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1. INTRODUCTION

Observed increases in the frequency, intensity, and 
duration of high-temperature extremes under climate 
change pose challenges for crop production, espe-
cially in the hot and dry regions of the world (Mbow 

et al. 2019). High temperatures (heat stress) occurring 
during flowering and early grain filling substantially 
decrease the yields and grain quality of cereals, in-
cluding wheat (Asseng et al. 2015, 2017, 2019, Barlow 
et al. 2015, Rezaei et al. 2015a, Tack et al. 2015). Ac-
cumulated evidence indicates that crop canopy tem-
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perature (Tc) better explains observed yield reduc-
tions caused by heat stress than does air temperature 
(Ta) (Siebert et al. 2014, Rezaei et al. 2015a). Conse-
quently, efforts have continued to im prove process-
based crop models by using Tc to simulate the heat 
stress effect on grain number, accelerated leaf senes-
cence, and yield (Jamieson et al. 1995, Brisson et al. 
1998, Yoshimoto et al. 2011, van Oort et al. 2014, 
Webber et al. 2016, 2017). However, no attempt has 
been made to apply Tc to climate indices for agricul-
tural monitoring and forecasting, although sector-
specific climate indices have been discussed (for in-
stance, by the Expert Team on Climate Information 
for Decision-Making of the World Meteorological Or-
ganization; WMO 2021). 

As a first step, a statistical analysis comparing the 
explanatory power of Tc for yield relative to Ta offers 
useful insights. The difference between Tc and Ta for 
irrigated crops becomes substantial under dry atmos-
pheric conditions with variations in air humidity, CO2 
concentration, and crop varietal characteristics 
(Amani et al. 1996, Fukuoka et al. 2012, Yoshimoto et 
al. 2012, Siebert et al. 2014, Shew et al. 2020). The hot 
and dry environment of Sudan, where the hottest 
wheat-producing conditions in the world occur, and 
where wheat is grown under fully irrigated conditions 
(Negassa et al. 2013, Martre et al. 2017), provides an 
ideal testbed to assess the potential of ap ply ing Tc to 
high-temperature indicators in agro meteorological 
services. The well-documented oc cur rence of wheat 
yield reductions under high-temperature conditions 
in Sudan (Asseng et al. 2017, Iizumi et al. 2021a) fur-
ther underscores the validity of this case selection. 

Musa et al. (2021) presented a correlation analysis 
be tween yield and 4 Ta-based high-temperature in -
dicators for 3 regions in Sudan (Dongola, Wad 
Medani, and New Halfa) using data from 48 seasons 
(1970/71 to 2017/18). The indicators included aver-
age daily maximum and minimum air temperatures 
(Tmax and Tmin), total hot days (THD), and total hot 
nights (THN). Each indicator was calculated for indi-
vidual months and for the entire wheat season 
(November, December, January, February: NDJF). 
Musa et al. (2021) found that the departures of yield 
from the trend line (yield anomalies) significantly 
negatively correlated with one of the indicators cal-
culated for the season, with a Pearson correlation 
coefficient from −0.41 for THN in Dongola to −0.43 
for Tmax in Wad Medani to −0.55 for Tmin in New 
Halfa. However, no single indicator explained the 
yield anomalies across the regions, posing a chal-
lenge in de signing robust climate indices for which 
multi-region applicability is a prerequisite. 

We sought to evaluate the usefulness of Tc relative 
to Ta in designing high-temperature indicators by 
addressing the following 3 questions: (1) Is using Tc 
as a predictor in a statistical model more powerful 
than using Ta to explain yield anomalies associated 
with heat stress? (2) Does the consideration of crop 
phenology in the high-temperature indicator calcula-
tion increase its explanatory power as compared to 
indicators calculated for calendar months and sea-
son? (3) Does a nonlinear specification outperform a 
linear specification in associating high-temperature 
indicators with yield anomalies? The aim of the sec-
ond question was to distinguish between the effect 
on yield from the consideration of crop phenology 
alone and the effect from crop phenology plus Tc, 
which has implications for the use of a crop phenol-
ogy model in agrometeorological services. The third 
question was included in order to test the relative 
benefits of considering nonlinear temperature effects 
on yield through the specification of statistical mod-
els for agrometeorological services for a large spatial 
domain (e.g. national to global scales), given that the 
temperature effects on yield reported in earlier stud-
ies are diverse, from relatively linear (Amani et al. 
1996, Asseng et al. 2015, 2017, Iizumi et al. 2021a) to 
highly nonlinear (Lobell et al. 2012, Tack et al. 2015, 
Shew et al. 2020). The findings from this study are 
ex pected to add evidence from the hot and dry envi-
ronments of Sudan of the benefits of using Tc to cap-
ture the adverse effects of heat stress on yield that 
have been previously reported. 

2. METHODS

The methodological overview in this study is pre-
sented in Fig. 1. The sub-sections that follow de -
scribe the crop data (Section 2.1) and weather data 
(Section 2.2) used, as well as the calculation of Tc 
using a crop model and a land surface model (Section 
2.3). The high-temperature indicators calculated 
from Ta and Tc are then described (Section 2.4). 
Finally, the regression analyses that associate the 
high-temperature indicators with yield anomalies 
are discussed (Section 2.5). 

