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Abstract: Irrigated croplands require large annual water inputs and are critical to global food 
production. Actual evapotranspiration (AET) is a main index of water use in croplands, and several 
remote-sensing products have been developed to quantify AET at the global scale. In this study, we 
estimate global trends in actual AET, potential ET (PET), and precipitation rate (PP) utilizing the 
MODIS Evapotranspiration product (2001-2018) within the Google Earth Engine cloud-computing 
environment. We then introduce a new index based on a combination of AET, PET, and PP 
estimates—the evapotranspiration warning index (ETWI)—which we use to evaluate the 
sustainability of observed AET trends. We show that while AET has not considerably changed 
across global natural lands, it has significantly increased across global croplands (+14% +/- 5%). The 
average ETWI for global croplands is -0.40 +/- 0.25, which is largely driven by an extreme trend in 
AET, exceeding both PET and PP trends. Furthermore, the trends in water and energy limited areas 
demonstrate, on a global scale, while AET and PET do not have significant trends in both water and 
energy limited areas, the increasing trend of PP in energy-limited areas is more than water-limited 
areas. Averaging cropland ETWI trends at the country level further revealed nonsustainable trends 
in cropland water consumptions in Thailand, Brazil, and China. These regions were also found to 
experiencing some of the largest increases in net primary production (NPP) and solar-induced 
fluorescence (SIF), suggesting that recent increases in food production may be dependent on 
unsustainable water inputs. Globally, irrigated maize was found to be associated with 
nonsustainable AET trends relative to other crop types. We present an online open access 
application designed to enable near real-time monitoring and improve the understanding of global 
water consumption and availability. 

Keywords: evapotranspiration; trend; croplands; Google Earth Engine; sustainability; MODIS 
evapotranspiration product; energy-limited and water-limited; solar-induced fluorescence (SIF); 
maize water consumption; water stress. 

 

1. Introduction 

Along with the increasing global temperature, evidence from the changes of precipitation [1,2], 
runoff [3,4], and soil moisture [5,6] suggests that the hydrological cycle has been intensified in many 
regions of the world during the past decades. As the only connecting component between water 
balance and energy balance and due to the complex interactions between soil, water, vegetation, and 
atmosphere, actual evapotranspiration is perhaps the most complicated component of the 
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hydrological cycle [7,8]. Global land ET returns about 60% of the annual land precipitation to the 
atmosphere [9].  

Global warming, due to a combination of natural or anthropogenic changes, has raised questions 
about the behavior of AET as the climate warms [10]. At a global scale, Jung, et al. [11] concluded that 
global annual AET increased on average by 7.1 millimeters per year per in the decade from 1982 to 
1997, and then stabilized. Zhang, et al. [12] also used a well-validated diagnostic model to estimate 
the daily AET during 1981–2012. They found that, during this period, ET over land has increased 
significantly, which has been mainly caused by increases in transpiration from vegetation and 
vaporization of intercepted rainfall from vegetation. Furthermore, Anabalón and Sharma [13] 
investigated PET and AET trends of global model datasets over two time periods: from 2003 to 2012 
(short term) and from 1980 to 2012 (multidecadal) and found positive significant PET trends but 
nonsignificant changes over the more recent short-term period. 

AET is important for irrigation scheduling and developing water use efficiency in agricultural 
areas due to the significant relationship between soil water depletion and the evapotranspiration rate 
[14–16]. Therefore, investigating AET in croplands is crucial both at local and global scales. Feng, et 
al. [17] evaluated ET in 34 eddy covariance (EC) sites over the world. They found that the interannual 
ET slightly increased during 1982-2009 across the global cropland ecosystem [17]. Although 
acceleration or intensification of the hydrological cycle with global warming is a long-standing 
paradigm in climate research, a comprehensive focus on the ET trend in global croplands is still 
lacking. 

