate WBGT at a crop field scale in the entire Imperial Valley. We also examined
the impact of irrigation on heat stress in detail, in urban and cropped areas, and in daytime and
nighttime. The spatial resolution of our WBGT simulation (1 km) closely represents the
microclimate variability of the crop fields, whose typical size is ~ 0.8 km × 0.8 km, and are often
cultivated together to form a much larger effective crop field. We employed two-stage validation
in this study, one for the input parameters including the black globe temperature, and another for
the calculated WBGT, which ensures the robustness of our WBGT maps.

Irrigation impact on heat stress

Our results show that irrigation generally reduces WBGT during the daytime due to widespread
evaporative cooling of the crop fields with average reduction in WBGT by 0.3-1.3 in summer.℃
At night, irrigation increases WBGT by 0.4-1.3 , because the increase in WBT by the℃
increased humidity becomes larger than the reduction in DBT and BGT by evaporative cooling.
Increase in nighttime heat stress following irrigation is more prominent in the downwind areas as
well as in the bordering areas of the crop fields where irrigation increases nighttime land surface
temperature (Fig. S9). This warming is due to increased heat capacity and thermal conductivity
of the soil, which increases energy storage during the daytime and contributes to the surface
warming at night22. Irrigation also increases WBGT in nearby urban, fallow, and desert areas
where the evaporative cooling is absent and the advected moisture from nearby crop fields
increases the WBT. In summary, the key findings of this study are: 1) unlike WBT that is
consistently amplified by irrigation (Fig. 7), WBGT can both increase and decrease in response
to irrigation (Fig. 6), 2) the daytime WBGT generally decreases but nighttime WBGT is more
likely to increase by irrigation, 3) whether WBGT is amplified or reduced may depend on the
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background climate state, 4) irrigation also increases WBGT in urban, fallow, and desert areas
nearby the irrigated crop fields.

Model error is reduced by including irrigation. The warm temperature bias is reducted in after
including irrigation, which is consistent with previous studies25,93-96. Our results of widespread
cooling of crop fields due to irrigation are also consistent with previous studies19,20,23,24,27. The
increase in heat stress in the night is consistent with the results of Wouters et al. (2022)23 and
Mishra et al. (2020)20 both of which showed increases in heat stress with increased humidity
following irrigation20 or during cooler periods23. Our results also show an increase in WBGT at
night (cooler period) due to a larger increase in humidity or WBT at night than in the daytime
(Fig. 8). Our results provide more details on the irrigation effect on heat stress by showing that in
the daytime the stronger evaporative cooling completely offsets the increase in WBT, resulting in
reduced heat stress in crop fields. The negative (positive) effect of irrigation on WBGT in
daytime (nighttime) is consistent with the results of a recent study97 which showed decrease
(increase) of heat stress in the daytime (nighttime) under cropland expansion scenario in global
climate models.

Although the application of irrigation greatly improved the accuracy of modeled air temperature
and humidity in the agricultural areas, improvement in urban areas was small. The model could
potentially be improved further by more detailed scheduling of irrigation, and/or meter-scale
simulation of urban areas98, which is computationally intensive. The irrigation module applies
water to bring the current soil moisture level to the field capacity, so the amount of water applied
may not accurately represent the actual irrigation scenarios in the field, which differs by crop
types, soil moisture conditions, and prevailing irrigation practices. Application of a fixed rate of
irrigation at 0.30 based on potential evapotranspiration for the region gave equivalent 𝑚𝑚 ℎ𝑟−1

results; application of a high irrigation rate (2 ) eliminated the bias in the later half of 𝑚𝑚 ℎ𝑟−1

the month but overestimated the humidity during the first half of the month (results not shown).
This highlights the need to collect detailed field irrigation data that represent the diurnal,
seasonal and spatial variation of irrigation in the crop fields, which are often not readily
available, and to utilize them in irrigation modules for improving climate model simulations.

