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Abstract 

To better simulate terrestrial energy and water processes, great efforts have been 

made to improve the representation of spatial heterogeneity in land surface models. 

HydroBlocks, a field-scale resolving land surface model, was developed to address this 

challenge while minimizing increases in computational demands by employs a new 

tiling framework – the hierarchical multivariate clustering (HMC) approach. The HMC 

is used to cluster grid cells with similar surface characteristics into hydrologic response 

units (HRUs, i.e., sub-grid tiles) using high-resolution data. HRUs model land surface 

processes separately and HRUs are connected through subsurface flow. Hence, the HRU 

configuration plays a critical role in the model performance. Furthermore, since the 

outputs for each HRU can be mapped in space, it is possible to explicitly calibrate the 

model at tile level based on satellite-derived data. To investigate the advantages that 

satellite observations can have to tune HydroBlocks, the model was set up to run from 

2013 to 2019 at the 30-meter spatial resolution and hourly temporal resolution over the 

Atmospheric Radiation Measurement (ARM) Southern Great Plains (SGP), U.S. This 

study demonstrated that HydroBlocks benefits from considering the temporal mean and 

standard deviation map of Landsat LST when generating HRUs. The effects of inputting 

the albedo, emissivity, and leaf area index derived directly from MODIS into the model 

were also explored. Finally, six soil and vegetation parameters in HydroBlocks were 
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calibrated by maximizing the linear correlation coefficient of the time-series of simulated 

LST and observed MODIS LST at each HRU. The regional-level and site-level evaluation 

indicate the effectiveness of the calibration approach. 
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1. Introduction  

1.1 Background and Motivation    

Terrestrial energy and water fluxes play a pivotal role in the Earth’s climate 

system. Monitoring, simulation, and prediction of land surface components and 

processes are important for water resources management, food production, as well as 

weather forecasts and warnings (Seneviratne et al., 2006). One key source of uncertainty 

in hydrologic prediction remains the parameterization of spatial heterogeneity. Spatial 

heterogeneity impacts and is impacted by surface features at different spatial scales (e.g., 

the overlying atmosphere, the surface roughness, the type and density of vegetation 

cover, and the soil physical properties). It has profound influences on the water and 

energy cycles over the land surface (Bierkens et al., 2015; Brunsell et al., 2011; Clark et 

al., 2015; Friedl, 2002; Mahrt, 2000; Richardson et al., 2013). As a result, there have been 

concerted efforts to improve its representation in Earth system models (ESMs) since the 

1980s. 

Over the past decades, great efforts have been made to account for sub-grid land 

surface heterogeneity in large-scale models via parameterizations (Avissar & Pielke, 

1989; Koster & Suarez, 1992; Liang et al., 1994; Franks & Beven, 1997; Peters-Lidard et al., 

1998). There have been many attempts, including “mosaic” approaches and “effective 

parameter” approaches (Rouholahnejad Freund et al., 2020). These approaches, 
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however, are typically not able to capture fine-scale land surface processes (e.g., runoff 

generation, and hillslope effect on infiltration and drainage) or fully represent the water 

and energy transfers between the atmosphere and surface due to the too coarse spatial 

resolution ranging from 10 to 100 km (Singh et al., 2015). For example, Aminzadeh & Or 

(2017) found that to better estimate the evapotranspiration over the heterogeneous area 

covered by bare soil and vegetation patches, the heterogeneity length scale should not 

exceed the thickness of convective planetary boundary layer. Singh et al. (2015) reported 

that with the same 1 km soil and topographic information, running the National Center 

for Atmospheric Research Community Land Model (CLM v4.0) at finer-resolution (from 

100 to 25 to 1 km) over the Southwestern U.S. leads to significant improvements in the 

simulation of soil moisture, sensible heat, and snow water equivalent as well. 

