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As the Ogallala Aquifer depletes there is a need to identify management options that might make unirrigated cotton production sustainable over the U.S. Southern High Plains (SHP). To explore those options,
the CSM-CROPGRO-Cotton model was used to simulate the eﬀects of planting options and elevation eﬀects
on SHP dryland cotton production. Of the management variables that deﬁne the 56 planting options simulated, planting date and density account for the most variability in median SHP yields. Cooler SHP
growing seasons have the eﬀect of reducing median lint yields relative to those simulated over the lower
elevations of the nearby Rolling Plains. This eﬀect is not as evident in median Rolling Plains yields, which
suggests it can be traced to the cooler growing environment of the higher SHP elevations. Also, at both
higher and lower elevations lower planting densities maximize median yields, while higher densities result
in the lowest yields. These results suggest that the yield suppressing eﬀect of the SHP region’s cooler
growing conditions might be compensated for by planting early whenever possible and planting at lower
densities. The clear decreasing eﬀect on median yields at higher elevation also suggests the possibility of
SHP cotton production moving to the lower elevations of the nearby Rolling Plains as Ogallala Aquifer
levels drop.

1. Introduction1
During each year of 1965–2014 the state of Texas led the U.S. in
both the planted acreage and production of upland cotton (ERS,
2016a). Within Texas the Southern High Plains (SHP) is a key production area, with the 10 highest producing counties in terms of
acres harvested located in a growing region centered on the city of
Lubbock (NASS 2016a). As cotton is the state’s leading cash crop,
with more than $2.0 Billion U.S in lint and seed sales in 2015 (NASS
2016b), cotton production is a central component of the West Texas
economy.
But although it is a major cotton production area, in some respects
the SHP environment is not ideally suited to growing cotton. Peng et al.
(1989) and Morrow and Krieg (1990) cited the region’s semi-arid and
cool growing conditions and low levels of soil nitrogen and phosphorus
as leading factors limiting production. Most importantly, the region’s

⁎

1

summer climate is water-limited relative to the needs of cotton. Median
summer rainfall (29.2 cm) is slightly more than 1/3rd of median potential cotton crop evapotranspiration (84.6 cm) (Mauget et al., 2013).
Because of this shortfall cotton crops are deﬁcit irrigated where possible
(Baumhardt et al., 2008), but in the coming decades a gradual shift to
un-irrigated ‘dryland’ production is expected due to the ongoing depletion of the Ogallala Aquifer (McGuire 2007; Sophocleous 2010;
Scanlon et al., 2012; Haacker et al., 2016).
In addition to being dry relative to the potential needs of cotton, the
area’s elevation also introduces temperature limitations. Fig. 1 maps the
GTOPO30 elevation contours of West Texas (USGS 2015), and the locations of 32 weather stations maintained by the West Texas Mesonet
(WTM: Schroeder et al., 2005). Between the relatively ﬂat SHP growing
region and the Rolling Plains to the east is an escarpment known
locally as the West Texas Caprock. In Fig. 1 this feature roughly follows
the 950 m elevation isoline. The rise in elevation between the two

Corresponding author at: USDA-ARS Plant Stress and Water Conservation Laboratory, Lubbock, Texas, 3810 4th Street, Lubbock, Texas, 79415, United States.
E-mail address: Steven.Mauget@ars.usda.gov (S.A. Mauget).
Southern High Plains (SHP); West Texas Mesonet (WTM); Decision Support System for Agrotechnology Transfer (DSSAT).

http://dx.doi.org/10.1016/j.agrformet.2017.07.009
Received 14 February 2017; Received in revised form 12 July 2017; Accepted 13 July 2017
Available online 06 October 2017
0168-1923/ Published by Elsevier B.V.

Agricultural and Forest Meteorology 247 (2017) 385–398

S.A. Mauget et al.

Fig. 1. Locations of the 32 West Texas Mesonet (WTM) stations used to provide daily CSM-CROPGRO-Cotton weather inputs. Stations 1–10 mark lower elevation station sites, while
stations 11–32 mark sites over the higher elevation Southern High Plains cotton production region. Starred stations mark the high elevation stations used to provide weather inputs in the
model calibration trials described in Section 4.2.

would result in, on average, 2.7 °C fewer growing degree days (GDD)2
per day when degree days are accumulated. Over a 154 day summer
growing season (15 May–15 Oct.) with degree days accumulated on

regions is about equal to the diﬀerence between the mean elevation of
WTM stations 1–10 in Fig. 1 (659 m) and the remaining 22 SHP stations
to the west above the Caprock (1069 m). Physical atmospheric processes, i.e., dry and wet adiabatic lapse rates, produce environmental
cooling with increased elevation. Assuming the International Standard
Atmosphere lapse rate of −6.5 °C km−1, the higher elevation stations

2
GDD represents the accumulation over time of daily average temperature above a
15.6 °C (60 °F) threshold.
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planting options. Section 6 provides a discussion of the possible implications to current and future West Texas cotton production.