There are several drought indices based on the ET concept, which has been used for long-term 
ET monitoring [18,19]. Palmer [20] used a two-layer bucket model to explore the monthly water 
supply and demand by accounting for precipitation, AET, runoff, and antecedent soil water status. 
Crop-specific drought index (CSDI), using temperature, precipitation, and ET, provides daily 
estimates of soil water availability for different zones and soil layers [21]. Evapotranspiration deficit 
index (ETDI) using soil moisture and ET considers the water stress ratio in its calculation, and 
provides weekly values which reflect short-term dry conditions [22]. Yao, et al. [23] used the deviation 
of the AET to PET ratio from unity to define the evaporative drought index (EDI). Then, Mu, et al. 
[24] used the ratio of AET to PET in a robust statistical approach as an indicator of terrestrial water 
availability and associated wetness or drought in their drought severity index (DSI). Anderson, et al. 
[25] defined the evaporative stress index (ESI) as an indicator of agricultural drought that describes 
anomalies in the AET/PET ratio, retrieved using remotely sensed inputs of land surface temperature 
(LST) and leaf area index (LAI). While these indices have significant merits in detecting drought in 
different ways, they only provide little information about changes in AET, especially in croplands, 
because they are mainly designed to detect different types of droughts by combing some variables. 
They do not provide robust information to explore the sustainability of AET trends in a specific 
region, which is crucial for proper water resources management. This study tries to focus on AET 
changes on croplands by introducing a new index titled the “evapotranspiration warning index 
(ETWI)”. 

The aim of this study is to investigate global ET trends in croplands and their relationships with 
other variables. In this study, firstly, spatial and temporal trends of AET, PET, and PP in global lands 
are investigated. Next, the trends are explored in natural lands and croplands specifically to 
determine the difference in trends between them. Then, trends in water and energy-limited areas are 
evaluated to explore the sensitivity of trends to water and energy-limited areas. Next, the world 
countries are classified based on their trends in croplands to distinguish sustainable and 
nonsustainable countries in AET trends by introducing the ETWI. Then, the trends in global major 
crops are investigated separately for irrigated and rainfed crops to determine which major crop is 
nonsustainable the most in terms of the global AET trend. Additionally, to explore the relationship 
between sustainability and crop productivity, solar-induced fluorescence (SIF) is compared with the 
ETWI. Finally, using the Google Earth Engine (GEE), an interactive user-friendly online app is 
developed for monitoring of the regional trends in AET, PET, PP, and GPP over the global land. 

2. Materials and Methods 
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2.1. Google Earth Engine 

Due to the global scale of this study, massive data analysis (i.e., about 4TB of input data and 10TB 
of intermediate results) is needed. Here, we used the GEE to minimize data downloading and to 
perform calculations using cloud computing. GEE is a cloudcomputing platform that is designed to 
store and process big datasets (even at a petabyte-scale) for analysis and further decision-making [26]. 

The publicly accessible and user-friendly interface provides a convenient environment for 
interactive data and algorithm development. Additionally, users can import their own data, while using 
Google’s cloud collections to undertake all the processing. The end result is that this now allows 
scientists to mine this huge warehouse of data for many kinds of research in Earth science like never 
before [27]. Due to cloud-processing, users do not need large processing powers of the latest computers 
or the latest software, meaning that resource-poor researchers in the poorest nations of the world have 
the same ability to undertake analysis as those in the most advanced nations [26,27]. 

2.2. Methodology 

Considering the strong seasonal component of 8-day AET and PET and monthly PP products, first, 
all inputs converted to the annual scale from the year 2001 to 2018. By programming in GEE, we were 
able to do all analyses in the maximum resolution of each input, which is an advantage over previous 
studies [13]. The trend analysis for each pixel was done for AET, PET, and PP in 500m, 500m, and 4km, 
respectively, which are the best resolution of the products. For applying trend analysis, the first-order 
linear regression method selected which is the most unbiased method to the data. It should be 
mentioned that some barren lands like the Sahara in North Africa and deserts of Asia are excluded in 
this study because of the MODIS ET product coverage. Additionally, cropland grids in 500-m resolution 
were obtained by frequency analysis over annual croplands data (i.e., only grids identified as cropland 
for at least 4 years between 2001 and 2018 were considered as cropland). Since the agricultural lands 
are often small is size and sparse, especially in arid and semi-arid lands, we performed our analysis at 
the highest possible resolution enabled by the available cropland mask and the computational strength 
offered by GEE. Note that the use of coarse-resolution croplands can lead to significant errors, an 
important point that has not received enough attention in most previous studies on global croplands, 
partly due to the computational cost and unavailability of high-resolution crop masks [12,13,17,28]. 
Using GEE, we were able to perform the entire analysis at 500m, the resolution of the MODIS cropland 
product. 