To address this weakness, land surface models (LSMs) with finer resolution are 

required. The fact that higher-resolution modeling contributes to a more realistic 

simulation of the terrestrial surface has already been demonstrated (Kollet & Maxwell, 

2008; Maxwell, 2010; Singh et al., 2015; Wood et al., 2011). Consequently, with the 

development of computational power and the availability of high-resolution forcing 

data, more and more hyper-resolution (i.e., 1 km or finer) LSMs (Wood et al., 2011) have 

been performed at regional scales. When it comes to catchment scales, even higher 

resolutions have been applied (Kumar et al., 2006). Of course, it would be perfect if we 
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can model the land surface with every meter-scale grid cell over the globe. 

Unfortunately, it remains impossible in the near future due to the excessive 

computational demands (i.e., CPU time and storage requirements) (Bierkens et al., 2015; 

Kollet et al., 2010), the epistemic uncertainty (Beven & Cloke, 2012), and the lack of 

global data with such high resolution. However, improving the surface heterogeneity in 

land surface models can effectively reduce the computational demands. As a result, 

there is renewed effort focusing on better representing spatial heterogeneity in high-

resolution Earth system models (Chaney et al., 2020; Clark et al., 2015; Newman et al., 

2014). 

Calibration is another problem in land surface modeling. It is worthwhile to note 

that calibration is necessary for LSMs to accurately replicate critical land surface 

processes (Beven, 1993; Troy et al., 2008). Currently, land surface models rely heavily on 

a lengthy list of physically conceptualized parameters that are globally applicable or 

associated with the environment, such as land cover and soil classifications. The 

predefined parameter values, however, are often inappropriate for the climatic 

conditions of the study area or not measured at the applied modeling scales, and thus 

the physical meaning is lost (Hou et al., 2015; Rosero et al., 2010; Santanello et al., 2013). 

Hence, attempts have been made to calibrate these parameters that are full of 

uncertainties.  
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In the past, calibration of land surface models was conducted solely based on in 

situ measurements such as flux towers, soil moisture probes, or stream gauges. In this 

case, the model could work accurately after calibration at point scale while the model 

performance over the region remains unknown. For instance, when modeling the 

watersheds, flow is usually calibrated based on one monitoring site at the watershed 

outlet. However, many arid and semi-arid watersheds are not continuous in most cases. 

The outlet’s flow characteristics, therefore, do not represent the entire watershed though 

the simulation might be appealing (Niraula et al., 2012). In addition, measurements from 

eddy-covariance flux towers normally represent an area of 100 m2 to 1 km2  varying with 

the weather condition and surface features; soil moisture has even lower spatial 

correlation and in situ probes may only represent a support volume of about 4 dm3 

according to some researches (Blöschl & Sivapalan, 1995; Iwema et al., 2017; Kurc & 

Small, 2007). Thus, neither can reflect the overall performance, especially over the 

heterogeneous surface. Aimed at ameliorating the issue, calibration methods using flux 

towers or stream gauges at multiple locations were proposed (Niraula et al., 2012; 

Williams et al., 2009). Meanwhile, multi-objective calibration is employed to fully 

evaluate and calibrate the land surface models since they generate a variety of outputs 

(McCabe et al., 2005). Nevertheless, the critical terrestrial states and fluxes such as 

sensible heat flux, evapotranspiration, and soil moisture still cannot be fully represented 
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because they have significant spatial heterogeneities at fine scales which by insufficient 

coverage of in situ networks can barely capture. Hence, the limitation of the calibration 

approaches makes it attractive to calibrate the model with spatially distributed 

observations. 

