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ABSTRACT: 

 

It remains unclear how the selection of a spatial domain affects the accuracy of evapotranspiration (ET) estimates from contextual 

remote sensing based surface energy balance (SEB) models, particularly at large spatial scales. We thus tested the effect of spatial 

domain on four widely implemented contextual remote sensing based SEB models: Surface Energy Balance Algorithm for Land 

(SEBAL), Mapping ET with Internalized Calibration (METRIC), Simplified Surface Energy Balance Index (S-SEBI), and 

Triangular ET models. We applied these models on 44 near cloud-free Moderate Resolution Imaging Spectroradiometer (MODIS) 

thermal images across all of India from 2004 to 2006. Four spatial domains were considered: all of India, agro-ecological regions, 

300 km × 300 km grids, and 600 km × 600 km grids and we compared hourly ET estimates from the models against observed ET 

data at four Bowen Ratio sites in India. Model performance varied across all models and spatial domains. ET values of neighboring 

pixels across spatial domains formed sharp edges along the boundaries of agro-ecological regions, 300 km × 300 km grids, and 600 

km × 600 km grids suggesting that all ET models are highly sensitive to the selection of spatial domain. No single spatial domain 

was found to be optimal for all models and hence potential uncertainties associated with the selection of spatial domain should be 

taken into consideration when implementing these models at regional scales. The results from this study provide guidance for future 

regional-scale implementation of ET models and potential approaches to overcome these challenges.  
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1. INTRODUCTION 

Thermal remote sensing-based surface energy balance (SEB) 

models are widely used to map evapotranspiration (ET) from 

local to regional scales (Liou and Kar, 2014; Kalma et al., 

2008). These models use remotely sensed land surface 

temperature (LST) or radiometric surface temperature (TR) to 

derive ET (or latent heat flux, LE) either as a residual of the 

SEB or through partitioning of the net available energy () (i.e., 

net radiation, RN – soil heat flux, G) into sensible heat flux (H) 

and latent heat flux (LE).  In the context of India, where in-situ 

weather and ET validation datasets are not readily available, 

only limited attempts have been made to generate remotely 

sensed ET maps at regional scales (Mallick et al., 2009; Eswar 

et al., 2013). Instead, the focus has been on the application of 

contextual remote sensing based SEB models at relatively small 

spatial scales (Eswar et al., 2017a; Eswar et al., 2017b). The 

contextual remote sensing based SEB models are those that use 

thermal, vegetation, or both thermal and vegetation information 

from neighboring pixels within an image (Chirouze et al., 2014) 

to estimate dry and wet extremes and calculate ET for all pixels 

within these two extremes. Examples include relatively simple 

models, such as S-SEBI (Roerink et al., 2000) and the 

Triangular method (Jiang and Islam, 1999) to moderately 

complex but widely used models, such as SEBAL (Bastiaanssen 

et al., 1998) and METRIC (Allen et al., 2007). The first two 

SEB models do not require detailed vegetation (crop height) 

and weather (e.g. wind speed) information and are widely used 

in India (Kundu et al., 2018; Danodia et al., 2017; Eswar et al., 

2017a). Only limited studies (Bala et al., 2016)  have applied 

SEBAL or METRIC models in India, potentially due to the 

complexities associated with the manual selection of anchor 

pixels (“hot” and “cold” pixels) in these models and the need 

for hourly scale weather data. Recently developed automated 

tools for anchor pixel selection in SEBAL and METRIC models 

(Bhattarai et al., 2017a; Allen et al., 2013) and the availability 

of global scale weather forcing data (Rodell et al., 2004; Gelaro 

et al., 2017) have provided the means for wide-spread 

implementation of these models at large scales. 

 

Previous studies (Tang et al., 2013; Long et al., 2011) have 

suggested that the contextual remote sensing based SEB models 

are sensitive to the selection of spatial domain. This is because 

the selection of spatial domain influences which anchor pixels 

are selected; “hot” and “cold” pixels within a small region (e.g., 

district) will be different than those selected for a larger region 

(e.g., state, agro-ecological zone). For example, the SEBAL 

model produces significantly different ET maps with a different 

set of anchor pixels when implemented at two different spatial 

domains (Tang et al., 2013). Similarly, different LST-albedo 

relationships (used for S-SEBI) or LST-NDVI relationships 

(used for the Triangular model) may result from the selection of 

different spatial domains, and these differences would likely 

affect final ET estimates. However, previous studies that have 

applied contextual remote sensing based SEB models in India 

have given little attention to the potential uncertainties 

associated with the selection of spatial domain. This is partly 

because there is no physical basis for the selection of a proper 
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spatial domain to implement these models. In this study, we 

explore the potential uncertainties associated with the 

application of four contextual remote sensing based SEB 

models in India using four different spatial domains for 

analysis.    