each day, this daily average would translate into 410 °C fewer GDD at
the higher elevations. This elevation-related decrease is approximately
30% of the range of summer GDD values (1400–1500 °C) that have
been estimated to maximize SHP cotton lint yields (Peng et al., 1989).
Given an expected shift to dryland production with an accompanied
eﬀect on decreased yields and proﬁts, there is a need to identify management strategies that might make such production sustainable in the
SHP environment. But identifying the eﬀects of management practices
and elevation on agricultural yields through ﬁeld trials is potentially
time and resource intensive. Distinguishing management eﬀects from
those associated with the year-to-year variation in growing season climate requires conducting trials over multiple years. Exploring the effects of a range of management strategies would require repeating each
year’s trials over a similar range of replications. To estimate the potentially limiting eﬀects of elevation on yield, those trials would have to
be repeated at low and high elevation ﬁeld sites.
An alternative approach would be to use a cotton crop model to
simulate dryland production using weather records from high and low
elevations. The modeling procedure used here is based on driving the
Cropping System Model (CSM)-CROPGRO-Cotton model (Messina
et al., 2004; Pathak et al., 2007, 2012) with daily weather data from
Fig. 1’s 32 WTM weather stations during 2005–2015. The use of calibrated crop models can allow for the generation of yield outcomes
across an arbitrary but controlled range of initial conditions and management options. An additional advantage of the use of crop models is
that they can be used to estimate the eﬀects of projected or hypothetical
environmental conditions. This approach has been commonly used to
estimate the eﬀects of global or regional climate change on agricultural
production (Rosenzweig and Hillel 1993; Hillel and Rosenzweig 2011;
Angulo et al., 2013 and references therein). Here, the CSM-CROPGROCotton model is run with both un-modiﬁed and modiﬁed weather inputs to isolate the eﬀects of elevation on SHP cotton yields.
An important feature of the modeling procedure followed here is the
generation of distributions of yield outcomes. This approach is based on
the fundamental principle of Regional Frequency Analysis (Hosking and
Wallis 1997), which combines data from multiple weather or streamﬂow gage stations in climatically homogenous regions to provide better
sampling of climate variability. Simulated yields derived from data
from mesonet weather stations in a geographically limited growing
region can provide improved sampling of precipitation-related yield
eﬀects, and better resolution of the probabilistic eﬀects of management
and environment. The resulting model-generated distributions can also
be used as the basis of a framework for estimating climate-related risk
and deﬁning management practices that maximize yield. Mauget et al.
(2009) proposed that producers might increase proﬁts by adopting
practices that are optimized to current climate, price, and cost conditions. An initial step for identifying those practices and estimating the
associated risk is calculating the probabilities of yield outcomes given
current climate conditions. Estimating those probabilities in turn requires yield ensembles that may be achievable only through a modeling
approach. Here, the formation of these distributions is made possible by
the use of high-quality weather inputs from the WTM’s dense network
of stations over 10 summer growing seasons.
In the following, Section 2 describes the daily WTM weather data
used to drive the CSM-CROPGRO-Cotton model, while Section 3 provides a description of the SHP summer growing environment based on
that data. Section 4 gives an overview of the DSSAT Cropping System
Model, and a description of the approach used here to calibrate CSMCROPGRO-Cotton for SHP dryland production. Section 5 describes the
modeled eﬀects of management and elevation on SHP lint yields. This
section begins with an estimation of elevation’s eﬀect on median lint
yield under production scenarios deﬁned by 56 planting options and 3
initial soil moisture conditions. Then, the potential distributional eﬀects
associated with optimal planting options for the SHP region’s high
elevation conditions are described. Finally, this section estimates the
potential yield limiting eﬀects of elevation assuming those optimal

2. West Texas Mesonet data description and quality control
The daily weather data inputs used to drive the CSM-CROPGROCotton model were derived from sub-daily data provided by West Texas
Mesonet weather stations (Schroeder et al., 2005). Although the WTM
currently consists of 92 stations, the 22 high elevation stations used
here (stations 11–32) were selected based on their being mainly located
within the major NASS District 12 Southern High Plains cotton growing
region. Stations 1–10 were selected based on their location in the adjoining lower elevations of the Rolling Plains region. All stations were
also required to provide continuous data, apart from minor data gaps,
since 1 Jan. 2005. Each WTM station reports meteorological data; i.e.,
temperature, dew point temperature, precipitation, solar radiation,
barometric pressure and wind speed, every 5 min. In addition, soil
temperatures at 5, 10, and 20 cm, and estimates of soil water content at
5, 20, 60 and 75 cm are provided every 15 min. The daily WTM data
used here for the 2005–2015 summer cropping seasons was derived
from archived sub-daily data that was subjected to the quality control
(QC) procedures described in Schroeder et al. (2005). The daily values
calculated here include minimum (Tmin) and maximum temperature
(Tmax) at 2.0 m, cumulative precipitation (P), solar radiation (RS), daily
mean dew point temperature (Tdew), 2.0 m wind speed (U2), and daily
soil temperature at 20 cm (ST20). Outlier values in the daily data were
tested for following the detection tests of Durre et al. (2010). When
outlying values were detected, or when more than 80% of a variable’s
sub-daily measurements were found to be missing, the day’s value was
set to null. A missing data inﬁll procedure substituted null daily precipitation values with values generated by a weather generator (Hanson
et al., 1994), while null values for the remaining variables were replaced with values from the nearest WTM station that had passed the
QC outlier tests.
As the meteorological basis of a regional crop modeling study, the
use of WTM data provides two advantages. First, while most weather
stations in the U.S. cooperative network measure only daily Tmin, Tmax,
and P, WTM stations report a more complete set of variables. The additional RS,U2, and Tdew variables eliminate the need to estimate
weather inputs via parameterization or stochastic generation methods
ditional RS,U2, and Tdew variables eliminate the need to estimate
weather inputs via parameterization or stochastic generation methods
(Allen et al., 1998; Elizondo et al., 1994), and reduce the potential
modeling error resulting from these schemes. The WTM network’s
station density provides a second advantage of using mesonet data. As
noted in the Introduction, crop modeling based on weather inputs from
multiple weather stations can result in improved sampling of weatherrelated yield eﬀects. This is particularly useful in simulating rain-fed
production in a water-limited environment, where site-to-site variation
in precipitation can produce related variation in yield. A dense network
of stations also makes it possible to better detect elevation’s eﬀects on
growing season climate conditions and the resulting agricultural yields.
Although the duration of Fig. 1’s station network is limited to 11 years,
the number of stations makes it possible to aggregate climate or yield
outcomes across sites. Thus during 2005–2015 the ten lower elevation
stations could provide as many as 111 station-years of summer climate
or cotton lint yield outcomes, while the 22 higher elevation stations
could provide as many as 242.
3. The Southern High Plains summer growing environment
Fig. 2a is a scatterplot of summer growing season (15 May–15 Oct.)
growing degree days vs. station elevation calculated at each of Fig. 1
WTM stations during 2005–2015. The white circles and triangles show
the values for Fig. 1’s 22 higher elevation stations (Stations 11–32),
while the gray circles and triangles show the values for the 10 low
387
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Fig. 2. a) Scatterplot of summer growing season (May 15–Oct. 15) growing degree days vs. elevation for each of Fig. 1’s high and low elevation stations during 2005–2015. Triangles
mark results for the summer of 2011. b) Bar and whisker diagrams showing the distribution of station-year summer growing degree days aggregated over Fig. 1’s high (white bar) and low
(gray bar) elevation stations during 2005–2010 and 2012–2015. c) As in (b) for summer growing season precipitation. d) As in (b) for the distribution of station-year planting dates
deﬁned by the end of the ﬁrst 10 day spring period when mean 20 cm soil temperatures met or exceeded an 18.3 °C threshold. e) As in (b) for the distribution of growing season duration
deﬁned by the planting dates of (d) and harvest dates deﬁned by the end of the same station-year’s ﬁrst 5 day fall period when GDD totals are less than 11.1 °C.