The advancement in satellite remote sensing has offered the community a unique 

opportunity to evaluate and calibrate land surface models in a spatially explicit way 

using large-scale monitoring of surface temperature, soil moisture, and 

evapotranspiration, even though some uncertainties should be addressed (Liu et al., 

2011; Wagner et al., 2012). Actually, the idea of using satellite-derived data to evaluate 

and calibrate the models is not new. Research into calibration against remote sensing 

data has been ongoing for years (Prata et al., 1995). For example, Kunnath Poovakka et 

al. (2013) used microwave soil moisture retrievals and satellite-derived 

evapotranspiration to calibrate the parameters of the Australian Water Resources 

Assessment Landscape model (~ 5 km × 5 km), leading to better predictions of 

evapotranspiration and runoff. Corbari et al. (2015) reported that the calibration based 

on MODIS LST retrieved from satellite data outperformed the calibration based on 

discharge. Among the available data, satellite images of land surface temperature have 

received particular attention as LST is measured more directly than evapotranspiration, 

and LST is a critical variable of the Earth’s surface. LST drives the outgoing longwave 
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radiation and exerts control over the partitioning of sensible heat flux and latent heat 

flux (Hulley et al., 2019; Wang et al., 2014). Sensible heat is the heat that warms or cools 

the air in contact with the surface, while latent heat accounts for the heat that water 

vapor evaporates from or condenses onto the land (Shuttleworth, 2012). The sensible 

and latent heat fluxes, part of the energy cycle, also have a profound effect in 

determining the hydrological cycle, boundary layer, weather, and climate (Wilson et al., 

2002). LST is therefore of fundamental importance in the simulation of energy and water 

budgets. At the same time, LST itself is widely studied due to its versatility. For 

example, LST is a strong indicator for climate change (Yan et al., 2020), an important 

variable for the retrieval of air temperature and soil moisture (Oyler et al., 2016; Yao et 

al., 2011), and a factor in predicting agriculture (Marques da Silva et al., 2015; Son et al., 

2012).  

In recent years, satellite LST data have been widely used to calibrate and validate 

model parameters. Some spaceborne instruments used to measure high-resolution 

surface temperatures on a global scale are summarized in Table 1. Dozens of LST 

products with different levels have been generated using diverse approaches. Thanks to 

the daily temporal resolution, MODIS LST data (~ 1 km × 1 km) is widely used. For 

example, Gutmann and Small (2010) calibrated the NOAH LSM with MODIS LST; 

Corbari and Mancini (2014) used it to calibrate the soil and vegetation parameters of the 
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pixel lack of in situ measurements of discharge. Samaniego et al. (2010) proposed a 

multiscale parameter regionalization technique that enables using MODIS LST to 

calibrate parameters at coarser scales (i.e., 2 km, 4 km, and 8 km).  

Although many studies have calibrated the model parameters with satellite LST, 

there is no effort to do it at sub-grid scale level. This is partly because tiles in the past are 

most abstract concept – they are not collocated in space. HydroBlocks land surface 

model, however, developed a new tiling framework and the tiles can be mapped and 

evaluated. HydroBlocks is a field-scale (30 m) physically-based land surface model that 

learn spatial heterogeneity from the high-resolution environment datasets (30 – 100 m) 

(Chaney et al., 2016). To this end, HydroBlocks clusters areas of similar surface 

characteristics and hydrologic behavior into hydrologic response units (HRUs), or tiles 

in other words, allowing the model to effectively simulate important surface processes 

while maintaining computation efficiency. The clustering mechanism allows for the 

results of each HRU to be mapped over the region, making it possible to assess the 

model performance explicitly. Additionally, satellite LST data with high spatial 

resolution might be a good choice for the generation of HRUs. 
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Table 1: Summary of some LST instruments commonly used to generate high-

resolution LST data. 

 

1.2 Objectives 

This study aims to is to investigate how the HydroBlocks land surface model can 

benefit from the available satellite observations. This is achieved through analyzing the 

following specific questions: (1) Can satellite-derived high-resolution LST data improve 

the heterogeneity representation of HydroBlocks LSM? (2) Is it possible to improve the 

simulation by replacing important parameters computed by the model with satellite 

retrievals? (3) How reliable is a calibration based on satellite-derived LST data? To 

Satellite Sensor 
Launch 

Time 

Decommission 

Time 

Pixel size at 

nadir (m) 

Revisit 

time (days) 