2.1.  Crop data 

Wheat production, cultivated and harvested areas, 
and yield in the 3 studied regions for the 50 seasons 
from 1970/71 to 2019/20 were obtained from the Fed-
eral Ministry of Agriculture and Forestry in Sudan. 
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The included regions were Dongola, Wad Medani, 
and New Halfa, which are located in the northern, 
central, and eastern parts of the country, respectively 
(Fig. 2). Data were lacking for 1984/85 in Wad 
Medani and for 1984/85, 2006/07, 2008/09, and 2009/
10 in New Halfa. We found that the yields for 2016/17 
and 2017/18 in Dongola and for 2004/05 in Wad 
Medani were not equal in value to the production 
volume divided by the harvested area (Fig. S1 in the 
Supplement at www.int-res.com/articles/suppl/c089
p085_supp.pdf) and therefore were excluded from 
the analysis as unreliable records. We removed non-
linear trends that primarily represented the contri-
butions of non-climatic factors from the yield time 
series using the smoothing spline in R version 4.0.4 
(‘smooth.spline’ function with the number of knots 
to control the degree of smoothing [‘nknots’] = 10) (R 
Core Team 2021). The trends in Dongola and New 
Halfa exhibited decadal fluctuations, while the trend 
in Wad Medani was characterized by a monotonic 
increase (Fig. 3). The amplitude of the yield anomaly 
was standardized, region by region. 

We also collected field experimental data on sow-
ing date and days to heading and maturity as well as 

plant height for 7 spring wheat varieties from the re -
cords of the Agricultural Research Corporation (ARC; 
Tahir et al. 2018) in Sudan (Table S1). The number of 
season−region−replication samples varied by variety 
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and ranged from 6 for Bohaine, Elneelain, Taghana, 
Wadi Elneel, and Zakia to 36 for Imam. These data 
were used to determine the variety-specific wheat 
coefficients input to the crop model (Fig. 1; see Sec-
tion 2.3 for details). 

2.2.  Weather data 

Three sources of weather data were used. First, the 
daily weather observations for the period 1970−2020 
were collected from the Sudan Meteorological 
Authority (SMA) to compare with the reanalysis-
based product described later. Another source was 
the micrometeorological observations from 1 Febru-
ary to 31 March 2019 collected at a wheat field (Imam 
cultivar) at the Gezira research station, Wad Medani. 
The micrometeorological data observed at a 10 minute 
resolution were aggregated into the daily data and 
compared with the simulated Tc. Lastly, daily data 
for the period 1971−2020 were acquired from a 0.5° 
resolution bias-corrected reanalysis product referred 
to as JRA-55−CDFDM−S14FD or JCS (Iizumi et al. 
2021a). Since some weather variables required to run 
the crop model and the land surface model were 
lacking in the SMA observations, we used the 
reanalysis-based product for our analysis after vali-
dating it against the observations. 

The weather variables for the reanalysis-based 
product were daily mean, maximum, and minimum 
2 m air temperatures, relative humidity, specific 
humidity, solar radiation, and 10 m wind speed. This 

product was based on the Japanese 55-Year Re -
analysis (JRA-55; Kobayashi et al. 2015, Harada et 
al.  2016) and bias-corrected using the cumulative 
distribution function-based downscaling method 
(CDFDM; Ishizaki et al. 2020) after spatial interpola-
tion from 0.5625 to 0.5° resolution. The global retro-
spective meteorological forcing dataset S14FD 
(Iizumi et al. 2017b) for the period 1961−2000 was 
used as the reference for the bias correction. We 
selected a single 0.5° grid cell of the product that 
includes each station for the comparison. The rela-
tively good agreement with the SMA observations 
confirmed that the product could be considered a 
reliable representation of the actual weather condi-
tions for the studied season and regions (Fig. S2). 
However, the discrepancies between the 2 data 
sources were relatively larger for relative humidity, 
solar radiation, and wind speed than for the daily 
maximum and minimum air temperatures. The use of 
data values from only 1 station to compare with the 
mean value of a grid cell might be a reason for these 
differences. Nevertheless, we used the product for 
our analysis since it met the input requirements of 
the crop model and land surface model that were 
used to calculate Tc (Fig. 1). 

2.3.  Calculation of wheat canopy temperature 

The Tc of wheat under irrigated conditions was ob -
tained from the crop model and land surface model 
simulations. As these models were not coupled at the 
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moment of the analysis, we took a 2-step approach in 
which the developmental stage, leaf area index 
(LAI), and plant height simulated by the crop model 
were input to the land surface model (Fig. 1). 

2.3.1.  Crop model 

We used the process-based global gridded crop 
yield growth model with assumptions on climate and 
socioeconomics (CYGMA; Iizumi et al. 2017a). The 
model has been used for variety-specific spring 
wheat simulations in Sudan (Iizumi et al. 2021a) as 
well as for global climate risk assessment (Jägermeyr 
et al. 2021). The model operates with a 0.5° resolu-
tion land grid cell and has a daily time step. Crop 
development, growth, and yields under rainfed and 
irrigated conditions were simulated separately, but 
only irrigated simulation outputs were used for the 
analysis. 