WBGT exceedance and policy relevance

Several previous studies have used either simplified WBGT58,99-102 or simply WBT103-105, both of
which only include temperature and humidity to calculate heat stress under present and future
climate because global climate model projections typically do not have radiation parameters.
Many of the models used in these projections have biases in their output fields such as
temperature and humidity25,29, partly due to their coarse spatial resolution and partly because they
do not include irrigation effects. We derive WBGT exceedances using a physics-based WBGT
model thermofeel developed by Brimicombe et al. (2022)73 that includes radiation and wind,
using outputs from WRF with irrigation at 1-km spatial resolution, with validation. Brimicombe
et al. (2022) method has shown similar geographic variability of WBGT compared to that
obtained using the gold-standard method given by Liljegren et al. (2008), even during
heatwaves76. However, Brimicombe’s method may give a biased estimate of WBGT in different
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environments partly due to the use of empirically derived WBT in place of ‘natural’ WBT75. Our
results show no systematic over or underestimation of WBGT parameters in our study domain
(Fig. 3). The empirical formulation of WBT given by Stull (2011)106 employed in thermofeel has
been widely used to quantify heat stress under present and future climate102-105. However, since
the ‘natural’ WBT refers to the WBT measured under sun and wind, which is not the same as the
approximated WBT106 used by thermofeel, our results of WBGT exceedance might be
conservative, particularly with respect to other WBGT formulations74,75. Future studies should
compare the simplified WBT given by Stull (2011)106 and the natural WBT calculated by
Liljegren et al. (2008)74 method with instrument-measured natural WBT to quantify the biases
and determine whether the WBGT exceedances differ significantly using the two approaches.

Our results highlight the need for more specified HRI (Heat-related Illness) prevention
regulations across varied working hours and irrigation scenarios. Regulations and preventative
actions to lower the risk of farmworker HRI should be evaluated for workers in nighttime hours
in irrigated crop environments. The exceedances of NWS WBGT thresholds for HRI
preventative actions, particularly during nighttime hours, also suggest that regulatory adherence
should be monitored for workers both in the workspace as well as in their dwelling space (often
urban areas). A recent study using recorded and simulated weather data based on HRIs reported
to OSHA shows that almost every incidence of HRI occurred when heat stress exceeded
ACGIH®89/NIOSH90 WBGT occupational exposure limits, with 88% sensitivity for incidence of
HRI in acclimated workers and 97% for non-acclimated workers, while the sensitivity was at
least 92% and up to 100% for HRI fatalities107.

Although WBGT is a more reliable measure of heat stress than air temperature in outdoor
environments and is considered the current standard for assessing heat stress37,90, current
regulations in California rely on individual workers and farm managers to monitor heat
exceedance using air temperature forecasts alone43. Heat stress begins to occur at a much lower
WBGT threshold in the IV region (24.4 °C) than the generally perceived high air temperature (95
℉ or 35℃) used in T8 §3395 CCR43. This WBGT threshold is frequently exceeded in the
summer months (Fig. 10), suggesting that Cal/OSHA should consider adopting WBGT based
thresholds in formulating heat related policies for farmworkers.

The above policy shortcoming may be related to the cost and other restrictive barriers of direct
measurement of WBGT in agricultural contexts, which can be complemented by leveraging
regional climate modeling for heat stress modeling and prevention of HRI in those settings.
Simple heat indices have been used previously to quantify heat stress more often than WBGT
because measured WBGT data are not commonly available52,67. Forecasting WBGT using a
high-resolution regional weather/climate model thus offers the opportunity for developing more
specified HRI preventative action plans for farm managers and owners to better communicate
dangerous heat conditions. In the recent context of increasing heat waves globally3 and in
California1, our research can also help develop climate change adaptation strategies at the local
level.
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Methods
Observational data and validation

We use three meteorological data sources for validation: California Irrigation Management
Information System (CIMIS), California Air Resources Board (CARB) and stations installed by
us for three locations starting in May 2024: Westmorland, El Centro, and Coachella. Our stations
included the BGT sensors at 1.1-m height from the ground except for El Centro, which was on
the roof of a building. The CIMIS was developed by the California Department of Water
Resources together with the University of California, Davis in 1982 that manages a network of
over 145 automated weather stations in California. We use the meteorological data from CARB’s
Air quality management information system (AQMIS2), which collects data from various
sources and applies basic quality control measures. The location of stations used in this study is
presented in Figure 1b with CIMIS in green, CARB in red, and our stations in white. The
temperature and humidity fields at both CARB and CIMIS sites are typically measured at 1.8-2m
height from the ground of the installation surface, which are compared with model simulated
fields at 2-m height. Winds are typically measured at 10-m height for CARB and 2-m for CIMIS
sites. For this reason, model winds, which correspond to 10-m height, are compared only at
CARB sites.

