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Abstract

Agricultural land fallowing is a practice of temporarily idling farmlands to maximize soil
water storage, restore plant nutrients, and minimize soil erosion hazards. Despite the ben-
efits of land fallowing, it remains unclear to what extent it affects nearby crop productivity.
Here, we show that one such effect is through the fallowed heat island, a concept similar
to urban heat island, whereby exposed fallowed agricultural lands absorb solar radiation
and retain heat more than their surrounding irrigated croplands. Using high-resolution sat-
ellite-based surface temperature and evapotranspiration information over California’s Cen-
tral Valley, we find that the fallowed heat island effects raise the summer surface temper-
ature of nearby agricultural fields by as much as 6°C. In addition, this effect also results in
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a significant evapotranspiration deficit of up to -60 mm in the adjacent agricultural
croplands, corresponding to almost 40% additional water demand compared to ideal con-
ditions. Furthermore, we also find that the compound temperature-moisture effects of the
fallowed heat island result in a reduction of up to 5% in corn crop yield relative to the
county-level baseline. Overall, our findings have significant implications for sustainable
water management policies and for spatially informed agricultural planning that considers
changes in local microclimates.

Significance Statement

Fallowing agricultural land is widely practiced by farmers to conserve water and restore
soil health, but its consequences for nearby crops remain largely unexplored. We demon-
strate that fallowed fields create a localized heat island effect, which over adjacent
croplands results in higher surface temperatures, drier soil moisture, increases in water de-
mand, and reductions in crop yields compared to baseline irrigated croplands. Our findings
reveal a critical trade-off in sustainable farming: water conservation through land fallowing
may inadvertently impose heat and water stress on neighboring productive croplands, high-
lighting the need for spatially coordinated agricultural planning that maximizes crop yield.

Introduction

The concept of a heat island defines an area with a significantly higher surface or atmos-
pheric temperature relative to its surrounding environment, with scales that can range from
a few hundred meters to a few kilometers (1-4). At the kilometer scale, this concept of heat
island has previously been applied to urban environments, where rapid infrastructural
changes and exposure to built infrastructures, including pavements, buildings, and roads,
have resulted in a rise in land surface temperature relative to surrounding rural or suburban
areas (2, 5). Specifically, these exposed urban surfaces absorb solar radiation, and due to
their lower albedo, they can retain more energy within their structure compared to vege-
tated green surfaces in rural areas (1). In addition, in some densely built urban areas, the
movement of air becomes limited due to the closely packed structures, which leads to poor
ventilation and eventually an increase in air temperature (6). While several studies have
focused on urban heat islands with built surfaces, the concept of heat islands resulting from
land cover changes extends beyond urban boundaries and non-concrete environments, par-
ticularly at small scales. For example, previous studies have shown that heat islands can
occur around photovoltaic (PV) installations and, when placed in non-urban environments,
could affect nearby natural ecosystems (7-9). Like urban heat islands, these studies suggest
that a photovoltaic heat island occurs due to the increased absorption of solar radiation
resulting from the decreased albedo of the solar panels compared to their surrounding en-
vironments. Beyond the influence of rural exposed areas on urban heat island effects, there
are likely other local heat island effects in rural areas that can also have consequences for
nearby communities and ecosystems that are yet to be explored (10).

Such localized heating in agricultural areas would be in contrast to the irrigation cooling
that has previously been shown in the literature (11-13). Unlike urban areas, where built
surfaces intensify heating, irrigated agricultural lands often create a cooling effect through
enhanced evapotranspiration (13). This cooling effect depends on factors such as crop type,



planting density, and irrigation practices, which all indirectly influence the local microcli-
mate (13, 14). For example, the surface shading from vegetation canopy reduces heat gain
and storage in soils in agricultural cropland. Consequently, the energy absorbed by vege-
tation and surface soils can be released as latent heat during the transition of liquid water
to water vapor in the atmosphere through evapotranspiration (15), which further cools the
surface (16). In contrast, more drastic measures, such as temporary fallowing — where a
portion of the cropland is kept unplanted for a specific period (17—19) either for improving
soil health and recharge (19, 20) or for water conservation, can reverse this cooling effect
and are hypothesized to similarly have significant impacts on microclimates. Depending
on the surface cover or lack thereof, fallowed agricultural lands can store radiant energy
from the sun throughout the day due to their low specific heat capacity and reduced evap-
otranspiration, resulting in higher surface temperatures (21, 22). We show an example of
this localized heating effect in Figure 1 with the difference in the surface temperature be-
tween a fallowed area and surrounding agricultural cropland in Fresno County at the heart
of California’s Central Valley (Fig. 1a-c & Fig. S1a). In this case, the fallowed land surface
has about 10-15 °C higher temperature than the surrounding agricultural cropland (Fig. 1c).
Like urban heat islands, we refer to this significantly higher surface temperature at the
fallowed location relative to its surrounding croplands as a fallowed heat island.

While fallow lands induce the heat islands, several factors can influence farmers’ decisions
to fallow their lands, including soil degradation and nutrient depletion (23), water manage-
ment and availability (24), economic factors and market dynamics (25), government poli-
cies (26), and environmental factors, including water scarcity (27, 28). For example, due
to groundwater overdrafts on water-intensive croplands in arid and semi-arid regions, fal-
lowing is done to allow the soil to rest, regenerate nutrients, improve organic matter con-
tent, and disrupt pest and disease cycles (29) and to conserve available groundwater (30).
In California’s Central Valley, persistent groundwater depletion has become exacerbated
in recent years with chronic drought events, resulting in the enactment of the Sustainable
Groundwater Management Act (SGMA) in 2014 — a law that aims to bring groundwater
basins to sustainability by 2040 (26, 30, 31). However, a major consequence of this law is
that it resulted in proposed land fallowing in the Central Valley as one strategy to achieve
groundwater balance (17).

Regardless of the reasons for land fallowing of agricultural lands, the presence of a nearby
fallowed heat island, and the eventual higher temperatures they produce (Fig. 1c), may
potentially affect crop water demand, crop yield, and productivity of adjacent agricultural
lands (32, 33). Specifically, high temperatures increase transpiration rates (34), and where
plants lack sufficient water to support growth and development, this can result in reduced
crop yields (35). While different crops respond to temperature changes in different ways,
excessively high temperatures almost always negatively impact crop yield by accelerating
crop phenology, shortening grain-filling periods, and reducing biomass accumulation,
which ultimately leads to decreased crop yields (36-38). For temperature-sensitive crops
such as corn and tomatoes, even brief periods of heat stress during key growth stages can
result in significant yield penalties (39). Despite the potential impacts of excessively nearby
high temperatures on crop water demand and yield, the concept of the fallowed heat island
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from fallow lands has previously not been explored, to our knowledge, nor has the extent
of temperature change it could produce relative to nearby agricultural croplands been esti-
mated.

To fill this gap, we focus on California’s Central Valley, an extremely productive agricul-
tural hub that grows an abundance of high-value crops and contains about 17% of all U.S.
irrigated croplands (40). In California, the Central Valley accounts for 75% of irrigated
croplands (Fig. Sla-c), and as a result, it also accounts for the majority (77%) of fallow
lands in the state (17). These fallowed lands occupy about 45% of the total croplands in
some counties (Fig. 1d and Fig. S1). As a result, the Central Valley serves as a natural
testbed to understand the impacts of heat island effects of fallowed lands on nearby
cropland. Consequently, using observational datasets that leverage satellite information,
we obtained crop type information, including fallow lands (41), land surface temperature,
surface bareness information (42, 43), and evapotranspiration (44) between 2013 and 2022
(see Methods). We find that fallowed heat islands are indeed ubiquitous in California’s
Central Valley, resulting in significantly warmer surface temperatures than the surrounding
agricultural croplands. We also find that this increased surface temperature due to fallowed
heat island results in significant increases in evapotranspiration deficit and crop water de-
mand that consequently reduce the overall crop yield.

Results

Fallowed Heat Islands:

We define fallowed heat islands as fallowed or idled fields that are significantly warmer
than their surrounding agricultural croplands. To understand the intensity of fallowed heat
islands and how it may affect their surrounding croplands, we first seek to assess the base-
line surface temperature of fallowed areas different from their non-fallowed agricultural
croplands in California’s Central Valley. To do so, we estimate the percentage of fallowed
and non-fallowed croplands that are within certain surface temperature thresholds. We find
that fallowed lands are more likely to have extreme temperatures of 50°C or higher than
non-fallowed agricultural croplands, which typically remain below 40 °C (Fig. 1f). In ad-
dition, we also find that this percentage difference is higher in the southern part of San
Joaquin Valley (R1) than the northern part of San Joaquin Valley and Metro Sacramento
(R2) or the northern part of Sacramento Valley (R3). This indicates a latitudinal shift in
high temperatures associated with fallowed lands (Fig. 1e & Fig. S2). Further, fallowed
lands also exhibit a similar latitudinal shift in surface bareness (Fig. S3), which correlates
with surface temperature (> 0.8; Fig. S4). This result suggests that the coupling between
surface temperature and bareness could result in a potential feedback process, where a
sparsely vegetated surface absorbs more heat, leading to the drying out of remaining veg-
etation and increased surface exposure, which in turn allows for more heat to be absorbed
by the surface.