In this study, we introduce a new index based on a combination of AET, PET, and PP trends to 
determine the sustainability of AET trend, with respect to climate condition in each pixel. This index 
titled the “evapotranspiration warning index (ETWI)” is described in Equation (1). 𝐸𝑇𝑊𝐼 =  14 × ൜൬−2 × 𝑇𝐴𝐸𝑇𝜎ሺ𝑇𝐴𝐸𝑇ሻ൰ + ൬−1 × 𝑇𝑃𝐸𝑇𝜎ሺ𝑇𝑃𝐸𝑇ሻ൰ + ൬+1 × 𝑇𝑃𝑃𝜎ሺ𝑇𝑃𝑃ሻ൰ൠ (1) 

where for pixel 𝑖, 𝐸𝑇𝑊𝐼 is the evapotranspiration warning index, 𝑇𝐴𝐸𝑇 is the slope of the annual 
AET linear regression trend, 𝑇𝑃𝐸𝑇 is the slope of the annual PET linear regression trend, 𝑇𝑃𝑃 is the 
slope of the annual PP linear regression trend, and 𝜎 is the standard deviation. The increasing trend in 
AET is not necessarily an index of nonsustainable water management in a region. 

In the ETWI equation, the terms for water loss (AET and PET) have negative signs, but PP has a 
positive, as it adds water to the system. The trends are divided by their standard deviation to avoid 
inclination of the index to any specific component, because the ranges of the variables are not the same. 
In case the trends are not divided by their standard deviation, the index would mainly follow the PP 
trend, because it has a higher interannual change. This process (standardization) allows us to compare 
the variables on the same scale. The weight of 𝑇𝐴𝐸𝑇 is twice, because the index is developed for AET, 
and it is the only anthropogenic variable in this equation. The AET forcing variables, which are PET 
and PP, should have the same weight after summing up to allow comparing AET and its forcing 
variables. As a result, the more negative value of ETWI means the more nonsustainable AET of 
croplands, which is an index of water use in croplands. In other words, the more negative value of 
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ETWI gives us a warning in trends of water use of that cropland, because the changes in PET and PP 
were not enough to compensate for the increasing trend in AET. 

Further analysis is performed in water and energy limited areas to determine any convergence or 
divergence of trends between these two areas over the entire global land as well as cropland-only 
regions. The concepts of water-limited and energy-limited evaporation have long been used to 
investigate the role of evaporation in the water balance at both hydroclimatologic and agronomic areas 
and time scales [29,30]. The annual average (2001–2018) of the PP over the corresponding annual 
average PET is calculated for each pixel. Assuming that precipitation is the only source of water, areas 
where this ratio is >1.0 are named energy-limited (as AET is limited by energy, not water) and areas 
where the ratio is <1.0 are termed water-limited (AET is limited by water, not energy). 

We will also perform our analysis, separately for each country, and three major crop types (i.e., 
wheat, maize, and rice) of the world to add further perspectives on their sustainability of water use. 
Furthermore, we separate these crops into irrigated and rainfed classes, because they can show different 
responses to environment conditions. 

For connecting the trends to other variables, comparison analysis with other variables is done to 
find out any relationship with other global variable changes. 

Finally, an online public app in GEE will be introduced and made available, which can be used for 
comprehensive trend analysis, including those investigated in this paper (Figure 1). 

 

 
Figure 1. The workflow of the study. AET: actual evapotranspiration, PET: potential ET, and PP: 

precipitation rate. 

3. Datasets 

The datasets used in this study are introduced in Table 1. The moderate resolution imaging 
spectroradiometer ET (MOD16) product [31] has AET and PET products. MOD16 AET product is based 
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on the Penman-Monteith (P-M) equation [32], which includes inputs of daily meteorological reanalysis 
data along with MODIS data products like vegetation, albedo, and land cover. The MODIS PET product 
utilizes Priestley-Taylor (P-T) expression [33]. 

TerraClimate is a high spatial-resolution dataset (1/24°, ~4-km) for global terrestrial surfaces from 
1958–present [34]. TerraClimate uses climatically aided interpolation, combining high-spatial-
resolution climatological normals from the WorldClim dataset, with coarser resolution time-varying 
data from other datasets in order to produce a monthly dataset of precipitation (PP), maximum and 
minimum temperature, wind speed, vapor pressure, and solar radiation [34]. Global coverage, high 
spatial resolution, and availability in GEE are the main factors for selecting this dataset for obtaining 
PP in this study. 