We validate model-derived WBGT against station-derived values as commonly done in the
literature76. When measurements of black globe temperature (BGT) are not available for the
model period, we conduct validation using two terms (first and third) of eq (1) which together
constitute 80% weight of WBGT, excluding BGT, which is only 20%.

All results correspond to the final model with irrigation, all validations are performed for April
2020, and all heat stress calculations are performed for the harvesting months of April, June, and
August, 2020. The BGT measurements were made recently in the IV fields so the validation of
BGT is performed separately for a more recent period (May 21-June 22, 2024).

WRF-modeling

We use WRF version 4.4 in this study. Our WRF model configuration consists of three nested
domains with spatial resolution of 9, 3, and 1 km for d01, d02, and d03, respectively (Fig. 1a).
The innermost domain d03 covers the entire cultivated lands of the Imperial Valley and part of
Coachella Valley in the north. Because more than half of the farm workers working in the IV
area commute daily across the border from the Mexicali City, we also include Mexicali and its
surroundings to better account for the farmworkers’ heat exposure.

We use ERA5 data developed by European Centre for Medium-Range Weather Forecasts
(ECMWF) as initial and boundary conditions, which replaces the widely used ERA-interim data,
and provides hourly estimates although at a coarse (31 km) resolution (Hersbach et al., 2020).
We explicitly resolve convection in our innermost domain (d03) which is configured at 1 km
spatial resolution and we use parameterized convection in the two parent domains (d01, d02)
using Grell and Freitas scheme108 (cu_physics = 3), which is a scale and aerosol-aware scheme.
We use Morrison double-moment microphysics scheme109, Yonsei University Scheme (YSU)
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planetary boundary layer scheme110, Rapid Radiative Transfer Model (RRTMG) for both
shortwave and longwave radiation 111, and revised MM5 Monin-Obukhov surface layer
scheme112. We apply grid nudging for u and v components of wind speed, temperature, and water
vapor mixing ratio at 6-hourly intervals with strengths 0.0006, 0.0003, and 0.00003, respectively
but only above the PBL, which is a more common practice.

Land surface model

We use the state-of-the-art community Noah-MP land surface model113 within WRF, which has
been successfully used to produce high-resolution hydroclimate over the continental US114. Noah
MP allows different treatment of LAI, from input data, from lookup table and even its dynamic
prediction, if dynamic vegetation option is used. We use a generic dynamic vegetation model
(dveg=7) that calculates energy and water flux exchange in vegetated areas using the prescribed
vegetation information from the input data of LAI and FPAR (GREENFRAC). Note that this
option doesn’t include a crop model and nitrogen and phosphorus cycles are currently not
included in Noah MP.

LAI ( / ) is the ratio of one-sided leaf area to ground cover area, which is the projected area𝑚2 𝑚2

of canopy leaves when looked from above. LAI is used in the model for several calculations
including calculation of latent heat conductance due to plant transpiration, photosynthesis rate,
maximum liquid water held by canopy and some carbon processes113. FPAR is the fraction of
photosynthetically active radiation (400-700 nm) absorbed by green vegetation.
FPAR/GREENFRAC is used to calculate a number of parameters related to energy balance
including calculation of interception and throughfall, heat exchange through canopy, net surface
longwave emissivity, and in the calculation of 2-m air temperature over vegetated areas113.

Accurate representation of LAI and FPAR is key in simulating the land-atmosphere interactions
of energy, momentum, and water fluxes realistically. The original implementation of WRF uses
the LAI/FPAR data derived from this original MODIS data using climatological average data
between 2001-2010, similar to the MODIS-derived land cover climatology115, which we use in
this study as the land use data (modis_landuse_20class_30s_with_lakes) available at 30 arc-sec
spatial resolution. This land use data has 21 land use categories in which 12 (croplands) and 14
(cropland/natural vegetation mosaic) categories correspond to the croplands. For albedo, we use
climatological data derived from MODIS instead of table values, which is available at 0.05
degree resolution.