mark the minimum, median (50th percentile), and maximum value,
and the 5th, 33rd, 66th and 95th percentiles of GDD. As measured by
the diﬀerence between the median of the low (1499 °C) and high
(1180 °C) elevation distributions in Fig. 2b the diﬀerence in summer
GDD between the two sets of stations is 319 °C, or ∼78% of the 410 °C
estimate made in Section 1 based on mean elevation and a standard
atmospheric lapse rate. While the central tercile of the low elevation
distribution, i.e. the range spanning the 33rd–66th percentile, falls
within and above the 1400–1500 °C range estimated by Peng et al.
(1989) to maximize lint yields, the same percentiles of the high elevation distribution fall well below that range. The counterpart distributions for May 15–Oct. 15 precipitation (Fig. 2c) shows a less pronounced tendency for wetter summer conditions at lower elevations,
with the central tercile for the lower elevation stations displaced
∼50 mm above the same percentiles of the higher elevation stations.
The soil temperature measurements reported by WTM stations make
it possible to calculate the day of the year when temperatures are ﬁrst
suitable for planting. Boman and Lemon (2005) suggest that planting
dates in the SHP region should occur at the end of the ﬁrst 10 day
period when mean 20 cm soil temperatures meet or exceed an 18.3 °C
threshold. The Fig. 2d BW diagrams show the distribution of those dates
for the 100 low elevation station-years and the 220 high elevation

elevation stations (Stations 1–10). The eﬀect of increasing elevation
between the two groups of stations is seen in generally decreasing
summer GDD values, although elevation eﬀects are also evident within
both groups of stations. The triangles show values for the summer of
2011, which was marked by extreme statewide drought in Texas
(Hoerling et al., 2013). Fig. 2a’s dashed line is a linear regression ﬁt to
the 2011 values, which indicates a decrease of 1028 °C summer degree
days with each kilometer increase in elevation. When divided by the
number of days over which these GDD totals were summed (154), this
corresponds to a decrease of 6.67 °C km−1, which is about equal to the
International Standard Atmosphere lapse rate (−6.5 °C km−1). Thus
these elevation-related cooling eﬀects are consistent with the physical
tendency of the atmosphere to cool with increasing elevation. Given the
extreme hot and dry conditions over West Texas during the summer of
2011, data from that outlier year was omitted in the formation of the
WTM data distributions in Fig. 2b–e and was not used to model lint
yields in the CSM-CROPGRO-Cotton calibration trials of Section 5, or
the yield simulations described in Section 5.
The bar and whisker (BW) diagrams of Fig. 2b show the percentiles
of the 220 summer GDD values for the 22 high elevation stations during
2005–2010 and 2012–2015, and the 100 values accumulated at the
lower elevation stations during those 10 years. These BW diagrams
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Although there are a range of soil types across the SHP region, to
control for the eﬀects of soil type all the simulations were conducted
with an Amarillo sandy loam (Fine-loamy, mixed, superactive, thermic
Aridic Paleustalfs), one of four Great Plains soils evaluated in the lysimeter trials of Tolk and Howell (2010).

station-years. Over the low elevation stations that date occurs as early
as 31 March and as late as 1 June, with a median date of 27 April. Over
the higher elevation sites cooler conditions generally delay planting
under these guidelines, with corresponding dates of 5 April, 8 June, and
9 May. If a growing season’s end date is deﬁned as the ﬁnal day of the
ﬁrst 5 day fall period when GDD totals are below 11.1 °C, then for each
planting date in Fig. 2d the length of the subsequent growing season can
be calculated. Fig. 2e shows the distributions of those values in days for
both high and low elevation stations. Those BW diagrams show a clear
shift towards shorter growing seasons at the higher elevations, with a
median season length almost 4 weeks shorter than the lower elevation
median. In summary, relative to nearby lower elevation stations, sites in
the major SHP cotton growing region above the Caprock accrue fewer
summer growing degree days, have delayed planting dates and shorter
growing seasons, and have somewhat lower median summer rainfall
totals.

4.2. CSM-CROPGRO-Cotton calibration
For a SHP producer growing dryland cotton water is the most important variable that determines yields. As a result, a key requirement
in modeling representative lint yields in this semi-arid environment is
verifying the model’s yield response to available soil water. In comparing observed and simulated seasonal crop evapotranspiration (ETc)
at the U.S. Arid Land Agricultural Research Center during 1990–2003,
Thorp et al. (2014) found that cotton ETc derived via the DSSAT-CSM’s
Priestley-Taylor and FAO-56 Penman-Monteith methods was underestimated by as much as 14% for the former method, and 16% for the
latter. As an alternative approach Thorp et al. (2014) proposed and
tested a single coeﬃcient method of calculating potential crop ET
(PETc) based on ASCE standardized reference grass ET values (ETo:
Walter et al., 2005) and the LAI-based crop coeﬃcient of DeJonge et al.
(2012a,b). Here, a similar LAI-based dual coeﬃcient potential evapotranspiration subroutine (PETACSE) was used (DeJonge and Thorp,
2017). This approach multiplies ASCE reference grass evapotranspiration by two coeﬃcients that account for potential plant transpiration
via a basal crop coeﬃcient (Kcb) and potential surface evaporation via
an evaporation coeﬃcient (Ke).

4. The DSSAT cropping system model
The DSSAT Cropping System Model (Jones et al., 2003;
Hoogenboom et al., 2012) is a modular set of integrated and standardized software components that simulates crop development over a
single growing season, or sequences of growing seasons. A soil module
deﬁnes soil characteristics on a layer-by-layer basis, calculates soil
temperature, and simulates transport processes involving soil water,
nitrogen (N), carbon, and residue. A weather module reads daily
weather input ﬁles, and if necessary, estimates missing daily weather
data using weather generators. A soil-plant-atmosphere (SPAM) module
simulates soil evaporation, root water extraction, and plant transpiration. Various plant growth modules simulate the growth of speciﬁc
crops. The module used here is CSM-CROPGRO-Cotton (Messina et al.,
2004; Soler and Hoogenboom 2006; Pathak et al., 2007, 2012), which
was developed based on a generic plant growth template module. A
management operations module deﬁnes a cropping simulation’s operational conditions, including planting and harvesting date, irrigation
scheduling, and the application of fertilizer and residue. A more detailed summary of how CSM-CROPGRO-Cotton simulates crop development processes can be found in Thorp et al. (2014).