Phenological development was modeled as a frac-
tion of the accumulated growing degree days rela-
tive to the crop total thermal requirements and crop-
specific base and upper temperatures. Leaf growth 
and senescence were calculated using the fraction of 
the growing season and prescribed shape of the LAI 
curve. Plant height was calculated using the pre-
scribed shape of the plant height curve. Elevated 
CO2 effects were considered for evapotranspiration 
rate, biomass, and yield but not for LAI and plant 
height. The actual evapotranspiration was calculated 
based on the soil water balance. Irrigation in the 
model increased the soil water content to 70% of the 
plant-extractable soil water capacity, which pre-
vented the soil water content from being below that 
threshold level. This setting led to an irrigation fre-
quency of about once per 10 d in the model, which 
matched the observed frequency in the central part 
of Sudan.  

Five stress types, comprising nitrogen (N) deficit, 
heat, cold, water deficit, and water excess, were con-
sidered in the model. The most dominant stress type 
on a given day decreased the daily potential increase 
in the LAI and yield. The stress types, except for N 
deficit, were functions of daily weather, while the 
stress associated with N deficit was modeled as a 
function of the annual N application rate. Crop toler-
ance to these stresses increased as the knowledge 
stock increased. The knowledge stock is an economic 
indicator calculated as the sum of the national annual 
agricultural research and development ex penditures 
since 1961 with a certain obsolescence rate, and rep-
resents the average technology level among farmers 

in a country. More modeling details and in-depth val-
idation are available in Iizumi et al. (2021a). 

The daily mean, maximum, and minimum 2 m air 
temperatures, precipitation, solar radiation, relative 
humidity, and 10 m wind speed obtained from the 
reanalysis-based product were input to the model 
(Fig. 1). The 10 m wind speed was corrected to that at 
the 2 m level using logarithmic profiles in the model. 
The plant-extractable water capacity of soils used in 
the model was based on Dunne & Willmott (1996). 
The historical annual changes in the N application 
rate and knowledge stock were fed into the model, as 
in Iizumi et al. (2021a). We also fed the variety-
specific wheat coefficients determined based on the 
field experimental data described earlier (Fig. 1): the 
crop total thermal requirement from sowing to har-
vesting (GDDc), fraction of growing season at which 
flowering occurs (frGDD,ant), maximum plant height at 
an optimal condition (Hmax), and maximum tempera-
ture for LAI growth and yield formation (Tu,heat) 
(Table S2). We assumed that the timing of flowering 
was close to heading due to the lack of flowering 
data. The plant height data for Bohaine, Elneelain, 
and Taghana were not available; therefore, the aver-
age of the remaining varieties was used. The Tu,heat 
values were only available for Debeira and Imam 
(Iizumi et al. 2021a), and their average was used for 
the remaining varieties. The base and maximum 
temperatures for development were set to be the 
same across the varieties (18 and 32°C, respectively) 
due to the lack of information. The 49-season crop 
model simulations (1971/72 to 2019/20) were per-
formed for the 35 combinations consisting of the 7 
varieties and 5 sowing dates (15 November to 5 De -
cember, with a 5 d interval). The simulated develop-
mental stage, LAI, and plant height for each variety 
and sowing date in the 0.5° grid cells corresponding 
to the locations of the studied regions were used as 
the inputs to the land surface model (Fig. 1). 

2.3.2.  Land surface model 

We used the site-scale land surface model (Maru -
yama & Kuwagata 2010, Maruyama et al. 2017) to 
calculate wheat Tc. Although the model was origi-
nally developed for paddy rice, we applied it to irri-
gated wheat, given that wheat in Sudan is grown 
under fully irrigated conditions. The model solves 2 
energy balance equations at an hourly time step: one 
is between the air and the crop canopy, and the other 
is between the air and the ground, with consideration 
of the water layer and crop growth. The model there-
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fore assumes a saturated ground surface for the crop 
duration. 

Daily mean, maximum, and minimum 2 m air tem-
peratures, specific humidity, solar radiation, and 
wind speed obtained from the reanalysis-based 
product were used as the inputs (Fig. 1). The diurnal 
changes were estimated for each weather variable in 
the land surface model. The daily wheat phenologi-
cal stage, LAI, and canopy height simulated by the 
crop model with irrigated conditions were also used 
as inputs. The maximum bulk stomatal conductance 
was set to change along with the wheat phenological 
stages, as was the case for rice in Maruyama et al. 
(2017). The wheat phenological stages simulated by 
the crop model ranged from 0 at sowing to approxi-
mately 0.6 at heading to 1 at maturity (Iizumi et al. 
2021a), whereas the rice phenological stages origi-
nally used in the land surface model ranged from 0 at 
transplanting to 1 at heading and 2 at maturity 
(Maru yama & Kuwagata 2010). This occurred be -
cause the land surface model at the development 
phase presumes a rice growth model with a different 
model structure to that of the CYGMA model. To 
solve this inconsistency, we scaled the crop model-
simulated phenological stage values to follow the 
definition used in the land surface model (Fig. S3). 
The in consistent starting point in calculating crop 
growth (sowing in the crop model and transplanting 
in the land surface model) was left. However, the 
crop canopy has not yet matured at the beginning of 
the growth stage, and therefore the inconsistency 
does not much influence the difference between Ta 
and simulated Tc. 