The original MODIS LAI/FPAR data were developed jointly by Boston University, University of
Montana and NASA GSFC, using an algorithm that used spectral information content of MODIS
surface reflectance at up to 7 spectral bands (red and near-infrared) over leaf canopies in a
radiative transfer equation, and a complimentary backup algorithm that used NDVI to calculate
LAI in pixels where certain conditions are not met116. WRF, by default, uses a 10 arc-min
resolution version of this MODIS LAI and 30 arc-sec version of FPAR (GREENFRAC) data.
However, it is possible to use the 30 arc-sec (~ 0.9 km) version of the LAI data by modifying the
geogrid table.
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The default MODIS data for WRF uses climatological average, which does not represent the
actual land cover profile in a particular year, which is problematic in agricultural areas where
crop type and land cover can change annually. To better represent the LAI/FPAR distribution
over the study area and change over time, we conducted our simulations using new
sensor-independent LAI/FPAR data from Pu et al. (2023)117, which improved the original
MODIS LAI/FPAR algorithm described in MODIS algorithm theoretical basis document116.
They consolidated the original MODIS (Aqua and Terra) and VIIRS LAI/FPAR product and
applied rigorous quality control criteria and a spatial-temporal tensor extrapolation model for gap
filling, which shows significant improvement over the original data. This new LAI data also has
a higher spatial resolution (~0.5 km) compared to 30 arc-sec (~0.9 km) for the existing
climatological data.

We apply irrigation within Noah-MP based on LAI threshold using the USDA county level
irrigation data118. In our current Noah-MP model configuration, first the croplands are identified
from MODIS land use data (modis_landuse_20class_30s_with_lakes) corresponding to the land
use category of 12 (croplands) and 14 (cropland/natural vegetation mosaic). Then the irrigation
fraction data (IRFRACT) from USDA county level irrigation data is used to determine where to
irrigate, i.e., grid cells with IRFRACT > 0.1, which has been reduced to 0.05 in this study. The
irrigation is triggered in the model using a minimum LAI value of 0.1113,118, which has also been
reduced to 0.05 to avoid omission of any irrigated lands. The irrigation is applied using the
sprinkler irrigation option until the soil moisture reaches the field capacity, which is the default
setting. We also conducted additional sensitivity tests to apply sprinkler irrigation continuously at
different rates (0.30 and 2 ) by modifying the source code.𝑚𝑚 ℎ𝑟−1

WBGT calculations

We use thermofeel python library73 developed and maintained by ECMWF for the WBGT
calculations. thermofeel is a set of python libraries used to calculate various thermal indices
including WBGT using standard meteorological outputs.

In the absence of measured natural wet bulb temperature, the WBT is approximated using an
empirical equation given by Stull (2011)106 as a function of relative humidity and air
temperature73:

WBT = t2_c × arctan [0.151977 × + arctan (t2_c + ) - arctan ((𝑟ℎ +  8. 313659) 𝑟ℎ 𝑟ℎ
-1.676331) + 0.00391838 × × arctan (0.023101 × ) - 4.686035 (2)(𝑟ℎ)3/2 𝑟ℎ

where, is relative humidity and t2_c is air temperature in Celsius.𝑟ℎ

In the absence of measured globe temperature (GT), thermofeel calculates GT from mean radiant
temperature (MRT), which can be calculated using commonly available gridded parameters from
model/reanalysis such as ERA576. The MRT, which was introduced to parameterize the effects of
the complex radiant environment in one temperature-dimension index, is defined as the uniform
temperature of a hypothetical black sphere that exchanges the same amount of radiation with a
human body as the actual surroundings119. thermofeel calculates MRT using equation (14) in Di
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Napoli et al. 2020120, which calculates MRT as a function of solar and thermal radiation
including the direct solar radiation, diffuse solar radiation, and thermal radiation (longwave), all
of which are crucial to characterize heat exposure on a human body and are commonly available
in most climate model outputs and reanalysis data.