PETc = KCB* ETO + Ke* ETO = PETt + PETe

(1)

Daily reference grass evapotranspiration is calculated using Eq. (1) of
Walter et al. (2005),

ET0 =

0.408*Δ*(Rn − G) + γ*(900/(T + 273))*U2 *(es − ea)
Δ+γ(1 + 0.34U2)

(2)

where Δ is the slope of the saturation vapor pressure vs. temperature
curve, Rn is the net daily surface radiation, G is the soil heat ﬂux (set to
0.0 in PETASCE), γ is the psychometric constant, T is daily average
temperature in °C, U2 is the mean daily 2 m wind speed, and es and ea
are the daily saturation and actual water vapor pressure. The LAI-based
basal crop coeﬃcient is calculated via,

4.1. Modeled production conditions, planting options, and initial conditions
CSM-CROPGRO-Cotton simulations were conducted using the daily
weather inputs from each of Fig. 1’s WTM weather stations during
2005–2010 and 2012–2015, hereafter referred to as the 10 simulation
years. To model the lint yield eﬀects associated with a broad range of
management practices, for each simulation year model runs were repeated under the planting options (PO) listed in Table 1. Thus for each
station-year simulations were repeated under 56 options (PO1–PO56)
deﬁned by four planting densities, two N application rates, and seven
planting dates. Table 1’s planting densities approximate that of a locally
conducted ﬁeld study (Stapper and Fromme, 2011), and the simulations
speciﬁed a row separation of 1.0 m. Nitrogen was applied at the rates of
30 and 60 kg ha−1, with half of the application applied at planting and
the remaining half applied in the simulations on 1 July. The seven
planting dates were selected to evenly and approximately span the
distribution of dates deﬁned by Fig. 2d’s high elevation BW diagram.
The cultivar in all simulations was the Fibermax 9680B2RF variety,
which was used in a recent study by Adhikari et al. (2016). The Fibermax cultivar’s genetic and ecotype parameters in the simulations
were those estimated by Adhikari et al. (2016), based on irrigated
cotton ﬁeld experiments conducted at the Texas A & M AgriLife Research Center at Halfway during 2010–2013 (Bordovsky and Mustian,
2013). Given the importance of soil water as an initial condition in
dryland production, each station-year’s simulation, for each management option, was in turn repeated under 3 initial soil moisture (ISM)
conditions of 20%, 40%, and 60% of total available soil water capacity.

Kcb = Kcmn + (Kcmx − Kcmn)*(1.0–exp(-SKc*LAI))

(3)

where the Kcmn and Kcmx parameters deﬁne minimum and maximum Kcb values for limiting values of leaf area index (LAI), and SKc is a
shape parameter that deﬁnes the Kcb response to varying LAI. The
calculation of Ke is used to quantify potential soil evaporation, but
DSSAT-CSM routines are used to calculate actual soil evaporation.
Actual plant transpiration in the DSSAT-CSM SPAM module is assigned
as the minimum of the PETt transpiration rate and the calculated potential total root water uptake (Jones et al., 2003; Boote et al., 2008).
The model’s total crop evapotranspiration is the sum of the actual plant
transpiration and soil evaporation rates.
Two standards were used to calibrate the yield response of CSMCROPGRO-Cotton as a function of the model’s cumulative growing
season ETc under dryland SHP growing conditions. The ﬁrst was the
linear lint yield response functions derived from the lysimeter experiments of Tolk and Howell (2010) conducted in Bushland, Texas during
2005–2007. The second was the 2005–2015 mean of NASS Southern
High Plains (District 12) annual un-irrigated lint yield averages (NASS
2016c). Like the modeled yields, this 2005–2015 average does not include the 2011 regional mean, which was not reported by NASS for that
cropping year.
To reduce the time and computing resources required in the calibration trials, yields were modeled using daily weather data from eight
WTM stations located in NASS District 12, which are marked in Fig. 1’s
389
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Table 1
Planting densities, nitrogen application rates, and planting dates deﬁning the 56 planting options (PO) modeled in the CSM-CROPGRO-Cotton simulations.

the minimum value recommended by DeJonge et al. (2012a) for corn,
attention turned to the adjustment of cultivar parameters.
Given their inﬂuence on yield output and photosynthesis rate, three
cultivar parameters were adjusted from the values calculated by
Adhikari et al. (2016): the maximum leaf photosynthesis rate (LFMAX),
the maximum percentage of daily growth that is partitioned to seed plus
shell (XFRT), and the threshing percentage (THRSH). The initial LFMAX
value (1.10 mg CO2 met−2 sec−1) assumed an atmospheric CO2 concentration of 350 parts per million (ppm). As current global levels exceed 400 ppm, LFMAX was increased to 1.18 based on the function
relating CO2 concentrations to cotton canopy photosynthesis rates estimated by Reddy et al. (2008). This adjustment resulted in a modest
increase in mean yield to 425 kg ha−1 (Fig. 3c) and no change in the β1
regression slope (Table 2). Increasing XFRT from 0.80 to 0.83 and
THRSH from 70.0 to 72.0 resulted in a mean yield value (444 kg ha−1)
slightly below that of the NASS District 12 mean, but only a minor
increase in the β1 slope coeﬃcient to 0.24 (Fig. 3d, Table 2). Further
increases in XFRT and THRSH resulted in mean yields above the NASS
mean, but no increase in the β1 coeﬃcient above 0.24. This reduced lint
yield eﬀect per unit of evapotranspiration relative to the ﬁeld trial
values (0.29, 0.31) suggests that the model may produce less lint for a
ﬁxed ETc level relative to that measured in the TH10 ﬁeld trials.
However, this diﬀerence in yield response may be due to the diﬀerence
in the production conditions in the lysimeter ﬁeld trials and the model
simulations. Of the 24 TH10 Amarillo soil replications during the 2005
and 2007 growing seasons, 9 were irrigated at levels suﬃcient to replace 100% of crop evapotranspiration. Another 9 were irrigated at
50% deﬁcit levels, and the remaining 6 were irrigated at 25% levels or
un-irrigated. By contrast, all of the modeled yield outcomes in the calibration trials simulated dryland production conditions, and one-third
of those were initialized at low (20%) initial soil moisture conditions.
As a result, Fig. 3d’s weaker modeled yield response may be due to the
higher proportion of simulated yield outcomes produced under low
water conditions.