The 49-season simulations were performed for each 
variety−sowing date combination. The hourly outputs 
of the land surface model, including Tc, were con-
verted into daily mean, maximum, and minimum val-
ues and then used to calculate the high-temperature 
indicators described in Section 2.4 (Fig. 1). The calcu-
lated daily mean differences between Tc and Ta in 

Wad Medani showed good agreement with the micro -
meteorological observations, with a correlation value 
of 0.582 and root mean squared error of 0.9°C 
(Fig. S4), although the samples were limited to 1 loca-
tion and to 28 d in the latter part of one wheat season. 
The simulated daily mean Tc was slightly overesti-
mated since the reanalysis-based daily mean 2 m Ta 
had a warmer bias. However, any biases in Tc do not 
affect the interpretations of the regression outcomes 
described later because biases in predictors do not 
change the signs of the regression coefficients. 

2.4.  High-temperature indicators 

We explored 6 high-temperature indicators 
(Table 1): (1) average temperature, Tave; (2) average 
daily maximum temperature, Tmax; (3) average daily 
minimum temperature, Tmin; (4) THD; (5) THN; and 
(6) higher-than-optimal hourly temperature accumu-
lation, DD. All of the indicators were calculated with
either the reanalysis-based Ta or the simulated Tc.
Tmax, Tmin, THD, and THN were adopted from
Musa et al. (2021), while Tave and DD were newly
added for the analysis. Tave is the simplest indicator.
DD captures wheat exposure to high temperatures
above the optimal level based on hourly tempera-
tures obtained by fitting a sine curve to Tmax and
Tmin. DD is conceptually the same as the extreme
degree days (EDD) described by Lobell et al. (2012),
with the temperature threshold value being the only
difference: 18°C for this study according to Neitsch et
al. (2005) and 34°C in Lobell et al. (2012). These indi-
cators were calculated for 2 groups of time periods.
One consisted of 5 calendar periods: the individual
months from November to February and the entire
season (NDJF). The other was composed of the 3
phenological periods simulated by the crop model
(Fig. 1): the vegetative growth period (VGP), the
reproductive growth period (RGP), and the whole

90

Abbreviation       Unit         Description 

Tave °C          Average temperature for a certain period 
Tmax °C          Average daily maximum temperature for a certain period 
Tmin °C          Average daily minimum temperature for a certain period 
THD Fraction      Total number of hot days; the number of days with daily maximum temperature >35°C for a certain perioda 
THN Fraction      Total number of hot nights; the number of days with daily minimum temperature >20°C for a certain perioda 
DD °C hours     Higher-than-optimal hourly temperature accumulation for a certain period (optimal temperature = 18°C)b 

aThe threshold temperature value for THD and THN was set to be consistent with Musa et al. (2021) 
bThe optimal temperature value is based on Neitsch et al. (2005)

Table 1. High-temperature indicators explored in this study
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growth period (WGP). The Ta-based indicators cal-
culated for the calendar months and season are 
shown in Fig. S5. The Ta- and Tc-based indicators 
calculated for the phenological periods are presented 
in Figs. S6 & S7, respectively. In the latter case, the 
indicators were calculated by variety and sowing 
date. Their average was used as the predictor in the 
regressions described in Section 2.5 (Fig. 1). The cal-
culated indicators spanned the 49 seasons from 
1971/72 to 2019/20. 

2.5.  Regressions 

We conducted 3 types of regressions (Table 2): 
Type 1, which used Ta-based high-temperature indi-
cators calculated for the calendar months and season 
and the linear specification; Type 2, which used the 
Ta-based indicators calculated for the phenological 
periods with consideration of the linear and nonlin-
ear specifications; and Type 3, which were the same 
as Type 2 but used the Tc-based indicators (Fig. 1). In 
each case, the predictand was the yield anomaly de -
scribed earlier (Fig. 3). The sample sizes were 47, 47, 
and 44 for Dongola, Wad Medani, and New Halfa, 
respectively, regardless of the regression type. Type 
1 was a reproduction of Musa et al. (2021) using the 
updated data and modified yield detrending method 
and served as the baseline. The gains from using 
the phenological periods instead of the calendar 
months and season were assessed through compar-
isons of the Type 1 and Type 2 regressions, whereas 
the gains from using Tc rather than Ta were deter-
mined through comparisons of the Type 2 and Type 3 
regressions. 