Although the results above show, on average, that fallowed lands across the California

Central Valley are generally hotter and are exposed to heat than non-fallowed croplands, it
does not explain the effects of the fallowed heat island, whereby the heat absorbed impacts
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its nearby agricultural non-fallowed croplands. To address this, we obtained the surface
temperature values of non-fallowed croplands centered around 900-m? fallowed fields
across the Central Valley (Fig. 2). The result shows that the fallowed land exhibits signif-
icantly higher surface temperature than the surrounding agricultural croplands (Fig. 2a;
Fig. S5). Specifically, on average, we find that the fallowed lands could have surface tem-
peratures of up to 55 °C, which is about 4-10°C warmer than the surrounding agricultural
croplands. In addition, we also find that the heat from the fallow field creates a cone-like
structure and radially spreads outwards, similar to the urban heat islands, thereby validating
our hypothesis of the fallowed heat island (Figs. 2a; Fig. S5).

Furthermore, we estimate the intensity (AT) of the fallowed heat island as the change in
the surface temperature away from the fallowed center relative to a reference location over
the nearby consecutively connected agricultural croplands (see Methods). We define a ref-
erence location as the location of the first minimum surface temperature, away from the
fallowed field, that is less than 0.5 °C of the mean surface temperature within a 4 km by 4
km region centered on the fallowed field (see Methods). In general, we find these reference
locations to be at least 500m away from the center of the fallow field (Fig. 2a; Fig. S5).
Across all fallowed lands in the Central Valley, we find that the fallowed heat island results
in up to 4°C changes in surface temperature of nearby consecutively connected agricultural
croplands and that the heat from the fallowed lands radiate outward (magenta line in Fig.
2b). We also find that this heat dissipation, away from the fallowed land, is largely expo-
nential, indicating a stronger initial decrease in surface temperature and a gradual one
thereafter. Specifically, within the first 200 m, the heat decreased by approximately 3.5 °C
away from the fallowed field and by less than 0.5 °C for the next 300 m. In other words,
after 200 m, the fallowed heat island intensity decreased by approximately 88% from its
peak (about 62% in the first 100 m), adjacent to the fallow land. This gradual decline in
heat away from the fallowed center is similar to those found for major cities due to urban
heat island (45). Furthermore, we determine how much additional heat is added by the
fallowed heat island over the background temperature, by estimating the intensity of the
fallowed heat island relative to the mean surface temperature when non-fallowed agricul-
tural croplands replace the fallowed land (cyan in Fig. 2b). We find that the fallowed heat
island effects add considerable heat above the background temperature, with the maximum
impacts next to the fallowed land and decreasing away, as with the intensity of fallowed
heat island (AT).

While the fallowed heat island effects substantially increase the temperature of the sur-
rounding croplands, this temperature increase also depends on several factors, including
the region, area size, and the extent of surface bareness of the fallow lands. First, we find
that the fallowed heat island intensity (AT) for the hot-temperate region of the southern
San Joaquin Valley (R1; 4.5°C) is approximately 1°C higher than that of the cool-temperate
region of the northern San Joaquin Valley (R2; 3.3°C) and the northern Sacramento Valley
(R3; 3.8°C; Fig. 2c¢). Second, we find that the intensity of fallowed heat islands increases
as a function of the area coverage of the fallow lands. Specifically, the intensity of the
fallowed heat island is up to about 3°C for smaller fallowed land areas (< 10 pixels or
~9,000 m?), whereas it is up to about 5°C for the larger fallowed land area exceeding
~90,000 m? (Fig. 2d). In addition, the relative heat accounted by the fallowed heat island



effect follow similar dissipation rates as the intensity largely because of the similarly in the
background surface temperature when averaged across the Central Valley (compare Fig.
2d with Fig. S6b & e). Third, given that there is a degree of variability in the exposure of
the fallowed lands (Fig. S3; Fig. S4b), we find that the fallowed heat island intensity with
bare surfaces (B > 0.8) reaches up to 6 °C (17% relative heat) and stronger by about 2 °C
(12% relative heat) and 4.5 °C (4% relative heat) more than sparsely vegetated (0.6 <B <
0.8) or vegetated surfaces (B < 0.6), respectively (compare Fig. 2e with Fig. S6¢c & f).
These results suggest that surface bareness of the fallowed lands amplifies the fallowed
heat island effect with higher impacts when the fallowed land area is larger. In addition,
we also find that the crop types of the nearby cropland likely influence the spatial extent of
the heat induced by the fallowed heat island (Fig. S7). To address this, we classify the crop
types into similar groups (see Table S1), and we find that the Deciduous Fruits and Nuts
(such as grapes and almonds), and Corn and Cotton have the highest heat island intensity
of up to 3.1°C near the fallowed center (Fig. S7b). In contrast, Citrus and Subtropical,
Truck Crops, and Field Crops display much weaker intensity, generally below 1.5°C. Our
result suggests that the differences in planting density coverage, canopy structure, and
irrigation methods influence the amount of heat absorbed by nearby croplands. Overall,
our findings indicate that the fallowed heat island effect depends sensitively on the fallow
location or latitude, area size, and the extent of surface exposure, as well as the crop type
of the nearby irrigated croplands.

Effect of Fallowed Heat Island on Water Demand:

As a result of the fallowed heat island effect, we find that the heat dissipated by fallowed
land substantially impacts the evapotranspiration and water demand for optimal growth of
nearby agricultural croplands. To show the effect of the heat island on nearby evapotran-
spiration, we obtained 30m-resolution pixel evapotranspiration (ET) data from the OpenET
project (46) and estimated the changes in evapotranspiration of nearby agricultural
croplands surrounding fallowed lands (see Methods). There is a significant change in evap-
otranspiration, creating an inverted cone-like structure which varies away from the central-
ized fallowed locations (Fig. S8). Specifically, we find lower evapotranspiration at the sur-
rounding agricultural croplands near the fallow locations compared to those farther away
(Fig. S8). Estimating the change in evapotranspiration (AET), similar to the fallowed heat
island intensity, we find an evapotranspiration deficit up to -29 mm close to the fallowed
locations when averaged across the Central Valley (compare Fig. 3a and Fig. 2b). This
reduction is relative to a reference location, which is the maximum evapotranspiration at a
distance greater than 500m away from the fallowed land, defined by the fallowed heat
island (cf. Fig. 2; see Methods). Like heat dissipation, the evapotranspiration deficit also
exponentially decreases (mean evapotranspiration increases) away from the centralized fal-
lowed lands, recovering by about 84 % within the first 200 m (about 65 % within the first
100 m). Overall, the reduction in evapotranspiration around the fallowed land suggests soil
moisture deficits resulting from the significant increase in surface temperature due to the
fallowed heat island effect.

Accordingly, we estimate the relative water demand (or need) associated with the evapo-
transpiration and soil moisture deficit by assuming that crop and total evapotranspiration
are proportional and that the effective precipitation reaching the crop root, including the



precipitation, run-offs, nominal irrigation, and deep percolation, is constant (see Methods).
Specifically, we take the relative water demand as indicative of the total water lost through
soil evaporation and plant transpiration required for the crop to reach its full production
potential or optimal growth under ideal conditions. Therefore, we estimate the relative wa-
ter demand as the relative percentage of the evapotranspiration deficit (AET) due to the
fallowed heat island effect per unit change in the baseline evapotranspiration when the
fallowed land is replaced by non-fallowed cropland (see Methods). The results indicate
that the fallowed heat island effect accounts for up to 19% of the additional water demand
for optimal growth near the fallowed locations, when compared against cases with non-
fallowed croplands, across the Central Valley (cyan line in Fig. 3a). In addition, the in-
crease in water demand also depends on the region of the fallowed locations, the size of
the fallowed area, how exposed the fallowed land is, and the crop type (Fig. 3b-d), which
corresponds to a similar reduction in evapotranspiration due to the fallowed heat island
effect (Fig. S9 and Fig. S10). Depending on the region, size of the fallowed area, and sur-
face bareness, this fallowed heat island effect could account for up to ~40% of additional
water demand (Fig. 3b-d), corresponding to almost -60 mm deficit in evapotranspiration,
near the fallowed locations (Fig. S9). These water demands are largely proportional to the
temperature intensity change around the farmed lands (compare Fig. 3b-d with Fig. 2c-e),
suggesting that warmer surface temperatures lead to a higher vapor pressure deficit in the
air, causing plants to lose more water through transpiration and the soil to lose more water
through evaporation. In addition, the water demand also depends on the crop type and cat-
egory, where the fallowed heat island effect requires up to 20 % and 12 % of additional
water demand for deciduous fruits and nuts, and corn and cotton, respectively near the
fallowed locations across the Central Valley, higher than other crop type, such as citrus
and subtropical (Fig. S10). Due to the relatively lower surface temperature resulting from
the fallowed heat island effect, other crop categories, including field crops, grains, berries,
and citrus, require relatively less additional water demand. Overall, our findings indicate
that the fallowed heat island effect results in a substantial deficit in evapotranspiration and
water demand, which varies by region, fallow size, and surface bareness, with the maxi-
mum effect occurring near the fallowed locations and decreasing exponentially with dis-
tance.