station location listing. These yields were modeled using a single midrange management option (PO 25), but each station-year’s model run
was repeated under each of the 3 initial soil moisture conditions. Thus
the calibration phase was based on model runs from 10 simulation
years that produced 8*3*10 = 240 dryland seed cotton yields. Lint
yields (YL) were estimated from the model’s seed cotton yield output
values based on the average seed to lint yield ratio (1.62) reported over
the Economic Reporting Service’s Prairie Gateway region in 2015 (ERS,
2016b). Calibration trials were conducted by modifying the contents of
the COGRO046·SPE and COGRO046·CUL ﬁles to adjust evapotranspiration and cultivar parameters respectively. For each set of parameter
conditions, the CSM-CROPGRO-Cotton executable was run in C shell
scripts that generated the 240 seed cotton yields via repeated model
runs in a UNIX command line environment.
Fig. 3a–d’s blue and green lines mark the linear regressions of YL as
a function of ETc derived by Tolk and Howell (2010), hereafter TH10,
for lysimeter ﬁeld trials conducted with an Amarillo sandy loam soil in
2005 and 2007. The regression line for TH10 Amarillo soil trials conducted in 2006 are not used, as lint yields in that year’s trials were not
found to be signiﬁcantly related to ETc. The Fig. 3a scatterplot values
mark the coordinates of the 240 simulated lint yields and seasonal ETc
values generated based on Kcmn (0.0), Kcmx (1.15) and SKc (0.60)
parameter values suggested by K. Thorp for Arizona irrigated cotton.
The black, gray and white tokens indicate yields for the 20%, 40%, and
60% ISM levels, and the red line is the best-ﬁt linear function for the
240 modeled calibration yields, i.e.,
YL = β1*ETc + β2 + ε

(4)

The calibration trial’s goals were to achieve a modeled linear lint yield
response similar to that of the 2005 and 2007 TH10 ﬁeld trials
(Table 2), and to reproduce the NASS 2005–2015 District 12 mean lint
yield. In Fig. 3a the β1 linear regression slope based on the Arizona
cotton ET parameters (0.19) falls below that of the TH10 trials, and the
average of the calibration yields (335 kg ha−1) is 75% of the NASS
District 12 average (447 kg ha−1). Given the generally lower LAI of
dryland SHP cotton relative to that of irrigated Arizona cotton, subsequent trials were carried out with lower SKc values. These trials also
used a lower Kcmx value (1.10) for High Plains cotton that is equal to a
maximum mid-season value estimated via lysimeter ﬁeld trials (Howell
et al., 2004). Reducing SKc has the eﬀect of increasing lint yield per unit
of evapotranspiration, i.e., β1, and trials that gradually reduced the
parameter’s value to 0.5 (Fig. 3b) increased the mean β1 yield response
to ETc to 0.23 and the mean lint yield to 415 kg ha−1. As SKc = 0.5 is

5. Management and elevation eﬀects on Southern High Plains lint
yields
Under each of the three ISM conditions, lint yields were simulated
using Fig. 3d parameter values listed in Table 2 under each of Table 1’s
56 planting options (PO). For each of the 168 ISM-PO combinations
simulations were repeated using each WTM site’s weather inputs during
the ten simulation years. Then, the yields for each station-year were
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Fig. 3. a) Scatterplot of CSM-CROPGRO-Cotton lint yield vs. seasonal evapotranspiration values generated with weather inputs from eight SHP mesonet stations over ten simulation years.
Black, gray, and white tokens show yields generated based on 20%–40%–60% initial soil water conditions. The linear regression lines for modeled and lysimeter ﬁeld trial yields are
marked as in the legend. The calibration trial’s mean lint yield, linear regression parameters, and evapotranspiration and cultivar parameters are listed in Table 2. b) As in (a) for the 3b
entries in Table 2. c) As in (a) for the 3c entries in Table 2. d) As in (a) for the 3d entries in Table 2. The r2 value indicates the percentage of yield variance explained by the red CROPGROCotton linear ﬁt line.

Table 2
Mean lint yields in kg ha−1 (Y L ), Eq. (4) regression parameters (β1, β2), Eq. (3) basal crop coeﬃcient parameters (SKc, Kcmn, Kcmx), and cultivar coeﬃcients (XFRT, THRSH, LFMAX) for
Fig. 3a–d calibration trials. TH2010 entries list Eq. (4) regression parameters for the Tolk and Howell (2010) lysimeter ﬁeld trials during 2005 and 2007.

Fig. 3a
Fig. 3b
Fig. 3c
Fig. 3d
TH2010(2005)
TH2010(2007)

YL

β1

β2

SKc

Kcmn

Kcmx

XFRT

THRSH

LFMAX

0.19
415
425
444
NA
NA

−32.9
0.23
0.23
0.24
0.31
0.35

0.6
−38.7
−39.5
−41.4
−49
−33.8

0
0.5
0.5
0.5
–
–

1.15
0
0
0
–
–

0.8
1.1
1.1
1.1
–
–

0.7
0.8
0.8
0.83
–
–

1.1
0.7
0.7
0.72
–
–

1.1
1.1
1.18
1.18
–
–
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Fig. 4. a) Median lint yields resulting from Table 1’s 56 planting options under 60% ISM conditions grouped by planting density. White (gray) diamonds mark medians of yield
distributions derived from high (low) elevation weather station inputs. b) As in (a) with the median yields arranged by applied nitrogen rate. c) As in (a) with the median yields arranged
by planting date. d) As in (a) for 40% ISM conditions. e) As in (b) for 40% ISM conditions. f) As in (c) for 40% ISM conditions. g) As in (a) for 20% ISM conditions. h) As in (b) for 20% ISM
conditions. i) As in (c) for 20% ISM conditions.

5.1. Median lint yield eﬀects

aggregated over Fig. 1’s high (stations 11–32) and low elevation (stations 1–10) WTM sites to form distributions of yield outcomes for each
ISM-PO condition under both high and low elevation growing conditions. The number of yields in the resulting distributions are potentially
equal to the total number of station-years resulting from both sets of
stations, i.e., 220 yields for the high elevation stations, and 100 yields
for the low elevation stations. As planting options with 17 Apr. planting
dates were found to lead to simulated early crop failures at high elevations due to cool spring planting conditions, only the modeled yields
from completed growing seasons were included in these distributions.
As a result the number of yields in the high elevation distributions were
less than 220 in 26 of the 168 ISM-PO conditions, but these yield counts
never fell below 197. At the lower elevation all ISM-PO conditions
produced yield distributions with 100 yields. These yield counts allow
for calculating yield percentiles and describing these distributions using
BW diagrams similar to that in Fig. 2b.