The 2 model specifications, linear and nonlinear, 
were compared to evaluate whether the nonlinear 
specification consistently outperformed the linear 
specification in explaining the yield anomaly. The 
linear specification was computationally imple-
mented in R using a general linear model (‘lm’ func-
tion), whereas the nonlinear specification was done 
using a generalized additive model (Hastie & Tib -
shirani 1990) (‘gam’ function). In the latter model, the 
predictand depends on a smooth function of a pre-
dictor derived by fitting a smoothing spline when 
a  single predictor is considered. The smoothing 
parameter (sp) values were automatically deter-
mined in R to balance the model smoothness (the 
model complexity) and model prediction errors ac -
cording to the generalized cross validation (GCV) 
criterion (Wood et al. 2016). The nonlinear specifi-
cation becomes equivalent to the linear specification 
when larger sp values are adopted (Fig. S8). The 
superiority of the nonlinear specification relative 
to  the linear specification was tested in R using 
ANOVA (‘ANOVA’ function). The null hypothesis 
used here was that there is no difference between 
the 2 specifications. If the null hypo thesis was re -
jected at the 5% significance level, it  indicated that 
the nonlinear specification is better than the linear 
specification. Furthermore, we visually checked the 
form of the estimated relationship between the pre-
dictors and predictand to avoid adopting nonlinear 
specifications with high-temperature−yield relation-
ships contradictory to existing knowledge. The exist-
ing knowledge used here indicated a linear rela-
tionship with a negative slope or a convex upward 
quadratic relationship between high temperatures 
and yield reported in the literature (Lobell et al. 2012, 
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Type    Predictors Specifications        Description 
Abbreviationsa Periods 

1            Tave.a, Tmax.a,     Nov, Dec, Linear Reproduction of Musa et al. (2021); serves as the baseline 
Tmin.a, THD.a,      Jan, Feb, 

THN.a, DD.a     whole season  
(NDJF) 

2            Tave.a, Tmax.a,    VGP, RGP, Linear, Comparisons between Type 1 and Type 2 regressions 
Tmin.a, THD.a,         WGP nonlinear            reveal the gains from using the phenological periods  

THN.a, DD.a instead of months and season 

3            Tave.c, Tmax.c,     VGP, RGP, Linear, Comparisons between Type 2 and Type 3 regressions  
Tmin.c, THD.c,          WGP nonlinear            reveal the gains from using Tc instead of Ta 

THN.c, DD.c 

aThe labels ‘.a’ and ‘.c’ refer to the Ta- and Tc-based high-temperature indicators, respectively

Table 2. Summary of regression analyses performed in this study. Ta (Tc): air (canopy)-based indicator; VGP (RGP, WGP):  
vegetative (reproductive, whole) growth period; other abbreviations as in Table 1 
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Asseng et al. 2015, 2017, Tack et al. 2015, Blanc 2020, 
Iizumi et al. 2021a). 

Based on the regression results, we selected pre-
dictors for which the regression coefficients were sig-
nificant at the 5% level and had a negative sign, indi-
cating an adverse effect of high temperature on 
yield. We also calculated the adjusted coefficient of 
determination for the selected predictors as the 
measure of the variance of the yield anomaly ex -
plained by the predictor. The explained variance val-
ues for the selected predictors were presented in the 
form of a heatmap to extract a small number of pre-
dictors with moderate explanatory power that work 
well in multiple regions rather than a single region-
specific indicator with the highest explanatory 
power. We allowed the time periods of the selected 
indicators to vary between the regions due to differ-
ent wheat calendars. 

3. RESULTS

3.1.  Overview 

This section provides an overview of the key re -
sults from the regressions, with a particular focus on 
the linear specification. As elaborated in Sections 3.3 
and 3.4, the re sults from the linear specification 
proved to be more representative. The detailed re -
sults are de scribed in the subsequent subsections. 

In Dongola, comparisons of the Type 1 and Type 2 
regressions revealed that using the timing and 
length of the phenological periods (VGP, in particu-
lar) substantially increased the explanatory power 
compared to using the indicators calculated for the 
calendar months and season (cf. left and right panels 
of Fig. 4). However, the gains from considering the 
phenological periods were not found for the RGP 
(Fig. 4). The comparisons of the Type 2 and Type 3 
regressions showed that the gains from using Tc 
rather than Ta were minimal, if any, for Dongola. In 
Wad Medani, the results were diverse. The use of 
phenological periods and Tc increased the explana-
tory power when RGP was assessed (Fig. 4). How-
ever, the opposite was the case when WGP was eval-
uated; here, the explanatory power decreased with 
the consideration of phenology and Tc (Fig. 4). In 
New Halfa, the use of Tc for RGP consistently in -
creased the explanatory power (cf. central and right 
panels of Fig. 4). 

Tave, Tmax, Tmin, and DD for the key phenologi-
cal periods (VGP in Dongola, WGP in Wad Medani, 
and RGP in New Halfa) were frequently selected to 
capture the adverse effects of high temperature on 
yield regardless of the region (Fig. 4). THD and THN 
were not powerful overall. Further comparisons of 
these selected indicators showed that the identifica-
tion of VGP rather than considering Tc was the key to 
better explaining the yield anomaly for Dongola 
(Fig. 5), where the season average air temperature of 
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Fig. 4. Changes in explanatory power in response to using different wheat phenologies and canopy temperatures in the calcu-
lation of high-temperature indicators for 3 regions. Abbreviations as in Tables 1 & 2. Red-filled symbols denote that the regres-
sion coefficients of the indicators are significantly negative, while open symbols indicate that they are not. The regression co-
efficients were not successfully estimated for the Tc-based VGP THD in Dongola and Wad Medani due to the insufficient  

number of non-zero samples 
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approximately 20°C was much lower than in the 
other 2 regions (Fig. S5). In New Halfa, where the 
season average air temperature (approximately 