The first step in computing MRT is to calculate surface projection factor , which represents the𝑓
𝑝

portion of the human body exposed to direct solar radiation. The is given by an empirical𝑓
𝑝

equation derived in terms of solar elevation angle as below121:

(3)𝑓
𝑝

=  0. 308 𝑐𝑜𝑠 (γ (0. 998 − γ2/50000) 

where is the solar elevation angle as defined in Table 2.γ

As per the definition of MRT, the MRT can be obtained by equating the radiant heat absorbed by
a human body to the radiation emitted by a fictive black-body emitter that emits radiant energy
equal to , solving which we get122σ 𝑇

𝑚𝑟𝑡
4

(4)𝑇
𝑚𝑟𝑡

=  1
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⎰
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The input parameters in the above equations and their equivalent in WRF are defined in Table 2.
is the Stefan-Boltzmann constant , is the angle factor set to 0.5σ 5. 67×10−8 𝑊𝑚−2𝐾−4 𝑓

𝑎

assuming a standing human being receiving radiation from ground and sky only (is much more
complex in an urban setting), is the effective shortwave absorption coefficient of the humanα

𝑖𝑟

body assumed to be 0.7 and is the effective emissivity of the clothed human body assumed toε
𝑝

be 0.97.

thermofeel approximates the direct solar radiation (at surface) on a plane perpendicular to the
direction of the Sun (dsrp) based on total sky direct solar radiation (fdir) and cosine of zenith
angle (cossza). However, in our case, WRF provides dsrp, so we are not approximating as such.
The WRF equivalent variable of dsrp is SWDDNI (Table 2). The SWDDNI and other radiation
fields (Table 2) necessary for calculating BGT, which are not standard outputs, can be added to
the output stream by adding the following line in the file myoutfields.txt in the WRF directory:
+:h:0:SWDDIR,SWDDIF,SWDDNI. The Google Colab scripts provided in the data availability
section shows how to use different meteorological and radiation outputs from WRF to calculate
WBGT.
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Table 2. Input parameters for calculating WBGT and their WRF equivalent output variables.

Parameters thermofeel variable Equivalent WRF output
variable name

Remarks

Dew point temperature at
2m

td_k (K) Td_2m (K) Calculated with the
NCAR NCL script
wrfout_to_cf

Air temperature at 2m t2_k (K) T2 (K) Standard wrf output
Relative humidity at 2m rh (%) rh_2m (%) Calculated with the

NCAR NCL script
wrfout_to_cf

Wind speed at 10m height va ( )𝑚 𝑠−1 WS ( ) =𝑚 𝑠−1

(𝑈102 + 𝑉102)

Calculated from standard
WRF output U10 and
V10

Cosine of solar zenith
angle

cossza (°) COSZEN
cos of solar zenith angle

Standard wrf output

Solar elevation angle = 90-cosszaγ (°) - -
Total sky direct solar
radiation at surface
(downward on a
horizontal plane)

fdir ( )𝑊 𝑚−2 SWDDIR
Shortwave surface
downward direct irradiance (

)𝑊 𝑚−2

Not a standard WRF
output, added in
myoutfields.txt

Surface solar radiation
downwards

ssrd ( )𝑊 𝑚−2 SWDOWN ( )𝑊 𝑚−2

downward short-wave flux
at ground surface

Standard wrf output

Surface thermal radiation
downwards

strd ( )𝑊 𝑚−2 GLW ( )𝑊 𝑚−2

downward long wave flux at
ground surface

Standard wrf output

Surface solar radiation
upwards

rsw = ssrd-ssr SWUPB ( )𝑊 𝑚−2

instantaneous upwelling
shortwave flux at bottom

Standard wrf output

Surface thermal radiation
upwards

lur = strd-strr LWUPB ( )𝑊 𝑚−2

instantaneous upwelling
longwave flux at bottom

Standard wrf output

Surface net solar
radiation

ssr ( )𝑊 𝑚−2 SWDOWN-SWUPB Required for calculating
mean radiant temperature

Surface net thermal
radiation

strr ( )𝑊 𝑚−2 GLW-LWUPB Required for calculating
mean radiant temperature

Direct solar radiation (at
surface) on a plane
perpendicular to the
direction of the Sun

dsrp ( )𝑊 𝑚−2 SWDDNI
Shortwave surface
downward direct normal
irradiance ( )𝑊 𝑚−2