ISS ECOSTRESS 2018  69 × 38 3–5 

Landsat 5 TM 1984 2013 120 16 

Landsat 7 ETM+ 1993  60 16 

Landsat 8 TIRS 2013  100 16 

Terra MODIS 1999  1000 1–2 

Aqua MODIS 2002  1000 1–2 

Terra ASTER 1999  90 16 

ERS-1 ATSR-1 1991 2000 1000 35 

ERS-2 ATSR-2 1995 2008 1000 35 

Envisat AATSR 2002 2012 1000 35 

Sentinel-3A SLSTR 2016  1000 2 

Sentinel-3B SLSTR 2018  1000 2 

MetOp-A AVHRR/3 2006  1100 1 

MetOp-B AVHRR/3 2012  1100 1 

MetOp-C AVHRR/3 2018  1100 1 
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answer these questions, we conducted this study over the Atmospheric Radiation 

Measurement (ARM) Southern Great Plains (SGP) site. The HydroBlocks LSM was set 

up to run from 2013 to 2019 at the 30-meter spatial resolution and hourly temporal 

resolution. To improve the tiles representation of the landscape, the clustering algorithm 

used to assemble HydroBlocks’ sub-grid tiles was modified to allow the model to learn 

the heterogeneity from the temporal mean and standard deviation of Landsat LST. The 

effects of inputting the albedo, emissivity, and leaf area index (LAI) from MODIS into 

the model were also investigated. Finally, the MODIS LST was employed to perform 

tile-level calibration, and the effectiveness was discussed. 
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2. Methodology 

2.1 Overview of the HydroBlocks land surface model 

HydroBlocks is a field-scale land surface model (Chaney et al., 2016) which 

represents the spatial heterogeneity of the water, energy, and carbon cycles explicitly via 

HRUs. A hierarchical multivariate clustering (HMC) approach, which will be discussed 

in detail later, is applied to divide and cluster points with similar characteristics into 

HRUs (Chaney et al., 2018, 2020). The HMC is a framework employed to capture the 

heterogeneity and allow HydroBlocks to work as a semi-distributed model while 

performing comparably to a fully distributed model (i.e., one HRU per grid cell). On this 

account, the application of these HRUs enables HydroBlocks to handle mass and energy 

exchanges thoroughly and realistically while ensures computational efficiency, thus 

making it possible to model hydrological, geophysical, and biophysical processes at high 

spatial and temporal resolutions over regional to continental extents (Vergopolan et al., 

2020). HydroBlocks applies Noah-MP (Niu et al., 2011) at each HRU to simulate the 

surface process explicitly. At each time step, the land surface scheme updates the 

hydrological states at each HRU; and the HRUs dynamically interact laterally via 

subsurface flow (Chaney et al., 2020). 
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2.1.1 Generation scheme of hydrologic response units  

The generation scheme of HRU in the HydroBlocks is keeping being updated. 

The original scheme was replaced by the hierarchical multivariate clustering (HMC) 

approach proposed in 2018 to represent the riparian zones properly (Chaney et al., 

2018). Recently, HMC was modified to enable better capture of riparian zone dynamics 

and adequate coupling with the river network (Chaney et al., 2020). The steps of HMC 

include (a) defining characteristic basins, (b) discretizing height bands, and (c) 

determining intra-band clusters. The key information of HMC is outlined below while 

detailed description can be found in Chaney et al. (2020). 

(a) Characteristic basins: The K-means clustering algorithm is used to partition 

basins, defined based on a 30-meter digital elevation model (DEM), into k (user-defined) 

clusters. The clusters (i.e., characteristic basins) are determined by topographic and 

hydrologic features such as latitude, longitude, and flow accumulation area. Figure 5a 

shows an example of dividing the domain into five characteristic basins. An empirical 

cumulative distribution function (CDF) of the 30-meter heigh above nearest drainage 

(HAND) values is fitted for each characteristic basin respectively. The empirical CDFs of 

basins in the given characteristic basin are then matched to the characteristic basin’s 

CDF. In this way, the similarity of those basins is increased.  
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(b) Height bands: For each characteristic basin, all channel grid cells are grouped 

into the first height band. All the other grid cells are then sorted according to the HAND 

values. The area of the second height band should be n (user-defined) times larger than 

the first height band; the third height band is n times larger than the second height band, 

and so on. Therefore, the larger n defined, the fewer height bands generated. Figure 5b 

shows an example of the partitioning of the height bands for one characteristic basin. 