Effect of Fallowed Heat Island on Crop Yield:

The co-occurrence of warmer surface temperatures and reduced evapotranspiration, or
higher water demand due to the fallowed heat island effects, also alters crop yields of
nearby cropland to the fallowed lands. Our results above suggest that warmer surface tem-
peratures generally have a negative correlation with lower evapotranspiration, and joint
probability analysis further confirms that this general co-occurrence is more likely (54%)
at temperatures higher than 50 °C and evapotranspiration less than 50 mm over fallowed
locations (Fig. S11a). However, not all fallowed lands have this negative correlation be-
tween surface temperature and evapotranspiration (Fig. S11b), suggesting that both tem-
perature and moisture perturbations can influence crop yield and productivity through dif-
ferent pathways near the fallow locations. Therefore, to estimate the impacts of fallowed
heat island effect on crop yield, we consider the temperature-evapotranspiration coupling
(47, 48) rather than only the temperature, which is often used in simple linear regression
by some previous studies (49, 50) (e.g., Fig. S12). We do so because previous studies



showed that in regions where temperature and moisture are strongly coupled, crop yields
are more negatively affected by warming, as moisture deficits often accompany heat stress
(48). To account for the impacts of temperature-evapotranspiration coupling due to the
fallowed heat island effect on the crop yield, we focus on three major crops over the Cali-
fornia Central Valley (cotton, corn, and tomato) and estimate the response of crop yield
sensitivity to the temperature-evapotranspiration coupling over the adjacent cropland to the
fallowed center (see Method). These crops collectively account for 17% of the total
cropland area in the Central Valley, resulting in an average yield of 27, 0.87, and 56 tons
per acre for Corn, Cotton, and Tomatoes, respectively, between 2013 and 2022 (Fig. S12
& S13). We employed a new framework, following Lesk et al. (202), to estimate the rela-
tive change in crop yield due to the fallowed heat island effect (see Methods).

We find that, when accounting for the temperature-moisture coupling, there is a significant
difference in the fallowed heat island effects on crop yield, leading to a mean reduction of
up to 2.6% above the baseline crop yield when averaged across the three crops (Fig. 4a).
Specifically, the fallowed heat island effect accounts for up to 5.3%, 1.8%, and 0.6% re-
duction in yield for corn, cotton, and tomatoes above the mean baseline (Fig. 4a; cf. Fig.
S14). Most of the relative reduction in crop yield occurs in the first 100 m away from the
fallowed land, which follows a similar pattern of reduction in the relative heat and water
demand (Fig. 4a & Fig. S15). On average, for the first 100 m, the relative reduction in crop
yield is -2.1%. -1.1%, and -0.2% for corn, cotton, and tomatoes of the mean baseline (first
column in Fig. 4b). In addition, the reduction in relative crop yields due to the fallowed
heat island effects also varies across regions and counties in the Central Valley. Specifi-
cally, on average, regions with warmer surface temperature (R1 & R2) have the largest
reduction in relative crop yield (-1.0 % & - 1.6 %) across the three crops when averaged
for the first 100 m away from the fallowed lands than regions with cooler surface temper-
ature (R3) with smaller reduction (-0.8%; Fig. 4b). For individual crop, this difference in
crop yield of the same crop across the regions could be up to an order of magnitude (Fig.
4b). Within each region, there is also differences in the percentage reduction in relative
yield impacts. For example, Tulare County in San Joaquin Valley consistently have the
largest reduction in relative crop yield impacts across the three crops, despite not having
the largest surface temperature or fallowed land coverage (compare Fig. S16 and S1 to Fig.
1). In contrast, Kern County have the highest surface temperature and fallowed land cov-
erage, but relatively less reduction in relative crop yield impacts compared to Tulare
County. This difference between the percentage change in crop yield of the crop types
across counties is partly due to the response of yield sensitivity for each crop to tempera-
ture-moisture coupling and the crop-specific relative heat impacts due to the fallowed heat
island (Fig. 4c & d). For example, the response of crop yield sensitivity to temperature-
moisture coupling is stronger for corn and tomatoes than for cotton, which is more sensitive
to the direct relative heat impacts due to fallowed heat island (Fig. 4c & d). Overall, be-
tween and within regions in the Central Valley, there are significant reductions in the rela-
tive impacts of the fallowed heat island effect on crop yield for corn, cotton, and tomatoes,
highlighting a critical and spatially variable pathway through which land management de-
cisions, such as fallowing, often affect agricultural productivity.

Discussion



We have shown that the fallowed heat island, a phenomenon defined similarly as urban
heat island, whereby exposed fallowed lands in agricultural areas absorb intense solar ra-
diation resulting in significantly higher surface temperature than do its surrounding
croplands, is frequently induced in California Central Valley (Fig. 5). Specifically, we
showed that the fallowed heat island effect raise the surface temperature of nearby agricul-
tural lands by as much as 6°C and create a cone-like structure that radially spreads heat
outwards away from the fallowed locations. In addition, we also showed that this fallowed
heat island effect is associated with evapotranspiration deficit of up to -60 mm,
corresponding to almost 40% additional water demand over the adjacent agricultural
croplands. Consequently, because of the higher surface temperature and evapotranspiration
deficit in adjacent croplands, we find a reduction in relative crop yield for nearby corn,
cotton, and tomato of up to 5.3%, 1.8%, and 0.6% % (mean of 2.6%), respectively, when
compared to the county-level baselines. Furthermore, we showed that the intensity of the
fallowed heat island depends on the latitudinal region of the fallowed lands, the overall
coverage size of the fallowed area, the degree of surface exposure of the fallowed land
(measured by bareness), and the type of crops planted next to the fallowed land areas. Spe-
cifically, we showed that (1) the intensity is stronger for fallowed lands in the southern part
of Central Valley, where the mean surface temperature is generally higher (the San Joaquin
region) than the northern part, where the mean surface temperature is cooler (the Sacra-
mento Valley); (2) the intensity is stronger for larger cluster of fallowed lands with in-
creased exposed surface area to absorbed solar radiation than smaller fallowed fields; (3)
the intensity is stronger when the fallowed surfaces are bare and exposed to solar radiation
increasing the ability to absorb heat than to when they are sparsely covered by vegetation;
(4) finally, the intensity is stronger for some crops planted adjacent to the fallowed lands
than others, suggesting that planting density coverage, canopy structure, and irrigation
methods influence the amount of heat absorbed by nearby croplands. Consequently, these
variations in the intensity of fallowed heat island also inform similar variations in relative
water demand and relative crop yields.

Our findings that highlight the effects of fallowed heat island contrast with the mechanism
of irrigation cooling effects in agricultural lands. Previous studies have shown that cooling
effects between irrigated and adjacent non-irrigated areas could be more than 6 °C during
the growing season in arid and semiarid areas (51). This temperature change due to irriga-
tion cooling effect is similar but opposite to our results of increased surface temperature of
up to 6°C due to fallowed heat island (see Fig. 2). This suggests that the irrigation cooling
effect operates through the similar fundamental energy balance mechanisms that drive our
observed fallowed heat island, but in reverse. Whereas irrigation cooling acts through in-
creases in evapotranspiration, shifting the energy budget toward latent heat flux, thereby
lowering land surface temperature, fallowed heat island effects amplify surface warming
and reduce evapotranspiration through increased sensible heat flux and reduced latent heat
flux (52, 53). In addition, the spatial patterns of these contrasting effects also share similar
distance-decay relationships, with maximum effects occurring at the source and diminish-
ing exponentially outward (54, 55), similar to urban heat island (56). While the negative



effects of fallowed heat island effect can be counteracted by enhanced irrigation, our find-
ings suggest that strategies that maximize cooling through irrigation must be balanced
against strategies that conserve water via fallowing.