Fig. 4a–c show the median yields of the high and low elevation
distributions under the 60% ISM condition. Fig. 4a’s white and gray
diamonds show the 56 median lint yields for the high and low elevation
stations grouped by the 4 planting densities. Fig. 4b shows the same
median values grouped by the 2 N application levels, while Fig. 4c
shows those values grouped according to the 7 planting dates. Fig. 4d–f
show the eﬀects of planting density, applied N, and planting date on
median yield under the 40% ISM condition, while Fig. 4g–i show the
same eﬀects under the 20% ISM condition.
When sorted by planting density, Fig. 4a, d, and g show that high
elevation median yields are uniformly lower than those resulting from
the same ISM-PO condition simulated over the lower elevation stations.
Apart from this clear elevation eﬀect on yield, these ﬁgures also show
more subtle planting date yield eﬀects at the lowest and highest ISM
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Fig. 4c, f, and i, planting on 17 Apr. or 1 May produces the highest
median yields. At each ISM level the latest planting date (30 May)
produces the lowest median yield. At the highest ISM level (Fig. 5a,b)
the highest median yield is produced at the higher N application rate,
and the lowest median at the lower rate. Conversely, at the 40% and
20% ISM levels the highest median yields result from the lower N application rate. The general pattern of higher yields with lower planting
densities seen in Fig. 4a, d and g is also found in the maximum and
minimum median outcomes in the 60% ISM simulations (Fig. 5a, b),
40% ISM simulations (Fig. 5c, d) and the 20% ISM simulations (Fig. 5e,
f).
Each of Fig. 5a–f BW diagrams represent the distribution of as many
as 220 station-years of yield simulations for one planting option. As a
result, the lint yields from two planting options derived from the same
station-year’s weather inputs can be compared to calculate a yield eﬀect
(ΔY) resulting from choosing between those options. Thus under the
60% ISM condition, for example, the 2005 yields for Olton (Station 25)
resulting from Fig. 5b’s PO 49 simulation can be subtracted from the
2005 Olton yield resulting from Fig. 5a’s PO 10 simulation to estimate
the associated yield eﬀect. Repeating this comparison for all 22 high
elevation stations for each of the 10 simulation years produces a yield
eﬀect distribution with between 197 and 220 ΔY values. Fig. 5g’s BW
diagram shows the distribution of those yield eﬀects, while Fig. 5h
shows the ΔY distribution resulting from subtracting Fig. 5d yields from
Fig. 5c yields under the 40% ISM condition. Fig. 5i shows the

levels, a positive N eﬀect at the highest ISM level, and relatively clear
planting date eﬀects on higher elevation yields. In Fig. 4a, d, and g, the
highest median yields occur at the lowest planting density under all
three ISM conditions, and there is a fairly clear tendency for median
yields to decrease with increasing planting density. This tendency is
particularly obvious at the lowest ISM level (Fig. 4g). At the highest ISM
level the higher N application produces the highest median yield at
both high and low elevations (Fig. 4b), but at the 20% ISM level
(Fig. 4h) the lower N application produces the highest median yields at
both elevations. Under each ISM condition in Fig. 4c, f and i high elevation median yields peak with either a 17 Apr. or 1 May planting, with
planting dates after 1 May showing a uniform tendency for decreased
yields as planting is delayed. At low elevations delayed planting tends
to produce higher median yields under the 60% initial soil moisture
conditions (Fig. 4c), but the highest median yields occur with earlier 17
Apr. or 24 Apr. planting dates at the 40% and 20% levels (Fig. 4f, i).
However, unlike higher elevation median yields, the low elevation
median yields of Fig. 4f and i show a less clear planting date eﬀect than
found at the higher elevation under the 40% and 20% ISM conditions.
5.2. The eﬀects of optimal planting options at high elevation
Fig. 5 shows the BW diagrams for the planting options producing
Fig. 4’s highest (Fig. 5a, c, and e) and lowest (Fig. 5b, d, and f) median
lint yields for each ISM level in the high elevation simulations. As in

Fig. 5. a) Percentiles of high elevation lint yields for the planting option producing the highest median (PO 10) under 60% ISM conditions. Bar and whisker yield percentiles are as
marked in Fig. 2b. b) As in (a) for the planting option producing the lowest median (PO 49) under 60% ISM conditions. c) As in (a) for the management option producing the highest
median (PO 1) under 40% ISM conditions. d) As in (a) for the planting option producing the lowest median (PO 56) under 40% ISM conditions. e) As in (a) for the planting option
producing the highest median (PO 1) under 20% ISM conditions. f) As in (a) for the planting option producing the lowest median (PO 56) under 20% ISM conditions. g) Percentiles of
yield eﬀects resulting from subtracting the PO 49 yields of (b) from the corresponding station-year’s PO 10 generated yield in (a). h) Percentiles of yield eﬀects resulting from subtracting
the PO 56 yields of (d) from the corresponding station-year’s PO 1 generated yield in (c). i) Percentiles of yield eﬀects resulting from subtracting the PO 56 yields of (f) from the
corresponding station-year’s PO 1 generated yield in (e).
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might be due in part to the approximately 50 mm higher median
summer rainfall seen in the lower elevation station’s precipitation
percentiles in Fig. 2c.
The modeling approach used here to isolate temperature’s eﬀects on
simulated lower elevation yields was to adjust the daily weather records
of the 22 high elevation stations to simulate the warmer conditions of
lower elevations, while preserving the higher elevation precipitation
properties. These adjustments, which are described in Appendix A,
account for the temperature eﬀects of an adiabatic lapse rate, increasing
atmospheric optical depth on surface radiation, and the eﬀect on dew
point temperature assuming a constant vapor pressure deﬁcit. The resulting adjusted weather records were then used as inputs to the CSMCROPGRO-Cotton model to simulate yields that would be produced by
the higher elevation station’s precipitation patterns, but at lower and
warmer elevations. For each ISM-PO condition, this process also produced yields based on adjusted weather inputs for each high elevation
station-year, making comparisons with yields based on the unadjusted
high elevation weather records possible. The resulting yield eﬀect distributions, in principle, reﬂect only the temperature eﬀects of elevation.
Fig. 7a, c, and e reproduce the lint yield distributions of Fig. 6a,c,
and e derived from the unadjusted high elevation weather records.
Fig. 7b, d, and f show the yield percentiles resulting from the same ISMPO conditions, but generated with high elevation weather records adjusted via Eqs. (A1)–(A8). Thus the latter BW diagrams estimate the
distributions of yields resulting from lower elevation temperature and
radiative conditions, but with precipitation records identical to those
used to generate Fig. 7a, c, and e distributions.
The percentiles of Fig. 7b, d, and f are, with the exception of
Fig. 7b’s maximum yield value, uniformly shifted to higher yield levels
relative to their counterparts in Fig. 7a, c, and e. These distributional
shifts supports the position that similar positive shifts in Fig. 6 low
altitude yields are mainly due to elevation-related temperature eﬀects.
But under the 20% ISM condition Figs. 6f and 7f also show evidence of a
low elevation precipitation eﬀect on yield. The extent of Fig. 7f’s central
tercile shows a 33% chance that a yield outcome under the driest ISM
condition will fall with the range 252–502 kg ha−1 under the low elevation temperature and high elevation precipitation conditions. But
under Fig. 6f’s low elevation temperature and low elevation precipitation simulations that central tercile range broadens to
245–600 kg ha−1. This suggests that the somewhat wetter lower