The Terra and Aqua MODIS Land Cover Type (MCD12Q1) Version 6 data product provides global 
land cover types at yearly intervals, derived from six different classification schemes [35]. The 
MCD12Q1 Version 6 data product is based on supervised classifications of MODIS Terra and Aqua 
reflectance data [35]. Then, the supervised classifications undergo additional post-processing that 
incorporates prior knowledge and ancillary information to further refine specific classes [35]. In this 
study, the 500-m cropland class of this product is extracted for cropland analysis. 

MIRCA2000 is a Global data set of monthly irrigated and rainfed crop areas around the year 2000, 
providing irrigated and rainfed crop areas for 26 crop classes [36]. 

GOSIF is a new global ‘”OCO-2” SIF data set with high spatial and temporal resolutions based on 
a data-driven approach [37]. The GOSIF product has reasonable seasonal cycles and captures the similar 
seasonality as the coarse-resolution OCO-2 SIF (1°), directly aggregated from the discrete OCO-2 
soundings, and tower-based GPP [37]. 

The MODIS gross primary production (GPP) product provides an accurate regular measure of the 
growth of the terrestrial vegetation [38]. Production is calculated by first computing a daily net 
photosynthesis value which is then composited over an 8-day interval of observations for a year [38]. 

Table 1. Datasets used in the study and their main characteristics. 

Dataset  
Spatial 

Resolution 
Temporal 

Resolution 
Spatial 

Coverage 
Temporal 
Coverage References 

MODIS AET  500m*500m 8-days 80°N-60°S 
2001-

Present 
Mu, Zhao and 
Running [31] 

MODIS PET  500m*500m 8-days 80°N-60°S 
2001-

Present 
Mu, Zhao and 
Running [31] 

TerraClimate PP  4km*4km Monthly 
Global 
lands 

1958-
Present 

Abatzoglou, 
Dobrowski, Parks 

and Hegewisch [34] 

MODIS landcover  500m*500m Yearly 
Global 
lands 2000-2018 

Friedl and Sulla-
Menashe [35] 

MIRCA2000 (Major 
croplands)  9.2km*9.2km - 

Global 
lands - 

Portmann, Siebert 
and Döll [36] 

 GOSIF Solar Induced 
Fluorescence (SIF) 

 0.05°*0.05° Yearly Global 
lands 

2001-2017 Li and Xiao [37] 

MODIS Gross 
Primary Product  500m*500m Yearly Global 

lands 
2001-

Present 
Running, Mu and 

Zhao [38] 

Palmer Drought 
Severity Index (PDSI) 

 4km*4km Monthly Global 
lands 

1958-
Present 

Abatzoglou, 
Dobrowski, Parks 

and Hegewisch [34] 
MODIS Normalized 
Difference Vegetation 

Index (NDVI) 
 500m*500m 16-days 80°N-60°S 

2001-
Present Didan [39] 

MODIS Enhanced 
Vegetation Index (EVI)  500m*500m 16-days 80°N-60°S 

2001-
Present Didan [39] 
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4. Results and Discussion 

4.1. Global Changes in AET, PET, and PP 

The annual trend of AET, PET, and PP in mm/year are demonstrated in Figure 2. The most 
significant increasing trends in AET are located in central South America, Southern Africa, and 
Eastern Asia (Figure 2a). In contrast, north high latitudes and the amazon rainforest show a 
decreasing trend in AET (Figure 2a), which might be related to decreasing in PP and deforestation, 
respectively. Figure 2b shows a significant (p < 0.05) decrease in PET over wide regions in the tropics 
and Central Asia. On the other hand, an increasing trend in PET is observed over Europe and Central 
America. PP trend shows that PP is increasing in the Amazon rainforest and Southeastern Asia. 
Moreover, the PP trend is negative over Central Africa (Figure 2c), consistent with the monthly trend 
analysis by Anabalón and Sharma [13] using 15 years (2000 to 2014) of PP data and [18] using different 
satellite and reanalysis precipitation products. The AET trends of [12] which are from 1981 to 2012 
show consistent results with this study. 

 

 
Figure 2. The trend of (a) actual ET, (b) potential ET, and (c) precipitation; from 2001 to 2018 
(mm/year). 
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The mean global annual values of AET, PET, and PP demonstrate that there is no significant 
trend in mean global AET, and PET over land between 2001 and 2018 (Figure 3). In contrast, the PP 
has increased to 4.3 mm per year during this time period, which is not significant (p > 0.05) (Figure 
3). The average global mean of AET, PET, and PP are 251, 312, and 756 mm/year, respectively. 