Not a standard WRF
output, added in
myoutfields.txt

Diffuse solar radiation dsw = ssrd-fdir SWDDIF
Shortwave surface
downward diffuse irradiance
( )𝑊 𝑚−2

Not a standard WRF
output, added in
myoutfields.txt

The black globe temperature (BGT) is then calculated as a function of MRT calculated above
using the equation provided by Guo et al. 2018 (eqn 6), which was originally developed by de
Dear (1988) using the heat balance equation on a ping-pong globe thermometer123,124. The globe
temperature is calculated by rearranging the equation (5) below as in Thorsson et al. (2007)125.
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(5)𝑇
𝑚𝑟𝑡

=  
4

𝑇
𝑔
4 +  

1.1×108  × 𝑣
𝑎
0.6 

ε 𝐷0.4  (𝑇
𝑔

− 𝑇
𝑎
)

where, is an empirical derived parameter, is the wind speed at the globe level (1.11. 1×108 𝑣
𝑎
 

m) in , which is calculated by logarithmically downscaling the modeled 10-m wind speed𝑚𝑠−1

to 1.1 m, and is the emissivity of the globe equal to 0.95. D is the diameter of the globe (0.15ε
m).

Statistics
For comparing model results with observations, model grid cells closest to the station coordinate
are extracted using the great circle method. Pearson’s correlation coefficient (Rho) is used to
assess correlations and root mean squared error (RMSE) is used to characterize the errors
between model and observations.

A two-sided difference of mean t-test is applied to find the grid cells with statistically significant
difference between irrigation and no-irrigation WRF simulations using hourly model output data.
The t-statistics used is given by,

t = (6)
𝑋

1
 − 𝑋

2

𝑆𝑝 2
𝑛

Where, and are the sample means, is the pooled standard deviation given by, 𝑋
1

 𝑋
2

𝑆𝑝

= (7)𝑆𝑝
𝑠

𝑥
1

2  + 𝑠
𝑥

21

2

2

and n is the number of samples,

The t-test is performed at each grid cell of the model (d03), the size of which is 171 (lat) ×162
(lon). The p-values are also calculated and reported for each grid cell. The number of samples at
each grid cell is 720 (24×31) for April and June, and 744 (24×31) for August. Half sets of this
hourly data between 7 AM-6 PM and 7 PM-6 AM were used for the daytime and nighttime
calculations, respectively.

Data availability
ERA5 data were downloaded from the following NCAR repository:
https://rda.ucar.edu/datasets/ds633-0/. WRF static data were downloaded from the following
UCAR page: https://www2.mmm.ucar.edu/wrf/users/download/get_sources_wps_geog.html?
The sensor-independent LAI/FPAR data were obtained from Google Earth Engine; the details of
which is made available by the data developers at
https://github.com/JiabinPu/Sensor-Independent-LAI-FPAR-CDR/blob/master/GEEExample_Re

https://rda.ucar.edu/datasets/ds633-0/
https://www2.mmm.ucar.edu/wrf/users/download/get_sources_wps_geog.html
https://github.com/JiabinPu/Sensor-Independent-LAI-FPAR-CDR/blob/master/GEEExample_Read_SI_LAI_FPAR_CDR_8d.txt


ad_SI_LAI_FPAR_CDR_8d.txt. CIMIS data was downloaded from:
https://cimis.water.ca.gov/WSNReportCriteria.aspx. CARB data were obtained from:
https://www.arb.ca.gov/aqmis2/metselect.php.

Code Availability
WRF source code can be obtained from the Github repository:
https://github.com/wrf-model/WRF. thermofeel v2.0.0 python package is available from
https://pypi.org/project/thermofeel/. Python scripts used to perform data analysis, and produce
figures, are made available at the Github repository:
https://github.com/psagar123/RuralHeatIsland.
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