distribution of yield eﬀects that result from subtracting Fig. 5f yields
from Fig. 5e yields under the 20% ISM condition.
Because Fig. 5a–f show the yield distributions with the smallest and
largest median yield values under each ISM condition, the corresponding ΔY distributions in Fig. 5g–i estimate ‘Best minus Worst’ yield
eﬀects resulting from the choice of the planting option producing the
highest median yield. The percentiles of these distributions also allow
for estimating the probability of those yield eﬀects given recent summer
growing season climate conditions over the SHP region. Thus under the
60% ISM condition, Fig. 5g’s BW diagram indicates an 88% chance of a
positive yield eﬀect, and a 50% probability of a potential yield increase
of 216 kg ha−1 or more. The number of samples in these distributions
also allows for estimates of the probability of outcomes − positive and
negative − in the tails of the distributions. For example, Fig. 5g indicates that, given the optimal MO 10 management option with high
initial soil moisture, there is a 5% chance of a negative yield eﬀect that
might range between −82 and −273 kg ha−1, and a 5% chance of a
positive eﬀect that could range between 560 and 758 kg ha−1.

5.3. Distributional eﬀects of elevation on lint yield
To estimate the eﬀects of elevation (Z) on lint yield under Fig. 5’s
optimal high altitude management options (MO 10, MO 1, MO 1), Fig. 6
shows yield percentiles simulated using both high and low elevation
weather inputs under those options and the three ISM conditions.
Fig. 6a, c, and e reproduces the high elevation yield percentiles of
Fig. 5a, c, and e, while Fig. 6b, d, and f mark the percentiles derived
using the same ISM-PO conditions, but simulated based on the 100
station-years of weather inputs from Fig. 1’s lower elevation stations.
In Fig. 6b, d, and f the lower elevation yield percentiles exceed the
corresponding high elevation percentiles with two exceptions − the
maximum yields under the 40% and 60% ISM condition. Under the
60% ISM condition (Fig. 6a, b) median yields are increased by
115 kg ha−1, while the 40% (Fig. 6c, d) and 20% ISM conditions
(Fig. 6e, f) result in increases of 161 and 141 kg ha−1. Under each ISM
condition the median of the lower elevation distribution either exceeds
or is about equal to (Fig. 6a, b) the 66th percentile of the corresponding
high elevation distribution. However, this general increase in yields
may be due to factors other than the higher GDD totals at lower elevations seen in Fig. 2a and b. Speciﬁcally, this positive yield eﬀect

Fig. 6. a) Lint yield percentiles for the planting option producing the highest median yield at high elevation (PO 10) under 60% ISM conditions. b) Lint yield percentiles generated using
the same planting option and ISM condition in (a), but with low elevation weather inputs. c) Lint yield percentiles for the planting option producing the highest median yield at high
elevation (PO 1) under 40% ISM conditions. d) Percentiles generated using the same planting option and ISM condition in (c), but with low elevation weather inputs. e) Lint yield
percentiles for the planting option producing the highest median yield at high elevation (PO 1) under 20% ISM conditions. f) Lint yield percentiles generated using the same planting
option and ISM condition in (e), but with low elevation weather inputs.
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Fig. 7. a) Percentiles of high elevation lint yields for the planting option producing the highest median yield under 60% ISM conditions. b) Lint yield percentiles generated using the same
planting option and ISM condition in (a), but with low elevation temperature − high elevation precipitation weather inputs formed via the procedure described in the Appendix A. c) As
in (a) for the planting option producing the highest median yield under 40% ISM conditions. d) Lint yield percentiles generated using the same planting option and ISM condition in (c),
but with low elevation temperature and high elevation precipitation weather inputs. e) As in (a) for the planting option producing the highest median yield under 20% ISM conditions. f)
Lint yield percentiles generated using the same planting option and ISM condition in (e), but with low elevation temperature and high elevation precipitation weather inputs. g)
Percentiles of temperature-related yield eﬀects resulting from subtracting the yields of distribution (a) from the same station-year’s yield in distribution (b). h) Percentiles of temperaturerelated yield eﬀects resulting from subtracting the yields of distribution (c) from the same station-year’s yield in distribution (d). i) Percentiles of temperature-related yield eﬀects
resulting from subtracting the yields of distribution (e) from the same station-year’s yield in distribution (f).

planting options at higher elevations. Although elevation’s yield reducing eﬀects are not exclusively negative (ΔY < 0), under each of the ISM
conditions in Fig. 7g–i the yield eﬀect distributions show a greater than
78% probability of a negative eﬀect. The 66th percentile of Fig. 7g
(–45 kg ha−1) indicates a 66% probability that a negative yield eﬀect
will exceed that value under the highest ISM condition. Under the 40%
and 20% conditions of Fig. 7h and i, that 66% probability threshold
shifts to −48 and −15 kg ha−1 respectively.

elevation conditions indicated in Fig. 2c may be playing a role in
generating higher lint yields under Fig. 6f’s driest initial soil moisture
condition.
Unlike the BW diagrams of Fig. 6a and b, a station-year to stationyear correspondence exists between yields within Fig. 7a and b distributions. As a result, yield eﬀect distribution similar to Fig. 5g can be
formed. Fig. 7g shows the distribution of ΔY that result when Fig. 7b
yields are subtracted from the same station-year’s yield in Fig. 7a distribution derived from unadjusted high elevation weather records.
Given the generally yield decreasing eﬀects on production at cooler
high elevation temperatures, Fig. 7g estimates the yield reducing eﬀects
of higher elevation conditions under the PO 10 management option for
60% ISM conditions. Similarly, Fig. 7h shows the yield reducing eﬀects
of elevation under the optimal option for 40% conditions (i.e., Fig. 7c
minus Fig. 7d yields), while Fig. 7i shows the elevation eﬀects on the
optimal 20% management option (i.e., Fig. 7e minus Fig. 7f yields).
The magnitudes of the negative median yield eﬀects of higher elevation in Fig. 7g–i (−76,−104, −108 kg ha−1) are between 50% to
58% of the positive median yield eﬀects of the optimal planting options
in Fig. 5g–i (146, 180, 215 kg ha−1). This suggests that the yield increasing eﬀects of an optimal management strategy may be considerably neutralized by the eﬀects of elevation. From an alternative,
more optimistic standpoint, it also suggests that elevation’s yield reducing eﬀects may be somewhat compensated for by selecting optimal