In addition, our findings have other important implications. First, the enhanced surface
temperature and soil moisture deficits resulting from fallowed heat islands can influence
soil carbon sequestration and soil fertility, particularly in nearby agricultural fields (1).
Specifically, an increased surface temperature exacerbating soil moisture deficit can in-
crease the rate at which soil microorganisms decompose organic matter, resulting in in-
creased carbon dioxide release into the atmosphere and a decrease in the amount of carbon
stored in the soil (57-59). Second, enhanced surface temperature due to the fallowed heat
island can also affect livestock, particularly dairy cows, which are vulnerable to heat stress.
Specifically, cows may be susceptible to additional heat stress near fallowed lands, which
can reduce feed intake, milk production, and reproductive success (60). Third, fallowed
heat island effects could further influence the local microclimates, which could have po-
tential consequences for air quality and the health of farmworkers, especially in regions
with increasing climate-induced features such as drought and heatwaves. These potential
consequences for the health of farmworkers contrast with the influence of irrigation cooling
(61). Specifically, enhanced localized heat sources such as those from fallowed lands could
induce changes in the pressure gradients that could affect the wind distribution and direc-
tion (62). Such changes in wind could further result in the redistribution of the relative heat
impacts on nearby croplands. In addition, the coupling between temperature-bareness over
fallowed land (e.g., Fig. S4) has previously been associated with increased potential for
dust emission and mobilization, which changes in wind direction could exacerbate. The
combined effects of enhanced temperature and secondary effects through dust mobilization
could exacerbate health and air quality hazards, increasing occupational heat exposure risks
for farmworkers in and around these agricultural fields (63).

Despite the impacts of these fallowed heat island effects on the surrounding croplands,
there are some potential limitations and caveats that should be considered in interpreting
our results. First, our study relies on satellite-based surface temperature, surface bareness,
and evapotranspiration that may be associated with inherent uncertainties in their retrieval
procedures (64—66). For example, Landsat-8 retrievals of surface reflectance in relevant
bands could have outliers that may propagate into our estimate, resulting in a higher surface
temperature than physically possible (67). Such uncertainties are mitigated in our study by
averaging millions of data points over multiple years and locations across the Central Val-
ley. Second, in addition to uncertainties in satellite-based products, our Landsat-8 surface
temperature and surface bareness information rely on monthly averages that are obtained
from about two Landsat overpasses due to the long return time. Because of the difficulty
of capturing daily variability in the monthly averages, our estimates are slightly biased-
high in some places and biased-low in others. That said, we expect that the contribution of
this bias to the overall uncertainties to be less than others because daily mean surface tem-
perature and bareness, within a given month, do not change significantly and generally
within 5% of the monthly averages, between June and August in the Central Valley. Third,
the fallowed land information from USDA’s Cropland Data Layer (CDL) is only available
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yearly, and seasonal comparisons between fallowed land and other variables, such as sur-
face temperature, surface bareness, and evapotranspiration, were not possible. However,
CDL’s fallowed land cover information is often obtained for the previous-year growing
season (68), which corresponds, in part, to the period considered in our study (June-Au-
gust). Fourth, there are additional uncertainties potentially introduced in our analysis of the
surface temperature over the 780 m x 780 m regions surrounding a centered fallowed area.
Specifically, because of the spatial variability and heterogeneity in local land cover and
geographic features, agricultural croplands may be randomly interspersed with fallowed
lands of different sizes (Fig. S14), thus making it difficult to determine exactly which fal-
lowed land has the most influence on nearby cropland. Additionally, even when non-fal-
lowed non-agricultural land cover types have been excluded from our analysis (see Table
S2), it is difficult to mitigate their impacts on surrounding agricultural croplands that are
eventually used in our analysis. To account for this bias, we required that the centered
fallowed locations be followed by consecutively connected agricultural croplands, which
we implemented only across possible directions. While this approach minimizes the influ-
ence of other non-fallowed non-crop land cover, it also reduces the number of data points
in the estimate of the fallowed heat island intensity and its relative impacts. Finally, alt-
hough annual crop yield information is used to estimate the impacts of the fallowed heat
island, they are compared against the influence of surface temperature and evapotranspira-
tion between June and August. Since our study is only concerned about co-variabilities in
surface temperature, evapotranspiration, and crop yield in estimating the relative impact of
the fallowed heat island on crop yield, we assume that such variabilities will be propor-
tional whether an annual or a limited period is taken during the growing season. We also
assume that other factors that may have an impact on the crop yield remain constant, in-
cluding climatic and environmental factors, such as precipitation, soil moisture, heat
waves, as well as others that influence crop production, such as the use of pesticides, in-
secticides, fertilizers, and so on. While this may introduce uncertainties in the magnitude
of the relative change in crop yield, the general reduction in crop yields due to the fallowed
heat island will remain the same.

Despite these limitations, our findings provide strong evidence of changes in surface tem-
perature near fallowed lands, inducing the fallowed heat island effects, with impacts on
water demand and crop yield of the adjacent agricultural fields. As such, our study provides
a new lens on how land management can amplify local climate extremes and unintention-
ally affect surrounding crop systems. Considering the potential effects of the fallowed heat
island in agricultural planning, possibly by clustering fallowed fields, maintaining vegeta-
tive buffers, or leveraging cover crops, could help mitigate its unintended negative impacts
and consequences. In addition, our study underscores the importance of considering land-
use externalities in agricultural water management strategies, particularly those associated
with the Sustainable Groundwater Management Act (SGMA). While land fallowing is of-
ten a necessary response to drought and resource limitations, its unintended side effects
may offset some of the intended benefits by imposing thermal stress on adjacent productive
croplands. These effects are particularly concerning given the scale of fallowing observed
in recent years in the Central Valley (17) and the projected increase in such practices due
to changing water availability and policy shifts in California (26). Taken together, our study
suggests that continued expansion of fallowed lands may further amplify the fallowed heat
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island effects in the Central Valley, with potentially cascading impacts on agricultural
productivity and public health. Without targeted mitigation efforts, the fallowed heat island
effects are likely to intensify in a warming climate.

Materials and Methods

Our study examines the difference in surface temperature between fallowed lands and other
actively cultivated nearby croplands and how fallowed lands influence evapotranspiration,
water demand, and crop yield of the nearby agricultural fields. To understand these im-
pacts, we focused on the California Central Valley, a major U.S. agricultural region, cov-
ering the Sacramento Valley in the northern parts and the San Joaquin Valley in the south-
ern parts (Fig. 1). In addition, we focus on the period between June and August, when
temperatures are highest (Fig. S17 & Fig. S1). Although this period is often associated with
little to no direct rainfall (69), it is also part of the primary growing season during which
agricultural productivity is maintained through active irrigation (69). We obtained surface
temperature, evapotranspiration, and crop yield information between June and August for
a 10-year period, from 2013 to 2022, which is sufficient to capture interannual variability
and reduce uncertainties in our estimates of the fallowed heat island effects.

Below, we detail our methodology, which leveraged multiple observational and remotely
sensed products at 30-m resolution. These include remotely sensed observational datasets
for cropland classification and land cover type identification, as well as for estimating land
surface temperature, surface bareness, and evapotranspiration.

Identifying Fallowed and Non-Fallowed Agricultural Lands:

Information about fallowed and non-fallowed agricultural lands was obtained from the
Cropland Data Layer (CDL) products produced by the National Agricultural Statistics Ser-
vice (NASS) of the U.S. Department of Agriculture (USDA). The CDL is an annual high-
resolution (30m) crop-specific, georeferenced, raster-formatted land cover map created by
a combination of satellite imagery, ground truth data, and other auxiliary data, such as the
National Land Cover Data Collection (41). Specifically, the USDA integrates both culti-
vated and fallow croplands into the CDL products by utilizing crop acreage data reported
by the USDA Farm Service Agency (FSA) for accuracy assessment and crop classification
training (19). While the CDL remains one of the most comprehensive datasets for agricul-
tural land cover in the United States, certain uncertainties persist due to its reliance on
satellite remote sensing. These uncertainties include its limitation to land cover (rather than
land use) identification, pixel-level classification that may introduce spatial bias, and po-
tential classification errors associated with spectral similarity among classes (71). Despite
these limitations, the CDL remains one of the most reliable and consistent sources of land
cover information for crop classification available for the Contiguous United States (41).
In this study, we defined fallowed and non-fallowed croplands based on CDL’s crop types
and land cover classification. Fallowed lands were identified from the CDL category la-
beled “Fallow/Idle Cropland” (41). In addition, we also categorized the non-fallowed crop
types into broad classes based on the classification scheme outlined in (17), including Cit-
rus & Subtropical, Deciduous Fruits & Nuts, Double Field & Grain, Field Crops, Grain &
Hay, Truck Crops & Berries (see Table S1). The areas and locations identified by these
crop types are generally referred to as croplands or agricultural lands in the main text, and
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they represent the areas around the fallowed lands (see below). Consequently, we excluded
certain non-crop and non-fallow land cover types, including Open Space, Wetlands, Bar-
ren, Perennial Ice/Snow, Urban, and various Forests and Shrublands from our analysis to
limit potential uncertainties in our assessment of the fallowed heat island effect and to en-
sure the focus remained on agricultural regions surrounding the fallowed locations (see
Table S2). Furthermore, because fallowed locations do not always occur as an isolated 30
m % 30 m single-pixel, we developed a framework to identify connected fallowed areas to
determine the impact of fallowed area size on the fallowed heat island effect (cf. Fig. 2 &
3). Specifically, we define larger fallowed areas as consisting of contiguous clusters of
connected 30-m-resolution fallowed pixels and separated from any other nearby cluster or
isolated fallowed field by at least one pixel of non-fallowed land cover type (e.g., crop
type). An example of different fallowed land area sizes is shown in Figure S18, taken over
an area in Kern County, with different colors indicating different fallowed area sizes. Over-
all, all fallowed land and non-fallowed cropland pixels are shown in Figures la and S1,
which indicate higher density in the Central Valley compared to other regions in California.
The highest fallowed areas are found in Kern (875 km?), Fresno (827 km?), and Kings (685
km?) counties in southern part of San Joaquin Valley; Sacramento (106 km?), San Joaquin
(73 km?), and Stanislaus (24 km?) counties in northern part of San Joaquin and southern
part of Sacramento Valley; and Sutter (300 km?), Yolo (294 km?), and Colusa (291 km?)
counties in northern part of Sacramento Valley (Fig. S1). These fallowed land coverage
peaks at approximately 45% of the total croplands in some counties of the San Joaquin and
Sacramento Valleys regions of the Central Valley (Fig. 1d).