(c) Intra-band clusters: The grid cells within each height band are then clustered 

into HRUs, the smallest modeling units, based on environmental characteristics (e.g., 

position, elevation, soil properties, and land use). The user can define the average 

number of HRUs – p, and the exact number of HRUs for each height band is then 

assigned according to the ratio of its area to the characteristic basin’s total area. The 

HRU configuration is determined by both the number of intra-band clusters and the 

covariate features used (Figure 5c). 

2.1.2 Parameters considered in the calibration 

The HydroBlocks LSM simulates the surface processes through Noah-MP (Niu et 

al., 2011), which builds on the Noah land surface model (Ek et al., 2003). Noah-MP 

provides options for parameterization for some land surface states and processes. The 

parameterization schemes chosen for this study are listed in Appendix A. Since the 

primary focus here is to understand the important processes and parameters related to 
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land surface temperature, this section provides a brief overview of them. The core of the 

energy balance is that in the energy fluxes between the near-surface atmosphere, 

vegetation canopy, vegetated ground surface, and bare ground surface, LST is the 

representative equilibrium temperature that is able to solve these equations and close 

the energy balance.  

The LST is calculated as the weighted-sum of bare ground surface temperature 

(𝑇𝑔,𝑏), vegetated ground surface temperature (𝑇𝑔,𝑣), and vegetation canopy surface 

temperature (𝑇𝑣). The calculations of surface temperature and energy fluxes over 

different surfaces are slightly different, but the main principles are similar. So here we 

only show the formulations for vegetated ground. For a more comprehensive 

description, see Niu et al. (2011). For vegetated ground, the net longwave radiation is 

calculated as:  

𝐿𝑎𝑔,𝑣 = −𝛼𝑔𝐿𝐿𝑣 ↓ +𝜖𝑔𝜎𝑇𝑔,𝑣
4 

where ground surface absorption (𝛼𝑔𝐿) and the ground surface emissivity (𝜖𝑔) are 

considered to be equal, downward longwave radiation (𝐿𝑣 ↓) includes that from the 

atmosphere transmitted through the canopy and emitted by the canopy; and 𝜎 is the 

Stefan-Boltzmann constant. 

The sensible heat flux (𝐻𝑔,𝑣) is calculated as: 
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𝐻𝑔,𝑣 = 𝜌𝐶𝑝

𝑇𝑔,𝑣 − 𝑇𝑎𝑐

𝑟𝑎ℎ,𝑔
  

where the heat difference between the ground surface and the canopy air is computed 

based on the temperature difference between them (𝑇𝑔,𝑣 − 𝑇𝑎𝑐), air density (𝜌), and the 

dry-air specific heat capacity (𝐶𝑝); 𝑟𝑎ℎ,𝑔 denotes the aerodynamic resistance for heat. 

For latent heat flux (𝐿𝐸𝑔,𝑣), the calculation is similar with sensible heat flux except 

it accounts for the heat caused by water vapor instead of the air: 

𝐿𝐸𝑔,𝑣 =
𝜌𝐶𝑝

𝛾

𝑒𝑠𝑎𝑡(𝑇𝑔,𝑣)ℎ𝑔 − 𝑒𝑎𝑐

𝑟𝑎𝑤,𝑔 + 𝑟𝑠𝑜𝑖𝑙
 

where 𝛾 is the psychrometric constant, 𝑒𝑠𝑎𝑡(𝑇𝑔,𝑣) is the saturated water vapor pressure, 

ℎ𝑔 is the relative humidity, 𝑒𝑎𝑐 is the water vapor pressure of the canopy air, 𝑟𝑎𝑤,𝑔 and 

𝑟𝑠𝑜𝑖𝑙  are the aerodynamic and soil surface resistance for water vapor. 