 
Figure 3. Time series of the global annual mean for AET, PET, and PP. 

4.2. Global Changes in AET, PET, and PP for Natural Lands and Croplands 

The changes in AET, PET, and PP for natural lands explored by excluding croplands, urban 
areas, and water bodies from the whole globe. The results are pretty close to global results, because 
natural lands are the most dominant landcover (Figure 4). There is a nonsignificant decreasing trend 
in natural lands’ AET. 

 
Figure 4. Time series of the natural lands global annual mean for AET, PET, and PP. 



Remote Sens. 2020, 12, 1221 8 of 19 

 

We further focused our trend analysis on croplands due to their importance for food production. 
The trends of AET, PET, and PP in croplands were calculated, which is shown in Figure 5.. For 
croplands, the average global mean of AET, PET, and PP are 469, 1598, and 756 mm/year, respectively, 
which are 1.8, 5.1, and 1 times more than that calculated over the entire global lands. While there is 
no significant trend in croplands PET and PP, AET demonstrates a significant increasing trend during 
the 18 years studied here (Figure 5). AET of the global cropland has increased by 3.5 mm/year (i.e., 
~14%), much larger than the AET trend of the natural land. 

 
Figure 5. Time series of the croplands global annual mean for AET, PET, and PP. 

As noted in the methodology section, an increasing trend in AET is not necessarily an index of 
nonsustainable water management in a region, unless it is studied in the context of water balance. A 
combination of AET, PET, and PP can give us better information about water supply and demand. 
Therefore, ETWI was applied to croplands to consider the combined effect of these variables. The 
average value of ETWI for the global croplands is -0.40, suggesting that changes in PET and PP trends 
are not enough to compensate for the large increasing trend in AET. 

While ETWI is not a drought index, a correlation analysis between ETWI and the trend of PDSI, 
VPD, NDVI, and EVI was done to validate the approach of the ETWI. The average spatial correlation 
coefficient between ETWI and PDSI trends between 2001 and 2018 is 0.41. As negative values of both 
ETWI and PDSI relate to harmful effects, the correlation coefficient indicates ETWI is not far from 
PDSI, which is one of the popular agricultural drought indices that includes ET. Furthermore, the 
correlation coefficients between the ETWI index and other variables like VPD, NDVI and EVI, are—
-0.33, -0.47, and -0.52, respectively, which shows while they do not have a strong correlation, they all 
promote more AET. 

4.3. Changes in AET, PET, and PP for Water and Energy-Limited Areas 

The trends were also investigated in water and energy-limited areas. The concept of water-
limited and energy-limited evaporation has long been used to investigate the role of evaporation in 
the water balance at different hydroclimatic and agronomic areas and time scales [29,30]. The water 
and energy limited areas for global and croplands are shown in Figure 6a,b. The water and energy-
limited regions resulted from this study are consistent with previous studies [29,40]. The trends in 
global scale show that, while the AET and PET do not have significant trends in both water and 
energy limited areas, the increasing trend of PP in energy-limited areas is more than water-limited 
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areas (Figure 6c–e). The results in water and energy limited croplands converge together, because 
most of the croplands cannot grow in energy-limited areas (Figure 6f–h). Therefore, mostly they are 
in water-limited areas which have enough energy from the sun. 

 

 
Figure 6. (a) Global energy-limited and water-limited areas in two classes. (b) Energy-limited and 
water-limited croplands in two classes. (c) Global annual AET. (d) Global annual PET. (e) Global 
annual PP.(f) croplands’ annual AET. (g) Croplands’ annual PET. (h) Croplands’ annual PP. 

Dissecting the whole globe in just two classes might not be sufficient to explore their 
characteristics [41]. Therefore, based on [29], we classified the world based on their PP/PET into five 
classes (Figure 7a,b) to compare the results with two classes analysis. The annual averaged of PP/PET 
of class 1-5 are 0-0.5, 0.5-0.75, 0.75-1, 1-1.5, and greater than 1.5, respectively. The timeseries of AET, 
PET, and PP for both global scale and cropland scale, including the slope of each variable trendline, 
are shown in Figure 7c-h. The results show that class 2 and 3 are more nonsustainable in their AET 
trend than others. In other words, the water-limited areas which have PP/PET between 0.5 and 1 
experienced more stress than other regions. Furthermore, in these two classes, croplands experienced 
more serious trends than natural lands. 
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Figure 7. (a) Global energy-limited and water-limited areas in five classes. (b) Energy-limited and 
water-limited croplands in five classes: (c) global annual AET, (d) global annual PET, (e) global annual 
PP, (f) croplands’ annual AET, (g) croplands’ annual PET, (h) croplands’ annual PP. 