28°C) was the highest (Fig. S5), using the 
Tc-based indicators exhibited a clear ad -
vantage over using the Ta-based indi -
cators. No clear benefit from using the 
Tc-based indicators was found for Wad 
Me dani, where the season average air 
temperature was only slightly lower than 
that in New Halfa (about 26°C; Fig. S5). 
The identification of the phenological 
period (WGP) contributed to an increase 
in explanatory power only when Tave and 
Tmin were used; consideration of Tc did not 
increase explanatory power in the region. 

3.2.  Ta-based indicators for the months 
and season 

The Type 1 regression results are sum-
marized in Table 3. The high-temperature 
indicators (predictors) that were com-
monly selected throughout the regions 
were Tave and Tmax, although the se -
lected time periods differed by region: 
February in Dongola, January and NDJF 
in Wad Medani, and January in New 
Halfa (stippled cells in Table 3). The ex -
plained variance was higher for Tmax 
than for Tave and spanned 6.7−7.3% in 
Dongola and 6.7−8.2% in New Halfa, with 
an opposite tendency for Wad Medani 
(10.3−13.8%). Although there were ex -
plained variance values greater than 
those noted above (e.g. 14.2% for NDJF 
Tmin in Wad Medani), we placed more 
emphasis on the indicators with multi-
region applicability. 

3.3.  Ta-based indicators for the  
phenological periods 

The Type 2 regression results are sum-
marized in Table 4. The high-temperature 
indicator with a significantly negative re -
gression coefficient that commonly ap -
peared throughout the regions and specifi-
cations was Tmin. VGP and WGP Tmin 
were se lected in Dongola, while only WGP 
Tmin was se lected in Wad Medani and 

New Halfa. The explained variance values were 
nearly the same for the 2 specifications, with one ex-
ception: a substantial difference between the specifi-

93

0

3

6

9

12

15
D

on
go

la
 T

m
ax

.a
.F

eb
D

on
go

la
 T

av
e.

a.
VG

P
D

on
go

la
 T

m
ax

.a
.V

G
P

D
on

go
la

 T
m

in
.a

.V
G

P
D

on
go

la
 D

D.
a.

VG
P

D
on

go
la

 T
av

e.
c.

VG
P

D
on

go
la

 T
m

ax
.c

.V
G

P
D

on
go

la
 T

m
in

.c
.V

G
P

D
on

go
la

 D
D.

c.
VG

P
W

ad
 M

ed
an

i T
m

ax
.a

.N
D

JF
W

ad
 M

ed
an

i T
av

e.
a.

W
G

P
W

ad
 M

ed
an

i T
m

ax
.a

.W
G

P
W

ad
 M

ed
an

i T
m

in
.a

.W
G

P
W

ad
 M

ed
an

i D
D.

a.
W

G
P

W
ad

 M
ed

an
i T

av
e.

c.
W

G
P

W
ad

 M
ed

an
i T

m
ax

.c
.W

G
P

W
ad

 M
ed

an
i T

m
in

.c
.W

G
P

W
ad

 M
ed

an
i D

D.
c.

W
G

P
N

ew
 H

al
fa

 T
m

ax
.a

.J
an

N
ew

 H
al

fa
 T

av
e.

a.
RG

P
N

ew
 H

al
fa

 T
m

ax
.a

.R
G

P
N

ew
 H

al
fa

 T
m

in
.a

.R
G

P
N

ew
 H

al
fa

 D
D.

a.
RG

P
N

ew
 H

al
fa

 T
av

e.
c.

RG
P

N
ew

 H
al

fa
 T

m
ax

.c
.R

G
P

N
ew

 H
al

fa
 T

m
in

.c
.R

G
P

N
ew

 H
al

fa
 D

D.
c.

RG
P

Ex
pl

ai
ne

d 
va

ria
nc

e 
(%

)

Location, high temperature indicator and period
Fig. 5. Comparisons of the explanatory power between different high-
temperature indicators selected in terms of multi-region applicability.  
Black, blue and green bars indicate Type 1, 2 and 3 regressions, respectively  

(see Table 2). Abbreviations as in Tables 1 & 2

Table 3. Heatmap showing the explanatory power when using the air tem-
perature (Ta)-based high-temperature indicators calculated for the months 
and season, and the linear specification. Colored cells indicate significantly 
negative regression coefficients, while white cells denote that they are not 
significantly negative. More intense colors indicate larger explained vari-
ances. The explained variance values in percent are shown only for col-
ored cells. Stippled cells indicate the indicators that commonly work rela-
tively well throughout the regions (different time periods are accepted).  