The ground heat flux (𝐺𝑣) is calculated as: 

𝐺𝑣 =
2𝜆𝑖𝑠𝑛𝑜+1

∆𝑧𝑖𝑠𝑛𝑜+1
(𝑇𝑔,𝑣 − 𝑇𝑖𝑠𝑛𝑜+1) 

where 𝜆𝑖𝑠𝑛𝑜+1 is the thermal conductivity of the surface layer (snow or soil), ∆𝑧𝑖𝑠𝑛𝑜+1 

denotes the layer thickness of the surface layer, and 𝑇𝑖𝑠𝑛𝑜+1 represents the temperature 

of the surface layer.  
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Given the LST computed by solving the surface energy balance is then used to 

calculate the heat fluxes, it is encouraging that model calibration can be performed with 

LST by tune the parameters to which heat fluxes are sensitive. Both soil and plant 

parameters have been demonstrated as sensitive parameters in land surface models no 

matter for water or energy fluxes (Cuntz et al., 2016; Yang et al., 2020). So, it is necessary 

to consider both soil and plant parameters when we conduct the model calibration. 

There are a large number of soil and plant parameters, and it demands considerable 

computational time to tune all of them. For example, only the stomatal resistance and 

the photosynthesis equations already require 20 parameter values (Jefferson et al., 2017). 

To reduce the computational demands, only the parameters that have been commonly 

examined and might greatly impact the simulation of land surface temperature are 

selected for calibration. Table 2 provides a brief summary of those parameters and their 

descriptions as well as ranges are adapted from literature (Jefferson et al., 2017; Li et al., 

2018; Rosero et al., 2010; Santanello et al., 2013; Zhang et al., 2017). 
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Table 2: Parameters selected for calibration 

Parameter Description Units Range Range in calibration 

bb b parameter in hydraulic function - 3.5, 10 max(0.5bb, 3.5), min(2bb, 10) 

satdk 
Saturated soil hydraulic 

conductivity 
m s−1 3.5E-7, 4E-5 0.01satdk, 100satdk 

maxsmc 
Saturated soil moisture content 

(i.e., porosity) 
m3 m−3 0.43, 0.7 

max(0.5maxsmc, refsmca), 

min(2maxsmc, 1) 

mp 
Slope for conductance-to-

photosynthesis relationship 
- 4, 12 0.25mp, 4mp 

bp Minimum leaf conductance μmol m−2 s−1 1000, 10000 0.01bp, 100bp 

vcmx25 
Maximum rate of carboxylation at 

25℃ 
μmolCO2 m−2 s−1 20, 65 0.1vcmx25, 10vcmx 

a refsmc refers to the soil moisture threshold for maximum transpiration 
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2.2 Study Area  

The study area is located in the Southern Great Plains (SGP), and covers 

Northern Oklahoma and Southern Kansas, extending from 36.2° to 37.2° N, and 97.1° to 

98.1° W (see Figure 1). The domain is characterized by relatively flat terrain with an 

average elevation of about 340 m while the elevation decreases slightly from west to 

east. SGP has a continental to subhumid climate presenting a large seasonal variation in 

temperature and precipitation with the greatest rainfall in the summer (Batra et al., 

2006). The soil types throughout this domain are primarily the silty loam, along with 

loamy sand, sandy loam, and loam (Wan et al., 2004). The area has a heterogeneous land 

cover. There are rivers traversing the region with permanent wetlands along the rivers. 