4.4. Changes in AET, PET, PP, and ETWI for Countries’ Croplands 

Cropland's water management mainly depends on the internal roles of counties, and also, 
climate change can affect countries croplands differently. Therefore, the trends in croplands and 
ETWI were averaged in each country and compared (Figure 8). Most of the countries except those in 
Southeast Asia and a few others show an increasing AET trend in croplands (Figure 8a); among those, 
Brazil has the largest AET trends. For PET, most African and South American countries show a 
decreasing trend while European countries demonstrate an increasing trend (Figure 8b). India and 
Southeast Asia countries show the largest positive trends in precipitation for their croplands (Figure 
8c). 

By neglecting countries with low agricultural activities, the overstressed countries in the 
nonsustainable trend of AET in croplands are Thailand (ETWI = −1.04), Brazil (ETWI = −0.94), 
Germany (ETWI = −0.79), and China (ETWI = −0.74). On the other hand, Senegal (ETWI = 1.11), Benin 
(ETWI = 0.23), India (ETWI = 0.21), and Pakistan (ETWI = 0.06) show the most sustainable trend in 
AET of croplands. Interestingly, developing countries have better conditions than developed 
countries in terms of the sustainable trend of AET in croplands (Figure 8d). 

One of the main sources of water for nonsustainable croplands is groundwater. Richey, et al. [42] 
characterized global groundwater losses by NASA’s twin GRACE satellites. They classified the 37 
largest aquifers of the world based on their groundwater storage trends from 2003 to 2013 [42]. 
Several overstressed regions shown in Figure 8d are consistent with the overstressed aquifers 
identified by [42]. North China Aquifer System, Congo Basin, Russian Platform Basins, Atlantic and 
Gulf Coastal Plains Aquifer, Californian Central Valley Aquifer System and Paris Basin are 
overstressed aquifers, which also have lower ETWI, which means nonsustainable trend in AET in the 
croplands. Furthermore, most of these basins are overstressed in terms of groundwater depletion in 
Wada, et al. [43]. In other words, nonsustainable use of water in croplands of these aquifers might 
enhance ground water extraction, eventually leading to overstressed aquifers. 
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Figure 8. Country-based trend-analysis of (a) AET, (b) PET, (c) PP, and (d) ETWI. The panels on the 
right side show histograms of annual trends in (e) AET, (f) PET, (g) PP, and (h) ETWI derived from 
the countries included in the analysis. 

4.5. Global Major Crops Changes in AET, PET, PP, and ETWI 

One may expect that trends may not be the same for different crop types. While there is no public 
global high-resolution gridded data for these crops, here we used a 9.2km*9.2km dataset (Table 1) 
and sharpened the map by applying thresholds to retain grids that mostly contain major crops to 
avoid large uncertainties in the results. The global major cropland map is shown in Figure 9a. The 
time series of mean annual values of PP, PET, and AET for these major croplands are demonstrated 
in Figure 9b-d. Based on Figure 9b, rainfed rice lands are mainly located in high-precipitation areas 
with more than 1650-mm annual rainfall, which makes sense due to the high need for water for 
growing rice crops. In contrast, rainfed wheat lands are mostly located in low-precipitation lands 
with annual precipitation of 500mm (Figure 9b). Irrigated wheat has higher PET and lower AET 
among the major crops because the water requirement for this crop is not as much as other major 
crops (Figure 9c,d). Besides, the year 2008 shows a significant low value of both AET and PET in all 
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major crops (Figure 9c,d). Interestingly, irrigated and rainfed rice AETs are pretty close due to the 
high water requirement of rice. However, rainfed maize evaporates more water than rice (Figure 9d). 

For further checking, the mean annual AET value of each major crops compared with annual 
crop water needs reported by Food and Agriculture Organization [44]. Based on [44], the 
approximate annual values of crop water needs of maize, rice, and wheat are 400-800, 450-700, and 
400-650mm, respectively. The mean annual AET showed in Figure 9d is in these ranges for each crop, 
adding more confidence on the reliability of the analysis. 