Obtaining Satellite-derived Surface Temperature and Bareness:

We obtained surface temperature and surface bareness leveraging monthly surface reflec-
tance from Landsat-8 between July and August 2013 and 2022 (43). Launched in February
2013 with operational capabilities from March 2013 (42). Landsat-8 was equipped with
two sensors, Operational Land Imager (OLI) and Thermal Infrared Sensor (TIRS), which
operate in the thermal infrared band and are used to estimate land surface temperature (72).
The TIRS thermal band has a native resolution of 100 m, which is downscaled to 30 m in
the final Landsat product to match the spatial resolution of the reflective bands (73). We
used Landsat-8 due to its superior spatial resolution and advanced sensor capabilities, in-
cluding better signal-to-noise characteristics and higher radiometric resolution (74), result-
ing in higher-quality datasets compared to previous-generation Landsat-7 (75, 76). In ad-
dition, although Landsat-9 has similar sensors to Landsat-8, it only became operational at
the end of 2021. Therefore, we ignore Landsat-9 in this study because it does not cover our
period of interest, and to avoid potential inconsistencies that may introduce errors into our
estimates by combining both Landsat-8 and Landsat-9. We use the publicly available Land-
sat-8 level 2 collection 2 Tier 1 repository (77) accessed through the cloud-based Google
Earth Engine platform (78). These imageries are provided at a spatial resolution of 30 me-
ters and at a temporal interval of 16 days, with the overpass time between 10 am and 10:40
am local time, meaning each location is revisited approximately twice per month (72). Ef-
fectively, we took the average over each location and used the monthly values between
June and August, 2013-2022.
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We first obtain the monthly Normalized Difference Vegetation Index (NDVI) from Land-
sat-8 using the red and near-infrared (NIR) bands, which correspond to Surface Reflectance
(SR) bands 4 (SR,) and 5 (SRs), respectively (42).

_ SRs(NIR) — SR,(RED) /
NDVI = SR<(NIR) + SR,(RED) !

The above equation suggests that higher NDVI values are areas of denser or healthier veg-
etation that strongly reflect near-infrared radiation while absorbing more visible red light.
Because we are concerned with the exposure of fallowed land surfaces, we estimated in-
stead the surface bareness (B), following Pu & Ginoux, (2017), as:

B = e—NDVI 2
This expression indicates that B is always greater than 0 and allows us to better capture
small variations in surface characteristics. Given the distribution of surface bareness for
fallowed land surfaces (top part of Fig. S4b), we classify B into four categories: “vege-
tated” (B < 0.6), “sparsely vegetated” (0.6 < B < 0.8), “moderately bare” (0.8 < B < 0.9),
and “totally bare” (B > 0.9). Where necessary, bare surfaces are simply represented by B
> (.8. By categorizing bareness into these four groups, we aimed to capture how different
types of fallowed land surfaces influence surface temperature variations, and consequently
the fallowed heat island effects.
To obtain land surface temperature (7) from Landsat-8, we leveraged NDVI obtained
above (Eq. 1) and followed a similar method used in previous studies, such as Avdan &
Jovanovska (2016), An et al. (2022) and Faqe Ibrahim (2017) to obtain the parameters
needed to estimate the land surface temperature (7):

"= ) e 3

Where A = 10.895 pm is the wavelength at the center of the emitted radiance of band 10,

h

p= ;C = 1.438 x 1072 mK is a constant value (because o is the Boltzmann constant, 1.38

x 10—23 J/K, h is Planck’s constant, 6.626 x 10—34 J s, and c is the velocity of light, 2.998
x 108 m/s; representing the radiation constant derived from Planck’s law, essential for the
emissivity correction in land surface temperature retrieval (83), and € = 0.004 X FV +
0.986 is the spectral emissivity. The 0.004 coefficient represents the emissivity variation
due to vegetation, while the 0.986 corresponds to the baseline soil emissivity including a
NDVI-NDVIpn
(NDVImax—NDVipin
vegetation, and it is used to assess the relative amount of vegetation in a given area based
on NDVI values. It offers important information about land cover and ecosystem condi-
tions, with higher FV values representing a greater vegetation presence (85). BT in Equa-
tion 3 is the at-sensor brightness temperature, ST B10 band 10, which is defined as the
surface temperature band in Landsat-8 as a digital number (DN). To convert DN into a
physically meaningful variable, the DN is multiplied by the scale factor and added to the
offset provided in the metadata, as described in the Landsat-8 user guide (42, 72), BT =
(DN x 0.00341802) + 149.0 where BT is in Kelvin (K). To ensure data quality, we
masked cloud and cloud-shadow affected pixels using the Quality Assessment
(QA_PIXEL) band. Following the USGS bitmask definition, pixels with cloud (bit 3 = 1)
or cloud shadow (bit 4 = 1) flags were excluded, and only pixels with both flags equal to
zero were retained (42). After applying these masks, we generated a median composite for

2
surface roughness correction (84). FV = ( ) represents the fraction of
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the study period (June—August) and clipped the imagery to the area of interest. Finally, we
converted BT and consequently 7 from Kelvin (K) to Celsius (°C).

Estimating Fallowed Heat Island Intensity and the Relative Heat Impacts:
We use the land surface temperature (7) above to determine the change in temperature or
intensity (AT) due to the fallowed heat island effect. To do so, we first obtain the surface
temperature of the surrounding cropland centered on the fallowed lands identified across
the Central Valley. Specifically, we defined the surrounding area around a fallow land by
considering approximately 800 m, in all directions (north, south, east, and west) of the
fallowed land (see Fig. 2 and Fig. S8). In addition, we require that the surrounding cropland
pixels to be all actively cropland pixels with defined crop types based on classification
from CDL (see Table S1). Because agricultural croplands are often randomly interspersed
with fallowed lands of different sizes (e.g., Fig. S18), it is difficult to determine exactly
which fallowed land has the most influence on a nearby cropland. Therefore, we further
require that the centered fallowed location be followed by consecutively connected agri-
cultural croplands within the 780-m % 780-m area. To accomplish this, we iterate across
all directions from the fallowed center and only retain directions with consecutively con-
nected agricultural pixels for the entire 780 m. While this approach is easily applied for an
isolated fallowed pixel at the center of the 780-m x 780-m area (Fig. S19a), it creates a
challenge for fallowed pixels that are often part of a larger fallowed cluster (Fig. S19). For
these latter cases, we take the outermost fallowed pixels around the boundary of the fal-
lowed cluster as the “centered fallowed pixel” and similarly retain consecutively connected
agricultural croplands along possible directions away from it (Fig. S19b). In doing so, we
assume that other non-fallowed non-agricultural land cover types, although excluded (see
Table S2) do not have impacts on surrounding agricultural croplands that are eventually
used in our analysis. Overall, this approach allowed us to evaluate the spatial propagation
of thermal influence away from fallowed lands into adjacent agricultural regions.
Consequently, we estimated the fallowed heat island intensity (AT; Fig. 2b) as the differ-
ence between the land surface temperature of the consecutively connected agricultural pix-
els surrounding and influenced by the fallowed center (Try;) and a reference land surface
temperature far away from the fallowed center (Tggr). That is:

AT (x,¥) = Trui(x,¥) — Trer 4
Where we obtain AT (x,y) and Try;(x, y) at locations x, y, within the 780-m x 780-m area
near the fallowed lands. In addition, we define Ty over the location of the first minimum
surface temperature, away from the fallowed center, that is less than 0.5 °C of the mean
surface temperature within a 4 km by 4 km region. We use a larger region for Tgrgr to
ensure that the mean regional temperature that is not influenced by the fallowed land is
obtained as the reference temperature. This approach is conceptually similar to how previ-
ous studies estimate the intensity of the urban heat island effect, where the reference tem-
perature is often taken at a rural or suburban region far from the city center (4, 86, 87). In
general, we find Tggr at locations at least 500m away from the center of the fallow field
across the different regions of the Central Valley.