Abbreviations as in Tables 1 & 2
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cations was found for WGP Tmin in Dongola (7.4% for 
the linear specification and 16.3% for the nonlinear 
specification). However, the ANOVA results showed 
that the nonlinear specification rarely outperformed 
the linear specification (Table 5). WGP Tmin in Don-
gola was one of the few examples. Nevertheless, vi-
sual assessment suggests that the estimated relation-
ship between WGP Tmin and the yield anomaly in 
Dongola, where the yield decreased with an increase 
in WGP Tmin and be came less sensitive to an 
increase in WGP Tmin once WGP Tmin exceeded 
12°C (Fig. S9), was somewhat contradictory to existing 
knowledge. Therefore, adopting the nonlinear speci-

fication for WGP Tmin in Dongola was not thought to 
be justified. 

3.4.  Tc-based indicators for the  
phenological periods 

In the Type 3 regression, many more in di cators 
were commonly selected throughout the regions and 
specifications than in the other regression types de -
scribed earlier. The selected 11 region-indicator 
cases included VGP Tave, Tmax, and DD in Dongola; 
RGP Tave and DD and WGP Tave and Tmax in Wad 

Medani; and RGP Tave, Tmax, and DD 
and WGP Tave in New Halfa (Table 6). 
Although the ex plained variance values 
were always greater for the nonlinear 
specification than for the linear specifica-
tion (Table 6), the statistical tests showed 
that the sig nificant superiority of the non-
linear speci fication was detected in only 
3  of the 11 region-indicator cases: VGP 
DD and WGP Tave in Dongola and WGP 
Tave in New Halfa (Table 7). However, 
visual checks (Figs. S10−S12) suggested 
a  convex downward quadratic relation-
ship for VGP DD and WGP Tave in Don-
gola (Fig. S10), and a cubic relationship 
was evident for WGP Tave in New Halfa 
(Fig. S12), leading to a rejection of the non-
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Table 4. Same as in Table 3, but using the Ta-based high-temperature indicators calculated for the phenological periods and 2  
specifications (linear and nonlinear)

Table 5. Heatmap showing the superiority of the nonlinear specification 
relative to the linear specification based on the ANOVA results for the air 
temperature (Ta)-based high-temperature indicators calculated for the 
phenological periods. Light green cells indicate the cases in which the  

nonlinear specification was superior
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linear specification due to the inconsistency with 
existing knowledge. The explanatory power of the lin-
ear specification for the selected indicators (11 cases) 
spanned 7.9−10.6% in Dongola, 9.0−10.9% in Wad 
Medani, and 6.6−10.0% in New Halfa (Table 6). 

4. DISCUSSION

There were 2 major differences between our repro-
duction (the Type 1 regressions) and the results of 
Musa et al. (2021). First, Musa et al. (2021) found sig-
nificant negative correlations for November in Don-
gola and New Halfa. This is difficult to interpret, as 
November corresponds to preseason or sowing, and 
high temperatures during that month have no direct 

influence on yield. Second, Musa et al. (2021) found 
few significantly negative correlations for February. 
However, grain filling in Sudan generally occurs in 
February (FAO 2021), and high temperatures during 
that month adversely affect yields. The results re -
ported by Musa et al. (2021), which contradict local 
knowledge, are explained in our reproduction. Sig-
nificant adverse effects from high air temperatures 
on yield were detected for February in Dongola, Jan-
uary to February and NDJF in Wad Medani, and 
mostly January in New Halfa in our reproduction 
(Table 3). Replacing the linear trends used by Musa 
et al. (2021) for detrending yield time series with 
nonlinear trends is likely the reason for the recon-
ciled results. Excluding unreliable yield records from 
the analysis and adding new yield samples also con-

tributed to the discrepancy between Musa 
et al.'s (2021) results and our own. On the 
other hand, the use of different sources of 
air temperature data between studies was 
evidently not the reason for this discrep-
ancy given the close agreement between 
the observations and the reanalysis-based 
product (‘Tx’ and ‘Tn’ in Fig. S2). 

Adding processes into the indicator cal-
culation from the Type 1 to Type 3 regres-
sions contributed to the identification of 
clearer high-temperature effects on yield 
and their key periods. The Tc-based Tave, 
Tmax, and DD demonstrated relatively ro-
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Table 6. Same as in Table 4, but for the canopy temperature (Tc)-based high-temperature indicators

Table 7. Same as Table 5 but for the canopy temperature (Tc)-based high- 
temperature indicators
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bust multi-region ap plicability, although they did not 
necessarily provide the greatest explanatory power 
between the regression types. The frequent selections 
of the Tc-based Tave and Tmax and, to a lesser extent, 
Tmin suggest that all aspects of the season canopy 
temperature contribute to explaining yield reductions. 
This finding leads to the hypothesis that more com-
plete information on wheat exposure to high canopy 
temperatures during a day, and its accumulation for a 
key phenological period, will increase ex planatory 
power as compared to information on specific aspects 
of the season canopy temperature alone (Tave, Tmax, 
and Tmin). However, DD did not al ways outperform 
the other indicators (Table 6). DD is an illustrative 
specification designed to contain more complete sea-
sonal canopy temperature information and does not 
preclude the possibility of other specifications, which 
is a subject worth exploring in future research. 