6. Discussion
The modeled yield eﬀects found here show that the cooler SHP
summer season growing conditions reduce median dryland lint yields
relative to those at lower elevations. This eﬀect is particularly clear
under the 40% and 60% initial soil moisture (ISM) conditions (e.g.,
Fig. 4a,d). Of the three variables that deﬁne the 56 planting options in
these simulations − planting density, nitrogen application, and
planting date − planting date and density account for the most variability in the SHP region’s median yield outcomes. As planting dates are
delayed, higher elevation median yields decrease relative to lower
elevation yields in Fig. 4c, f, and i, which suggests this eﬀect is a consequence of the lower growing degree day totals accumulated at higher
elevation (Fig. 2b). Of course, the planting of cotton on the Southern
High Plains is not determined by the calendar, but by soil temperature
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representing yield and yield eﬀect distributions. These distributions
were used here to estimate the probability of yield outcomes under
selected planting option and initial soil moisture conditions. Those
probabilities can in turn be interpreted in terms of the current yield risk
associated with those conditions. Although the WTM weather records
used here are shorter than the 30 year periods normally used to deﬁne
climate (Guttman 1989; WMO 1989), Livezey et al. (2007) contend that
under changing climate conditions 30 year normals are frequently unrepresentative of current climate. Trewin (2007) has proposed the use
of operational climate normals that might be formed from as little as ten
years of recent data. The approach demonstrated here used the WTM’s
dense network of weather stations to form similarly dense distributions
of yield outcomes during 2005–2015, thus these results may be considered representative of the current climate of the SHP and Rolling
Plains regions. Over other growing areas where mesonet data is unavailable, a similar modeling and aggregation approach might be based
on weather inputs from stochastic weather generators (Wilks 2010,
2012). The translation of yield outcomes into proﬁts under current or
projected price and cost conditions would result in corresponding proﬁt
distributions that estimate a producer’s current economic risk. This
general simulation and aggregation process may be, in the absence of
skillful seasonal forecast information, the best available approach to
estimating production risk related to the essentially unpredictable yearto-year variation in growing season climate.

(Boman and Lemon, 2005). However, these results suggest that the
cooler conditions at higher elevations might be compensated for by
extending the duration of the SHP growing season by planting on the
earliest date that soil temperatures permit. The planting options that
maximize median yields for all three ISM conditions at higher elevations also include low planting densities (Fig. 5a, c, and e), while the
highest planting densities produce the smallest median yields (Fig. 5b,
d, and f). Combined with the eﬀects of planting date on median yield in
Fig. 4, this suggests that the corresponding yield eﬀects of Fig. 5g–i are
mainly driven by the choice of planting density and date. As a result,
low planting density and earlier planting may be common features of
management practices that increase dryland cotton yields and proﬁts
over the SHP cotton production region, assuming suitable soil moisture
and temperature conditions in the spring.
Having identiﬁed best planting options for high elevation production, the distributions of yields resulting from those options under high
and low elevation conditions were compared in Fig. 6. Using the
weather input adjustment procedure described in the Appendix A, the
negative yield eﬀects attributable only to temperature eﬀects, i.e., the
cooler production conditions of the SHP, were also estimated
(Fig. 7g–i). Fig. 4’s clear positive median yield eﬀects at lower elevation, and the percentile eﬀects found in Figs. 6 and 7, shows a Rolling
Plains yield advantage in producing un-irrigated upland cotton due to
the eﬀects of elevation and temperature. It is emphasized that the
modeled yield results presented here are hypothetical, and attributable
only to the eﬀects of planting practices and elevation for a ﬁxed soil
type. The eﬀects of varying soil types and cultivars, insect or disease
pressure, and the actual distribution of initial soil moisture conditions
are not considered. However, by controlling for these non-climatic
production factors these simulations indicate a lower elevation production advantage related to climate. As a result, although in the past
the Southern High Plains has been the leading West Texas cotton production region due to the irrigation resource of the Ogallala Aquifer,
these results further suggest the possibility of dryland production migrating to the Rolling Plains region as the aquifer depletes.
A common feature in Figs. 5–7 are bar and whisker diagrams
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Appendix A
To form adjusted CSM-CROPGRO-Cotton weather input ﬁles for each of the 22 high elevation stations during the 10 simulation years, the
station’s daily values of Tmin, Tmax, Tdew, and RS were adjusted to values that assumed an elevation drop equal to the mean diﬀerence in elevation
between Fig. 1’s high and low elevation stations (ΔZ = −410 met.). The adjusted daily Tmin (T’min) and Tmax (T’max) values were calculated using an
atmospheric lapse rate equal to that of the International Standard Atmosphere (γ = −0.0065 °C m−1).

T’min = T’min + γ*ΔZ

(A1a)

T’max = T’max + γ*ΔZ

(A1b)

As increasing atmospheric optical depth can have an attenuating eﬀect on short-wave surface radiation, adjusted RS values (R’S) were calculated
based on Allen et al.’s (1998) formula (their Eq. 3-13) for estimating clear sky solar radiation as a function of elevation. With Z’ = Z + ΔZ = Z −
410 m, the adjusted daily surface solar radiation values were estimated from the unadjusted WTM RS values and the station’s actual and adjusted
elevations via,

R’S = RS*

0.75 − 2*10−5*Z’
0.75 − 2*10−5*Z

(A2)

Given the role of dew point temperature in calculating the vapor pressure deﬁcit (VPD) values used in CSM-CROPGRO-Cotton’s evapotranspiration
calculations (Eq. (2)), adjusted dew point temperatures (T’dew) were estimated based on the assumption that adjusted (VPD’),
(A3a)

VPD’ = e’s − e’a
and unadjusted vapor pressure deﬁcit,

(A3b)

VPD = es − ea

are equal. Vapor pressure (ea) and saturation vapor pressure (es) were calculated via the Clausius-Clapeyron equation of Allen et al. (1998), where,

ea = e(Tdew)

(A4a)

e’a = e(T’dew )

(A4b)

Saturation vapor pressures are estimated using the daily adjusted and unadjusted Tmin and Tmax values,
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e’s = 0.5*(e(T’max ) + e(T’min ))

(A5a)

es = 0.5*(e(Tmax) + e(Tmin))

(A5b)

Thus under constant VPD can be calculated given the unadjusted Tmax, Tmin, and Tdew values, and the lapse rate adjusted and T’min values of Eqs.
(A1a) and (A1b),
(A6)

e’a = ea − es + e’s
The adjusted T’dew value can then be solved for by inverting the Clausius-Clapeyron equation,

T’dew =

β*273.3
17.27 − β

(A7)

where,

e’a ⎞
β = ln ⎛
⎝ 0.6108 ⎠

(A8)

The remaining two CROPGRO-Cotton daily weather input variables, daily precipitation and wind run, were unchanged from their observed WTM
values in the adjusted high elevation weather data ﬁles.
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