The AET trends in all major crops are significantly positive. In this case, rainfed and irrigated 
maize show a more increasing trend which is about 6 and 5 mm increase in AET per year respectively 
(Figure 10a). Surprisingly, most of the major crops demonstrate a decrease in their PET at this time 
period. Irrigated wheat has a minimum negative trend value than others (Figure 10a). Additionally, 
most of the major crops except rainfed rice experienced an increasing trend in their precipitation 
(Figure 10a). By combining all these variables in ETWI, irrigated maize experienced the most non-
sustainable trend in AET (Figure 10a). 

 
Figure 9. Time series of annual AET, PET, and PP averaged over major rainfed and irrigated 
croplands. 
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Figure 10. The trend of AET, PET, and PP in global major croplands. 

4.6. Relationship Between SIF and Nons ustainable Use of Water in Croplands 

Solar Induced Fluorescence (SIF) can be used as an index of crop productivity [45]. The question 
is “Whether non-sustainable increase of water use in croplands results in higher productivity or 
not?”. 

The SIF annual trend is shown in Figure 11a. According to Figure 11a, Southeast Asia and 
Europe have experienced an increasing trend in SIF. In contrast, SIF in some parts of Central Asia, 
southwest US and South Africa have decreased during 2001 and 2017. 

Correlation analysis shows that in croplands, the AET trend does not necessarily follow the PET 
trend (Figure 11b, R=-0.24). In other words, irrigation planning has likely done with little or no 
consideration for changes in climate. 

As expected, trends of SIF trend and AET show high correlation in croplands (Figure 11c, 
R=0.43). 

Interestingly, ETWI, which is an index of sustainability in water use in croplands, does not have 
a significant relationship with SIF trend (Figure 11d, R=-0.25). According to this result, we can 
somehow conclude that a nonsustainable increasing trend in AET in croplands may not increase crop 
productivity in the long term. In other words, increasing water consumption in long-term without 
considering the climate, does not necessarily increase the crop yield. 
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Figure 11. (a) SIF global trend from 2001-2017 in w/(m2.year); Relationship between (b) AET trend 
and PET trend, (c) AET trend and SIF trend, and (d) ETWI and SIF trend (Note that the points are 
sample of variables in croplands but R-value covers all data). 

4.7. Interactive Application for Monitoring the Annual Values and Trends of AET, PET, and PP Using 
Google Earth Engine 

While monitoring of ET and its related variables are crucial for both decision-makers and 
scientists, there is not any specific online application for it. In this study which has entirely done by 
Google Earth Engine, we developed a user-friendly evapotranspiration Trend monitoring (ETM) 
application that enables users to produce annual AET map for any user-selected year. Furthermore, 
users can obtain annual trends for AET, PET, PP, and GPP trends, as well as monthly PP trend for 
any user-selected grid. Furthermore, the app can be used to produce animations (e.g., eight-day 
changes of AET in Australia in 2018 are animated in the bottom left of the app). 

The user interface of the ETM app is shown in Figure 12a. Users can search for a location at the 
top of the app in any language (Figure 12b). The user is also able to select a year to display its annual 
actual ET map (Figure 12c). By selecting any point on the map, the charts for the selected pixel will 
appear in the left panel. Users can also save any chart for the selected pixel in CSV, SVG, and PNG 
format (Figure 12d). 

The application is publicly available through the following link: 
https://javadian.users.earthengine.app/view/evapotranspiration-trend-monitoring-v02 
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Figure 12. (a) Evapotranspiration trend monitoring application user the interface; (b) selecting a 
location; (c) selecting a date for the ET map on date slider; (d) downloading annual AET, PET, PP and 
GPP and monthly PP data for a selected grid. 

5. Conclusions 

In this study, global trends in actual ET (AET), potential ET (PET), and precipitation (PP) were 
estimated within the Goggle Earth Engine cloud computing environment enabling calculation using 
about 10 TB of data without downloading. Most of the analysis was done in 500-m resolution from 
2001 to 2018. The results demonstrate that, while AET has a nonsignificant decreasing trend over 
natural lands, and it has significantly increased in croplands (+14% +/- 5%). 