The explained variance values for the Tc-based in-
dicators are small in absolute terms. Using more ac -
curate Tc data may improve the explanatory power. 
The limited micrometeorological data used in the 
study (Fig. S4) prevented a more complete assessment 
of the crop model and land surface model simulations, 
and future research will be necessary in order to pro-
duce more conclusive results in this regard. In addi-
tion, information on the adoption rates and sowing 
dates of individual varieties, as well as any historical 
changes in their values, if available, will help to simu-
late Tc more precisely, since there is accumulated evi-
dence showing changes in crop pheno logy during the 
last decades due to crop variety changes and climate 
warming (Asseng et al. 2017, Rezaei et al. 2018). 
Lastly, nonclimatic factors, such as year-to-year cur-
rency exchange rate fluctuations (Elbushra et al. 
2010, Elsheikh et al. 2012) and changes in irrigation 
performance over time (Salih et al. 1994, Al Zayed et 
al. 2015), might also cause errors in efforts to explain 
yield anomalies using climate conditions alone. Al 
Zayed et al. (2015) re ported that poor irrigation per-
formance has oc curred in the central region of Sudan 
since the 1993/1994 season. Al though the average 
frequency of irrigation applications in the crop 
model was calibrated to  match the observed fre-
quency (roughly once per 10 d), the re ported decreas-
ing trend in irrigation performance was not considered 
in the an alysis. Given the possibility that ir rigation ef-
ficiency could decline when the production area ex-
pands and, hence, affect yield, irrigation efficiency is 
a matter worth studying in the future. Currently, how-
ever, relevant data are not available. 

Our results indicate that in the relatively cooler 
region (Dongola), high-temperature effects on the 

processes during the VGP (a shortened grain-filling 
period, for instance) are likely a dominant factor in 
yield reduction, while high-temperature effects on 
the processes during the RGP are not. Rapid growth 
under warmer conditions, together with the associ-
ated reduction in the grain-filling period, are a well-
documented process that reduces yield even in the 
absence of heat stress (e.g. Tao et al. 2006, Rezaei et 
al. 2015b). In the relatively hot regions (New Halfa, in 
particular), it is suggested that the high-temperature 
effects on the processes during the RGP, such as a 
decrease in photosynthetic rate, seed number, grain-
filling period, and rate, as well as an increase in main-
tenance respiration and pollen sterility, may be a 
more dominant influence on yield reduction than the 
high-temperature effects on the processes during the 
VGP. The season average air temperature conditions 
during flowering and grain filling in Dongola were 
likely close to the optimal level (21°C; Sánchez et al. 
2014), whereas those in New Halfa were hotter than 
that level (Fig. S7). As a result, the influence of high-
temperature effects during the RGP are more clearly 
highlighted in New Halfa than in Dongola. In Wad 
Medani, high-temperature ef fects on the processes 
during both the RGP and WGP would likely play a 
role and make it more difficult to explain the yield 
anomaly with a single high-temperature indicator. 

Tc-based high-temperature indicators could play a 
role in agrometeorological services aiming to strength -
en the capability of societies to seamlessly manage 
climate risk in crop production systems, from high-
temperature extremes to long-term changes in mean 
temperature. Daily weather and crop calendars are 
the main inputs for calculating canopy temperature 
using models such as those employed in this study. 
Weather data are available for wheat-producing 
regions across the world from various reanalysis-
based data products (Toreti et al. 2019), including the 
one used in this study. Global wheat calendars have 
become increasingly available and have improved 
substantially during the past decade (Kim et al. 2021). 
Improvements in weather and crop calendar data 
products, as well as recent increases in computa-
tional capacity for model simulations, make crop-
specific Tc-based indicators available for national- to 
global-scale appli cations. This can supplement not 
only national agro meteorological services but also 
global agricultural monitoring and forecasting serv-
ices (Fritz et al. 2019, Iizumi et al. 2021b). Information 
on wheat varietal characteristics important to accu-
rately calculate canopy temperature is still lacking, 
but available field experimental data can be used, as 
in this study. 
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5. CONCLUSIONS

Agrometeorological services, including crop moni-
toring and forecasting, constitute a sector-specific cli-
mate service. Given the increasing need for adapta-
tion to climate change in agriculture, we propose 
high-temperature indicators to capture yield reduc-
tions associated with heat stress, using irrigated 
wheat in Sudan as a case study. The benefits of using 
canopy temperature rather than air temperature are 
especially clear in regions where high-temperature 
effects on processes during the reproductive growth 
period are the principal determinant of yield reduc-
tions. Canopy temperature-based high-temperature 
indicators (especially the average canopy tempera-
ture) calculated for region-specific key phenological 
periods show relatively robust multi-region applica-
bility and can therefore be viewed as promising can-
didate indicators. In most cases, no significant differ-
ence in explanatory power was found between the 
linear and nonlinear specifications. However, with yield 
data at the regional scale, as was the case for the yield 
data in this study, the nonlinear specification often 
produced uninterpretable temperature−yield relation-
ships compared to those at the field scale reported in 
the literature. Thus, caution is necessary if the data 
are to be used for national- or global-scale applica-
tions. Given the recent increases in data availability 
and computing power, we en courage the incorpora-
tion of canopy temperature-based high-temperature 
indicators into agrometeorological services. 
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