In addition, we obtain the relative heat impacts (RHI) of the fallowed heat island by esti-

mating the contribution of the intensity, AT, relative to the baseline surface temperature
that the location would have if not affected by the fallowed heat island effect.
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rRHI (%) = [T Y )/TNFL (] X 100 5

Where Ty, surface temperature over the same locations for years when the target central
pixel was non-fallow land (NFL) and similarly surrounded by consecutively connected ag-
ricultural pixels at locations x, y, within the 780-m x 780-m area.

In equation (5), we assume that surface temperature can be used as a proxy for near-surface
air temperature such that the relative heat impact (RHI) reflects the direct thermal influence
of the land surface on surrounding cropland. While the surface temperature and air tem-
perature are not strictly proportional, previous studies show they are often correlated, with
the relationship depending on land cover, surface moisture, and atmospheric conditions
(88-90). Thus, using surface temperature as a proxy provides a reasonable first-order esti-
mate of the thermal stress imposed by the fallowed heat island.

Estimating the Fallowed Heat Island Effects on Evapotranspiration and Water De-
mand:

Similar to the fallowed heat island intensity and relative heat impacts, we estimated the
effect of fallowed heat island on evapotranspiration (AET) and relative water demand
(RWD) using evapotranspiration information from the OpenET project (Fig. 4 & Fig. S7
& S8). The OpenET project is a collaborative effort that delivers satellite-based evapotran-
spiration estimates across the Contiguous United States (44). It integrates multiple satellite-
driven models to provide spatially and temporally consistent evapotranspiration infor-
mation at a 30-meter resolution, suitable to evaluate field-scale water use patterns in agri-
cultural lands (91). In addition, this dataset provides a single “ensemble value” using the
mean from six evapotranspiration models, including ALEXI/DisALEXI, eeMETRIC,
geeSEBAL, PT-JPL, SIMS, and SSEBop, which are all implemented on the Google Earth
Engine platform with a monthly temporal resolution (78, 92, 93). Specifically, the ensem-
ble values are determined after applying a filtering process that eliminates outliers, utilizing
the median absolute deviation method. We obtained the evapotranspiration for the same
months and locations as the land surface temperature from the Landsat-8. The relationship
between evapotranspiration and land surface temperature is important in semi-arid and arid
regions, where reduced evapotranspiration can lead to higher surface temperatures due to
decreased latent heat flux (94). Where fallowed lands are prevalent, they could disrupt local
evapotranspiration patterns by reducing transpiration from crops while increasing evapo-
ration from bare soil, potentially leading to localized warming and changes in moisture
availability (95).

We estimated the fallowed heat island effect on evapotranspiration (AET; Fig. 3) as the
difference between the evapotranspiration of the consecutively connected agricultural pix-
els surrounding and influenced by the fallowed lands (ETry;) and a reference evapotran-
spiration far away from the fallowed center (ETggr), following equation 4 above. Like
Trer, ETggr 1s the maximum evapotranspiration at a distance greater than 500m away from
the fallowed land, defined by Trgr (see Eqn. 4 above).
AET(x,y) = ETrui(x,y) — ETrer 6

In addition, we use the estimates of change in evapotranspiration (AET) to estimate the
relative water demand by the nearby region affected by the fallowed heat island effect. To
do so, we first determine the crop requirement or the water deficit (WD) using the water-
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balance approach, whereby WD is the amount of water required for optimal growth of a
crop, following the Food and Agriculture Organization (FAO) (96):
WD = ET, — P, 7

Where P, is the effective precipitation available to the soil, which depends on the total
precipitation (P), nominal irrigation (Irr), runoffs (R), evaporation (E) and deep percolation
(Dp) (96-98); that is P, P+ Irr — R — E — D,) ; ET, is the crop evapotranspiration,
which depends on the reference evapotranspiration (ET,; the water loss from a reference
surface, like grass, under specific weather conditions and can be estimated using based on
the Penman—Monteith method; (99) and the crop coefficient (K,; a factor that adjusts ET,
to reflect the water use of a specific crop at different growth stages): ET, = ET, - K.. To
estimate the relative water deficit, we assume that crop evapotranspiration (ET,) is propor-
tional to the total evapotranspiration (ET & ET,), given the high correlation between tem-
perature and evapotranspiration (Fig. S11). In addition, we also assume that the effective
precipitation available to the soil is unchanged within the 4-km x 4-km, such that the P,
close the fallow land and those far away are the same, for a given crop type during the
growing season. Given that there is little to no precipitation and available water to crops
through irrigation does not change during the growing season in the Central Valley, we
estimate that this assumption has no significant influence on our results. Therefore, we
obtain the relative water deficit (RWD) by estimating the contribution of the evaporation
deficit affected by the fallowed lands (AET) relative to the baseline evapotranspiration that
the location would have if not affected by the fallowed heat island effect (ETygy.), following
equation 5, that is:

RWD (%) = [AWD/WDNFL] ~ [AET(x' y)/ETNFL (x,y) ] x 100 8

In the results section, we present the relative water demand, which is the opposite of the
relative water deficit, achieved by simply multiplying RIWD by -1.

Estimating the Sensitivities of the Fallowed Heat Island Effects:

We further separate the effects of the fallowed heat island on the intensity (AT), relative
heat impact (RHI), evapotranspiration (AET), and relative water demand (RW D) as a func-
tion of region where the fallowed lands are located, the fallowed area sizes, and surface
bareness (B) of the fallowed lands, and the dominant crop type surrounding the fallow
lands. First, given the latitudinal variations of surface temperature in the Central Valley,
from the semi-arid south to the temperate north, we separate the counties in three regions
(see Fig. 1e and Fig. S1), including the southern part the San Joaquin Valley (R1; compris-
ing of Kern, Kings, Tulare, Fresno and Madera), the northern part of San Joaquin Valley
and Metro Sacramento (R2; comprising of Merced, San Joaquin, Stanislaus, and Sacra-
mento), and the northern part of Sacramento Valley (R3; comprising of Sutter, Yolo,
Colusa, Glenn, Yuba, Butte, Tehama). The R1 region has the highest fallowed land cover-
age, representing a high percentage of the agricultural croplands, and corresponding to the
highest surface temperature compared to the other two regions (compare Fig. 1d, Fig. le,
and Fig. S1). In addition, the R2 region has the lowest fallowed land coverage representing
the lowest percentage of the agricultural croplands than R1 and R3 regions but with similar
surface temperature (except for Kern and King counties; see Fig. S1). Second, given the
variability in fallowed size areas and the corresponding differences in their averaged sur-
face temperatures that are also region-dependent (Fig. S20), we separated the fallowed land
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areas into three categories based on their total area, including fallowed land areas < 9,000
m? (<10 pixels; which also include single-pixel 900-m? fallowed field); fallowed land ar-
eas between 9,000 and 90,000 m? (10 - 100 pixels); and fallowed land area > 900,000 m?
(>100 pixels). While generally the surface temperature of these fallowed lands is roughly
similar for the first two classes, they diverge for the largest fallowed size class indicating
that larger fallowed areas are hotter, although with relatively fewer numbers (Fig. S20).
Third, as shown above, we classified surface bareness (B) into B < 0.6 (vegetated), 0.6 <
B < 0.8 (sparsely vegetated), and for the purpose of estimating sensitivities, we combined
the bare surfaces as B > 0.8 (bare) surfaces (e.g., Fig. 2e and 3d). Finally, we also consid-
ered re-classification of CDL’s crop types into six major classes, and estimated their sen-
sitivities to the fallowed heat island, including Citrus & Subtropical, Deciduous Fruits &
Nuts, Double Field & Grain, Field Crops, Truck Crops & Berries (see Table S1 & Fig. S7
and S10). In addition, for crop yield estimates, we focused only on three crops: Corn, Cot-
ton, and Tomatoes (see details below; Fig. S15).