 

2. STUDY AREA AND DATA 

2.1 STUDY AREA  

We focus on India because of the significance of agriculture and 

crop water management to the country. In addition, SEB models 

have not been evaluated in India to the extent that they have 

been evaluated in other parts of the world (Bastiaanssen et al., 

2005; Bhattarai et al., 2016). Figure 1 shows the four sites for 

which we have on-the-ground validation data overlaid on the 

four different spatial domains used in this study: all of India, 

agro-ecological regions of India, 300 km × 300 km grids, and 

600 km × 600 km grids. 

 
 

 

Figure 1. Four spatial domains considered for the 

implementation of METRIC, SEBAL, S-SEBI, and Triangular 

ET models in India. The agro-ecological region map was 

prepared by the National Bureau of Soil Survey & Land Use 

Planning, India 

 

2.2 DATA  

As inputs into the models, we used daytime LST and emissivity 

products (1 km) from Terra MODIS (MOD11A1) (Wan et al., 

2015) and surface reflectance MODIS (MOD09GA) (Vermote, 

2015). Meteorological forcing data were obtained from NASA 

Merra-2 reanalysis products (Gelaro et al., 2017). Daytime (near 

Terra MODIS overpass time) Bowen ratio energy balance 

(BREB) ET data (Mallick et al., 2009) for 44 near cloud-free 

days (February 2004 to May 2006) from four sites were used to 

evaluate SEB models.  

 

3. METHODS 

3.1 SEB models 

In this study, we considered four widely used contextual remote 

sensing based SEB models: SEBAL, METRIC, S-SEBI, and the 

Triangular ET model. To calculate ET, all models use some 

form of “hot” and “cold” pixel or “dry” and “wet” edge 

selection based on information from all pixels within an image. 

For example, SEBAL and METRIC models use manually or 

automatically selected hot and cold pixels to iteratively solve 

equations for H and estimate ET as a residual of the SEB. The 

S-SEBI model uses the LST-albedo trapezoid space to directly 

derive evaporative fraction (LE/) and ET from hypothetical hot 

and cold edges. The Triangular ET model uses a modified form 

of Priestley and Taylor’s (PT) equation (Priestley and Taylor, 

1972) and the LST-NDVI triangular space (Jiang and Islam, 

1999) to derive ET. For more detailed descriptions of these 

three models, readers are referred to model development (Allen 

et al., 2007; Bastiaanssen et al., 1998; Roerink et al., 2000; 

Jiang and Islam, 1999) and application papers (Bhattarai et al., 

2016; Bhattarai et al., 2017b; Singh and Senay, 2015; Batra et 

al., 2006). 

 

3.2 SEB model implementation 

All 19 tiles of MODIS data covering India were mosaicked and 

SEB models were implemented at four different spatial domains 

(Figure 1): 1) all India, 2) agro-ecological regions, 3) 300 km × 

300 km grids, and 4) 600 km × 600 km grids. For 2-4, models 

were implemented on each subset (ecoregion or grid) 

independently by considering pixels only within that subset. 

Meteorological forcing required for the SEB models were 

provided by NASA Merra-2 reanalysis data (Gelaro et al., 

2017). Anchor pixel selection in the SEBAL and METRIC 

models were adapted from Bhattarai et al. (2017a). All models 

were implemented in an automated way to reduce biases 

associated with user subjectivity.  

 

3.3 Sensitivity testing and model evaluation 

Near image time ET fluxes (units in W m-2) from the four 

Bowen Ratio sites were used to evaluate four SEB models. 

Common model evaluation metrics such as root mean squared 

error (RMSE), coefficient of determination (R2), percent bias 

error (PBias), and mean absolute error (MAE) were used in 

model evaluation. ET maps from the four SEB models under 

different spatial domains were visually inspected to detect any 

edge effects (i.e. sharp changes in ET values across the 

boundary of the agro-ecological regions, 300 x 300 km2 grids, 

and 600 x 600 km2 grids). We show ET maps for March 12, 

2005 (2005-071) as a representative image to visually inspect 

the spatial distribution of ET produced from the SEB models 

using four different spatial domains. The sensitivity of models 

to which spatial domain is used is evaluated both using model 

evaluation metrics and visual inspection of neighboring ET 

values across spatial domains. 

 

4. RESULTS AND DISCUSSION 

4.1 Performance of ET models under four different spatial 

domains 

Model evaluation statistics varied across all models and across 

all spatial domains (Figure 2). For example, the performance of 

SEBAL was relatively good when the model was implemented 

at the all India scale, while METRIC yielded relatively poor 

results under the same spatial domain. The Triangular and S-

SEBI models performed better when the models were 

implemented at smaller scales (i.e. agro-ecological region and 

300 km × 300 km grid). Notably, R2 values from these models 

were relatively low at the all India scale (0.14-0.19). However, 
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RMSE, MAE, and PBias from the S-SEBI model implemented 

at the all India scale were relatively low (94 W m-2) compared 

to those when the model was implemented at 300 km × 300 km 

and 600 km × 600 km grids (102 – 108 W m-2). While 

SEBAL’s performance was better than other models in most 

cases, its performance varied widely with R2 ranging from 0.27 

to 0.57 and RMSE ranging from 69 to 89 W m-2.  