Additionally, we introduce a new index based on a combination of AET, PET, and PP trends 
aimed at indicating the sustainability of the AET trend, termed the “evapotranspiration warning 
index (ETWI)”. The introduced index (ETWI) can distinguish between the sustainable and 
nonsustainable increasing trend of AET. High negative ETWI means the increasing trend in AET is 
more than PP and PET trend. Therefore, it does not necessarily mean high AET in croplands. The 
ETWI is not designed for investigating the sustainability in irrigation. It has been introduced for 
exploring the sustainability of the AET trend in water balance. The region that experienced an 
increase in AET due to any reason could lead to stress in the water balance of that region, because 
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the outputs from that region would be more than the input of it. Despite that, ETWI can still give us 
some information about irrigation plans in general. The average ETWI for global croplands is -0.40 
(+/- 0.25), which shows an extreme trend in AET which overwhelmed both PET and PP. The results 
demonstrated that “ETWI < -0.5” is very nonsustainable. In contrast, “ETWI > +0.5” is very sustainable 
in terms of the AET trend. 

Furthermore, the AET, PET, and PP trends in water and energy-limited areas were demonstrated 
at a global scale. While AET and PET do not have significant trends in both water and energy-limited 
areas, the increasing trend of PP in energy-limited areas is more than water-limited areas. The higher 
trend of PP in energy-limited areas show that the available water in water-limited areas is decreasing 
in comparison to energy-limited areas. Furthermore, defining more classes for water and energy 
limited areas demonstrated that PP/PET between 0.5 and 1 experienced more stress than other 
regions. Stated differently, semi-arid regions are more in-danger than arid regions in terms of 
sustainable trend of AET. 

Since the cropland's water management mainly depends on the internal roles of counties, the 
trends in croplands and ETWI were averaged in each country to classify them. The most overstressed 
countries in the nonsustainable trend of AET in croplands were Thailand, Brazil, and Germany, and 
China. These regions are also experiencing some of the largest increases in NPP and SIF, implying 
that recent increases in food production may not be sustainable. In contrast, Senegal, Benin, India, 
and Pakistan demonstrate sustainable trend in AET. It does not mean that these countries are overall 
sustainable countries in their agriculture; It only means that their AET trends were less than their PP 
and PET trends in their croplands which means they likely considered climate in their agricultural 
system by adjusting the output (AET) based on input (PP). Additionally, these countries have 
significant increasing trends in their PP, which is more important in rainfed agriculture lands, the 
dominant cropland in these countries. 

The trends were calculated for three major croplands of the world, which are maize, wheat, and 
rice in both irrigated and rainfed agriculture. In terms of AET, rainfed and irrigated maize show a 
more increasing trend, which is about 6 and 5 mm, increase in AET per year, respectively. 
Interestingly, most of the major crops demonstrate a decrease in their PET during this time period. 
Irrigated wheat has the most significant negative trend in PET value than others. Additionally, most 
of the major crops except rainfed rice experienced an increasing trend in their precipitation. By 
combining all these variables in ETWI, irrigated maize experienced the most nonsustainable trend in 
AET (Figure 8b). 

The solar-induced fluorescence (SIF) annual trend analysis demonstrates that a nonsustainable 
increasing trend in AET in croplands cannot increase crop productivity in the long-term. In other 
words, overirrigation even from groundwater or other sources without considering climate change 
may not increase crop yield in the long-term due to imbalance between demand and supply. 

In this study we also designed a user-friendly interactive application in Google Earth Engine 
that provides an annual AET map for user-selected year. Additionally, it provides annual AET trend, 
annual PET trend, annual PP trend, monthly PP trend, and annual GPP trend for user-selected pixels. 

In a warming climate, arid and semi-arid regions are going through significant changes due to 
the combination of natural responses and anthropogenic activities (e.g., surface and groundwater 
extraction for agriculture, etc.). This heightens the need for more accurate measurements of regional 
water and energy cycle components for the planning, prediction, and mitigation of negative social 
and environmental aspects of such changes. ET has remained one of the mostly poor measured 
components of water and the energy cycle in most regions of the world. Furthermore, diurnal cycle 
of ET in croplands is the other important information for scientists that has been missed by most of 
the satellite ET products. It is hoped that the new generation of instruments (e.g., ECOSTRESS [46], 
among others) can provide a more reliable estimate of ET regionally and globally, which is more 
accurate for ET trend analysis in the future. 
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