Estimating the Fallowed Heat Island Effects on Crop Yield:
Similar to the relative heat impacts and relative water demand, we seek to estimate the
relative yield impacts (RYT) due to the fallowed heat island effects on individual crops.
Previous studies typically obtain the response of crop yield to increases in temperature
using statistical linear regression (35, 100). However, crop yield information is often not
available for each crop location or grid point, hence most crop yield responses to tempera-
ture are often obtained at a global or regional scale (101), with fine-scale resolution typi-
cally at the county-level (101), such as below:

Yek(e) = BETE*(t) + €5
Where B;k = Z;Zi is the response of crop yield, Y¥, to crop-specific weighted-average
temperature, TS, for county, k, and crop type, c, over a period, t (Fig. S12); and €p can
be described as the intercept of the regression and other undefined random variables that
add noise to the relationship. In the U.S., county-level crop yield information is often
obtained from the Department of Agriculture’s Agricultural Yield Survey (102), as we do
in this study between 2013 and 2022. Here, we focus on annual survey crop yield
information for three crops — tomatoes, corn, and cotton — which are among the main crops
in California that cover approximately 305 km? and account for 17% of the overall cropland
coverage across the Central Valley (Fig. S13). In addition, we also focus on these crop
types as they are the most complete crop yield information in our criteria, where we
required that all counties represented to have at least four years of available crop yield
information for regression analysis (see Table S3 and Eqn. 9).
To obtain the crop yield response to temperature due to the fallowed heat island effect at
the fine-scale of 30-m by 30-m resolution, we developed a framework that takes into ac-
count not only the direct impacts of heat stress on crop yield but also indirect impacts
through moisture deficit, following Lesk et al. (2021). We do so because previous studies
showed that in regions where temperature and moisture are strongly coupled, crop yields
are more negatively affected by warming, as moisture deficits often accompany heat stress
(e.g., Fig. S11), creating a feedback process with impacts stronger than considering tem-
perature alone (e.g., Eqn. 9) (103—105). Specifically, we estimated crop yield sensitivity
(or crop yield response) to the coupling between heat and moisture deficit, AB<* (x, y), by
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assuming that the induced yield response is proportional to the variabilities in the temper-
ature-moisture coupling within the 780-m % 780-m area near the fallowed land and this
coupling is modulated by the crop-specific response of the crop yield sensitivity to the
coupling (Fig. S21). That is:
ABK (x,y) = ArT,ETC'k(x')’) -ac 10

Where Ary gr%%(x, y) is the coupling between temperature and moisture, representing the
coupling between heat and water demand, induced by the fallowed heat island effect at
locations x, y, near the fallowed lands for each county and each crop type (Fig. S22); and

=ck (5 R
ac = ( Obr — k) is the response of crop yield sensitivity, ﬁ;’k (Eqn. 9 & Fig. S12), to

ofTET”
county-specific crop-specific variabilities in the temperature-moisture coupling, fT,ETC’k
(Fig. S23). From Eqn. 10 above, we estimate Ary ;% (x,y) as the difference between the
mean temperature-evapotranspiration correlations across the county for each crop type and

those due to the fallowed heat island effect at locations x, y, near the fallowed lands (Fig.
S22). That is:

Arp (2, y) = 17 (x,y) — TA'T,ETC'k 11
Where 77 5% (x,y) = r[T*(x,y,t), ET®*(x, y,t)] are the temporal correlations be-
tween county-specific crop-specific surface temperature and evapotranspiration due to the
fallowed heat island effects at locations x,y, near the fallowed lands (Fig. S24), and
P g = T[T (t), ETS*(t)] is the mean correlation across each county for the specific

crop type (Fig. S23). Note that 77 ETC'k represents the reference state largely unaffected by
the fallowed heat island effects of a specific fallowed land, similar to Eqns. 4 and 6 above,
where the T¢* and ET* are accessed at the same location of crop type.

. R : . ek \° . . :
In addition, we use rT,ETC’k to estimate @¢ = (a - Pr - k) in Eqn. 10 (see Fig. S25), which
TTET

is the response of crop yield sensitivity, B;k (Eqn. 9 & Fig. S12), to county-specific crop-
specific variabilities in the temperature-moisture coupling, i gr ok (Fig. S23) using statis-
tical linear regression. That is:
37 = @Pr g™ + €q 12
Where €, can be associated with the intercept of the regression and other undefined random
variables that adds noise to the relationship. Because @°¢ represents a change in the stand-
ardized coefficient per unit change in correlation between T¢* and ET*, it is dimension-
less, which consequently means that ABS* in Eqn. 10 above is also dimensionless.
Therefore, for physical interpretation of the crop yield sensitivity in Eqn. 10 above for
locations near the fallowed lands, we convert AB“*¥(x,y) to a dimensional term by ac-
counting for the county-specific crop-specific variabilities in temperature and crop yield,
represented by the standard deviations in nearby surface temperature, G%k (x,v), and crop
yield, 6% (Fig. S26). That is:
ck
AB*(x,y) = DBK(x,y)  —g— 13
ar (x,y)

Where AB“*(x,y) coefficient having a unit of tons per acre per °C (Fig. S27 & Fig. 4d).
Therefore, to estimate the changes in crop yield that is due to the fallowed heat island effect
near the fallowed location, we simply multiply ABS*(x, y) with the fallowed heat island
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intensity, AT*(x,y) (Eqn. 4 & Fig. S28) near the fallowed land for each county and crop
type.

AY¥(x,y) = AB“*(x,y) - AT“*(x,y) 14
Consequently, we estimate the relative yield impacts (RYI; %) on each crop as additional
yield loss or gain due to the fallowed heat island effect above the county-wide baseline
crop yield. Specifically, we estimate RYI (%) as the percentage of changes in local yields
near fallowed land relative to the local baseline yield averaged between 2013 and 2022

(%Zt Yok (t); see Fig. S12):
AY ¥ (x,y)
RYI (%) = ’ A
(%) /%Zt yek(t) 15

Finally, we average the relative yield impacts (RYI; Fig. S14) across for county, k, in the
Central Valley, for crop type, ¢ (corn, cotton, and tomato).
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Fig. 1: Isolated fallowed lands often have higher surface temperature than surround-
ing croplands. The figure shows (a) all the density of fallowed locations between 2013
and 2022; The inserted yellow box in shows a close-up satellite image of fallowed (red)
and cultivated (green) croplands from Fresno County in 2015; (b) Cluster of fallowed fields
(red) surrounded by active croplands (dark green), with (c) the surface temperature (T)
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signature obtained from the Landsat8 and averaged over June—August 2015; (d) percent of
croplands that is fallowed in Central Valley County between 2013 and 2022; (e) County-
level surface temperature over fallowed locations across three subregions (southern part
the San Joaquin Valley, R1, the northern part of San Joaquin Valley and Metro Sacramento,
R2, and the northern part of Sacramento Valley, R3); (f) percentage differences between
fallowed land and active croplands or agricultural land coverages with extreme (T > 50°C),
severe (40°C < T < 50°C), abnormal (30°C < T <40°C) and cool (T < 30°C) surface tem-
peratures; Positive values denotes fallowed lands accounts for more of the temperature
category than croplands, and vice versa for negative values. Black lines on bars in (c) are
the standard deviations.
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Fig. 2: Fallowed Heat Island Effect across California’s Central Valley. (a) The surface
temperature (T, °C) of cropland region surrounding a centered fallowed lands averaged
between 2013 and 2022; (b) Fallowed heat island intensity (AT, °C; magenta line) and
relative heat (%; cyan line) averaged across all directions of croplands surrounding fal-
lowed lands; The Fallowed heat island intensity (AT, °C) (c¢) divided into subregions within
Central Valley (R1 (green), R2 (brown), and R3 (orange); (see Fig. 1e for definition), (d)
as a function of fallowed land size/coverage defined by the number of 900-m? pixels for <
10 pixels (gray), 10-100 pixels (brown), and >100 pixels (light red); and (e) as a function
of surface bareness (B < 0.6 (light green), 0.6 <B < 0.8 (green), B > 0.8 (orange)). Vertical
lines in panels (b—e) are standard errors and denote variability in the estimates across coun-
ties.
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Fig. 3: Effects of Fallowed Heat Island on evapotranspiration and relative water de-
mand. (a) The effects of the fallowed heat island on evapotranspiration (AET, mm; ma-
genta) and relative water demand (%; cyan line) of croplands surrounding fallowed lands
across the Central Valley; (b) Relative water demand of croplands surrounding fallowed
lands across three subregions (R1-R3; see Fig. 1e for definition); (c) as a function of fal-
lowed land size/coverage defined by the number of 900-m? pixels for < 10 pixels (gray),
10-100 pixels (brown), and >100 pixels (light red); and (d) as a function of surface bare-
ness (B < 0.6 (light green), 0.6 <B < 0.8 (green), B > 0.8 (orange)). Vertical lines in panels
(a—d) are standard errors and denote variability in the estimates across counties.
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impacts (%), (c) fallowed heat island intensity (AT °C), and (d) response of crop yield
sensitivity to variabilities in the temperature-moisture coupling for Tomatoes (red bars),
Cotton (green bars) and Corn (orange bars), and all three crops (black bars) averaged for
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and R3). Standard error bars in (a) denote variability in the estimates across counties, and
in (b—d) across grid cells.
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Fig. S1: Total fallowed land area (km?) and its surface temperature (°C) in the Central Valley. (a)
All counties in the Central Valley; (b) All cropland locations from 2013 to 2022 across California;
(c) Total fallowed land (area in km?) averaged over the period 2013-2022 for each county in the
Central Valley; (d) Distribution of June-August (2013-2022) mean surface temperature (T, °C)
across California; (e) Total fallowed land area of each county across three region in the Central
Valley and (f) Surface temperature of the fallowed locations across three regions where the
shades of color indicate three study regions: R1 (red bars), R2 (dark green bars), and R3 (purple

bars) in the Central Valley (see Fig. 1e).
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Fig. S12: County-wise variability in mean crop yield, temperature, and crop yield response (beta)
for Corn, Cotton, and Tomatoes. Mean crop yield in Tons/Acre for (a) Corn, (b) Cotton, and (c)
Tomatoes. (d), (e) and (f) show the temperature of these crop locations averaged over the period
2013-2022. (g), (h) and (i) show the regression slope between crop yield and temperature, B for
these crops (See Egn. 9 in Method).