Model evaluation metrics were never simultaneously the best 

(i.e. high R2 and low RMSE, MAE, and close to 0 PBias) for 

one SEB model under one spatial domain. For example, the R2 

value from METRIC was highest (0.434) when implemented 

using the 300 km × 300 km spatial domain; however, the RMSE 

value (97 W m-2) was lowest when using the agro-ecological 

region as the spatial domain.  

 

 

Figure 2. Model evaluation metrics of the four contextual based 

SEB models using the four spatial domains.  

 

4.2 Spatial distribution of ET under four different spatial 

domains 

ET maps from the four contextual SEB models showed different 

spatial patterns across the four spatial domains (Figure 3). In all 

cases, ET values from pixels within the Indo Gangetic Plains 

(IGP) were found to be consistent across models and were 

relatively high compared to ET values from other regions, 

which could be due to winter crop intensification and the high 

amounts of irrigation in this region. ET typically increases 

under irrigated crop conditions as a result of increased 

transpiration, crop growth, and crop productivity. METRIC was 

found to be more sensitive to the spatial domain selected 

compared to other models, as METRIC treats “hot” and “cold” 

pixels differently than other models. Specifically, METRIC 

considers residual H values for the “cold” pixel (not 0 as in case 

of other models) based on reference ET (Allen et al., 1998) and, 

in some cases, LE values for the “hot” pixel are not considered 

to be zero (residual precipitation). Such considerations will lead 

to different H and LE values for extreme pixels that are used to 

scale H and LE values for all other pixels within an image 

(Wagle et al., 2017).  In some instances, there were not enough 

suitable pixels available to run the ET models (i.e. there were 

no valid “hot” and “cold” pixels in the SEBAL and METRIC 

models, there were not enough pixels to construct an LST-

albedo trapezoid space in S-SEBI or LST-NDVI triangular 

space in the Triangular ET model).  

 

The boundary of the spatial domain was clearly visible 

(especially with the 300 km × 300 and 600 km × 600 grids), as 

ET values were significantly different at the edges of spatial 

domains despite being geographically close and having similar 

land cover type, LST values, and NDVI values. This is largely 

due to different LST values being selected for “hot” and “cold” 

pixels, and different LST-albedo and LST-NDVI trapezoid 

spaces being created across neighboring domains. 

 

The spatial distribution of ET from the all India and agro-

ecological zone spatial domains appeared to be similar across 

all models. However, a zoomed-in view of Eastern India (e.g., 

covering the borders of Bihar, West Bengal, and Jharkhand) 

showed that sharp edges were still persistent across agro-

ecological zones (Figure 4). These seams were similarly 

apparent across the majority of neighboring agro-ecological 

regions across all models. Therefore it appears that all four SEB 

models are sensitive to the selection of the spatial domain. 

 

 

Figure 3. ET maps for March 12, 2005 from the four contextual 

based SEB models using the four spatial domains.  

 

CONCLUSION  

In this study, we reported potential uncertainties associated with 

the selection of spatial domain used to implement four widely 

used contextual ET models in India. Performance of the models 

varied widely and no single spatial domain yielded the best 

results for all models. The models when implemented at four 

different spatial domains produced distinctive ET maps, 

especially at the edges of the spatial domains (e.g. agro-

ecological region, 300 km × 300 km grid, and 600 km × 600 km 

grid). Hence, all the models were found to be sensitive to spatial 

domain considerations. Overall, SEBAL appears to be the most 

accurate contextual remote sensing based ET model among the 

four models considered in this study. SEBAL had the highest R2 

and lowest RMSE values when using the All-India, 600 km x 

600 km grids, and 300 km x 300 km spatial domains. In 

particular, if a seamless ET map (with no edge effects) is 
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desired, SEBAL at the all India scale produces the most 

accurate results. The Triangular ET model outperformed 

SEBAL when using agro-ecological region as the spatial 

domain. We also found that METRIC should be applied with 

caution at regional scales, as the model was found to be highly 

sensitive to which spatial domain was used for analysis. Future 

ET modelling studies in India using contextual remote sensing 

based SEB models should take these uncertainties into 

consideration, especially if an ET map at large spatial scales, 

such as all of India, is required. Future work will explore ways 

to reduce the impact of spatial domain selection, including 

developing a multi-model mean ensemble modeling framework. 

 

 

Figure 4. A zoomed-in view of ET maps for Eastern India for 

March 12, 2005 using all India and agro-ecological region as 

the spatial domains for the implementation of four contextual 

remote sensing based SEB models.  
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