Corn Area 305 Cotton Area 305 Tomatoes Area
(km?) 266 (km?) 266 (km2)
228 228
190 190
152 152
114 114
76 76
38 38
0 0
% of 17 % of 17 % of
Cropland 14 Cropland that | M, , Cropland that
thatis Corn is Cotton is Tomatoes
12 12
10 10
8 8
6 6
4 4
2 2
0 0

Fig. S13: Spatial variability of total area and percentage land occupied by Corn, Cotton, and
Tomatoes in the Central Valley. Same as Fig. 1d and Fig. S1c but for Corn, Cotton, and Tomatoes.
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Fig. S24: Fallowed lands disrupt crop water-temperature coupling, with cotton, corn, and
tomato showing distinct responses across the Central Valley. Same as Fig. S8 but for Cotton (a),
Corn (e), and Tomatoes (i). (b), (f), and (j) same as Fig. 3b but for Cotton, Corn, and Tomatoes,
respectively. (d), (h), and () represent the correlation between T and ET for (c) Cotton, (g) Corn,
and (k) Tomatoes in lines for individual counties for Corn, Cotton, and Tomatoes, respectively.
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Fig. S25: The sensitivity of crop yield response differs markedly among corn, cotton, and
tomatoes. Linear regression between crop yield response ﬁ?kand correlation between T (°C) and
ET (Prgr°") (see Methods).
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Fig. S26: Temperature variability (STD of T, °C) differs among corn, cotton, and tomatoes and
across counties. Same as Fig. S5 but for STD (°C) of different crops, (a) Corn, (b) Cotton, and (c)
Tomatoes, respectively. Lines in (d), (e), and (f) show STD (°C) for Corn, Cotton, and Tomatoes for
individual counties.
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Fig. S27: AB differs among corn, cotton, and tomatoes and across counties. Same as Fig. S5 but
for AB of different crops (a) Corn, (b) Cotton, and (c) Tomatoes, respectively. Lines in (d), (e), and
(f) show AB for Corn, Cotton, and Tomatoes for individual counties.
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Fig. S28: Temperature change AT (°C) differs among corn, cotton, and tomatoes and across
counties. Same as Fig. S5 but for AT of different crops (a) Corn, (b) Cotton, and (c) Tomatoes,
respectively. Lines in (d), (e), and (f) show AT for Corn, Cotton, and Tomatoes for individual

counties.

20



208
209

210

Table 1: Crop types included within each crop category analyzed in this study, corresponding to
the classifications used in Fig. S6 and Fig. S9.

Crop Categories

Crop Type

Citrus Subtropical

Citrus, Olives, Oranges, Avocados

Corn and Cotton

Corn, Cotton, Sweet Corn, Pop or Orn Corn

Deciduous Fruits and Nuts

Cherries, Peaches, apples, Other Tree Crops, Pecans,
Almonds, Walnuts, Pears, Pistachios, Prunes,
Pomegranates, Nectarines, Plums, Apricots

Double Field and Grain

Dbl Crop WinWht/Soybeans, Dbl Crop WinWht/Corn,
Dbl Crop Oats/Corn, Dbl Crop Triticale/Corn, Dbl

Crop Lettuce/Durum Wht, Dbl Crop
Lettuce/Cantaloupe, Dbl Crop Lettuce/Barley, Dbl Crop
Durum Wht/Sorghum, Dbl Crop Barley/Sorghum, Dbl
Crop WinWht/Sorghum, Dbl Crop Barley/Corn, Dbl Crop
WinWht/Cotton, Dbl Crop Soybeans/Cotton, Dbl Crop
Soybeans/Qats, Dbl Crop Corn/Soybeans, Dbl Crop
Barley/Soybeans

Field Crops

Sorghum, Soybeans, Sunflower, Peanuts, Tobacco,
Millet, Speltz, Canola, Flaxseed, Safflower, Rape Seed,
Mustard, Camelina, Sugar beets, Sugarcane, Hops

Truck Crops and Berries

Mint, Dry Beans, Potatoes, Other Crops, Sweet Potatoes,
Misc Vegs & Fruits, Watermelons, Onions, Cucumbers,
Chickpeas, Lentils, Peas, Tomatoes, Caneberries, Herbs,
Carrots, Asparagus, Garlic, cantaloupes, Honeydew
Melons, Broccoli, Peppers, Greens, Strawberries,
Squash, Lettuce, Pumpkins, Blueberries, Cabbage,
Cauliflower, Celery, Radishes, Turnips, Eggplants,
Gourds, Cranberries

21




211

212

213

214

215

Table 2: Non-crops that were excluded from the CDL data in the analysis.

Fallowed Land

Barren

Wildflowers

Deciduous Forest

Grass Seeds

Evergreen Forest

Aquaculture

Mixed Forest

Open Water/Wetlands Shrubland
Perennial Ice/Snow Grassland
Developed/Open Space Pasture
Developed/Low Intensity Woody Wetlands

Developed/Mid Intensity

Herbaceous Wetlands

Developed/High Intensity
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Table 3: Years for which county-level crop yield data were available for each crop and

county included in this study. The table lists the specific years where yield records were
reported in the dataset, allowing identification of temporal coverage and data availability
across different crops and counties.

Crops Counties Years of data
Colusa 2013, 2021
Glenn 2014, 2015, 2016, 2018, 2019, 2021, 2022
Yolo 2013, 2015, 2016, 2018, 2019
Sutter 2013, 2014, 2016, 2018, 2019, 2021, 2022
Sacramento | 2013, 2014, 2015, 2016, 2018, 2019, 2021, 2022
San Joaquin | 2013, 2014, 2015, 2016, 2017, 2018, 2019, 2020, 2021,
2022
CORN Stanislaus 2013, 2014, 2015, 2016, 2017, 2018, 2019, 2020, 2021,
2022
Merced 2013, 2014, 2015, 2016, 2017, 2018, 2019, 2020, 2021,
2022
Madera 2013, 2014, 2016, 2017, 2020, 2021, 2022
Fresno 2013, 2014, 2016, 2018, 2019, 2020, 2021, 2022
Tulare 2013, 2014, 2015, 2016, 2017, 2018, 2019, 2020, 2021,
2022
Kings 2013, 2014, 2015, 2016, 2018, 2019, 2020, 2021, 2022
Kern 2013, 2014, 2015, 2016, 2017, 2020, 2021, 2022
Crops Counties Years of data
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Merced

2013, 2014, 2015, 2016, 2017, 2018, 2019, 2020, 2021,
2022

Fresno 2013, 2014, 2015, 2016, 2017, 2020, 2021, 2022
COTTON  kern 2013, 2016, 2020, 2022
Kings 2013, 2014, 2015, 2016, 2017, 2018, 2019, 2020, 2021,
2022
Madera 2013
Tulare 2013, 2014, 2015, 2016, 2017, 2018, 2019, 2020, 2021,
2022
Crops Counties Years of data
Tehama 2022
Butte 2018, 2019, 2020, 2021, 2022
Colusa 2013, 2014, 2016, 2017, 2018, 2019, 2020, 2021, 2022
Glenn 2018, 2019, 2020, 2021, 2022
Yolo 2013, 2014, 2015, 2016, 2017, 2018, 2019, 2020, 2021,
2022
Sutter 2013, 2014, 2015, 2016, 2017, 2018, 2019, 2020, 2021,
2022
Sacramento | 2013, 2015, 2016, 2017, 2018, 2019, 2020, 2021, 2022
TOMATOES
San Joaquin | 2013, 2014, 2015, 2016, 2017, 2018, 2019, 2020, 2021,
2022
Stanislaus 2013, 2014, 2015, 2016, 2017, 2018, 2019, 2020, 2021,
2022
Merced 2013, 2014, 2015, 2016, 2017, 2018, 2019, 2020, 2021,

2022
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Madera

2013, 2014, 2017, 2020, 2021, 2022

Fresno 2013, 2014, 2015, 2016, 2017, 2018, 2019, 2020, 2021,
2022

Tulare 2020, 2021

Kings 2013, 2014, 2015, 2016, 2017, 2018, 2019, 2020, 2021,
2022

Kern 2013, 2014, 2015, 2016, 2017, 2018, 2019, 2020, 2021,

2022
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