The majority is a mixture of croplands (e.g., winter wheat, barley, and corn) and native 

perennial grasslands (Bagley et al., 2017). There are also forests spread over the 

southeast corner. In addition, Enid located in the southwest corner is the largest town in 

the domain while the other small urban areas are scattered. 
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Figure 1: The study area consists of a 1.0-degree box in central northern Oklahoma 

and southern Kansas. The Google satellite map, DEM, and land cover of this domain 

are presented. The location of Atmospheric Radiation and Measurement (ARM) 

Southern Great Plains (SGP) Central Facility (site E14) is shown in the DEM map. 
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2.3 Data 

2.3.1 Satellite Retrievals 

a. Landsat land surface temperature 

Landsat land surface temperature is employed in the HRU configuration. The 

U.S. Geological Survey (USGS) provides Landsat LST product generated from Landsat 

4-5 Thematic Mapper, Landsat 7 Enhanced Thematic Mapper Plus (ETM+), and Landsat 

8 Thermal Infrared Sensor (TIRS) (Department of the Interior U.S. Geological Survey, 

2016; NASA, 2019). The Landsat series of Earth Observation satellites have continuously 

acquired moderate-resolution multispectral data of the Earth’s land surface since 1972. 

The data required in the study is from 2013 to 2019. So, it is only from Landsat 7 

launched in 1999 and Landsat 8 launched in 2013, which are still in commission. Both of 

them are in a near-polar orbit and repeat the cycle every 16 days while there is an 8-day 

offset between the two satellites. So, the combination of the two results in a revisit time 

of 8 days. In addition, the data acquisition time (i.e., crossing time) of the study area is 

17:00 ± 25 minutes (GMT). Landsat 7 carries the ETM+ sensor which has a 60-m spatial 

resolution in the thermal channel (10.40 - 12.50 µm) (Hook et al., 2020). Landsat 8’s TIRS 

acquires two thermal channels, TIRS1 (10.6 - 11.19 µm) and TIRS2 (11.5 - 12.51 µm), at a 

spatial resolution of 100 m. Landsat LST dataset contains Surface Temperature bands 

that represent the temperature of the Earth’s land surface in Kelvin (K), three Quality 
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Assessment (QA) bands, and several intermediate bands. Each pixel of Landsat LST is 

30-meters across. Further details are available in the Landsat Provisional Surface 

Temperature Product Guide (USGS, 2018).  

Landsat LST product provides a wealth of information, but the uncertainties 

should not be ignored. Thus, quality control must be conducted. The following criteria 

are applied: (a) for each scene, pixels where LST = -1000, the filling value, were 

discarded; (b) pixels where uncertainty is above 10% were discarded; (c) scenes with LST 

difference greater than 30 were excluded; (d) scenes with less than 5% pixels remain 

were excluded. These requirements led to a reduction in the number of scenes from 278 

to 42 over the study period.  

b. MODIS land surface temperature 

MODIS level-2 land surface temperature product (MOD11_L2 and MYD11_L2 

Version 6) is used for evaluation and calibration (Wan et al., 2015). The LST is retrieved 

from MODIS sensor onboard the satellites Terra and Aqua with a pixel size of ~1000 m 

in the thermal infrared bands. The product is produced daily in 5-minute temporal 

increments of satellite acquisition using the generalized split-window algorithm from 2 

bands, band 31 (10.78-11.28) and band 32 (11.77-12.27) (Duan et al., 2019a). MODIS/Terra 

and MODIS/Aqua both view each spot on the Earth almost every day. The data 

acquisition time of the two spacecraft for the study domain is about 1:00 pm and 11:00 
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pm respectively (local time), so that day-time and night-time LST are both provided. 

Similar quality control was also conducted for MODIS LST product. More specifically, 

(a) pixels where the QA bands (i.e., QA is 0 and 1) indicate good quality were kept and 

the others were discarded; (b) scenes with LST difference greater than 10 were excluded; 

(c) scenes with less than 10% pixels remained were excluded. In total, 3642 images of 

MODIS LST products were collected for the whole calibration period from January 2016 

to December 2019, while 189 images meet the criterion. 

c. MODIS albedo 

In land surface models, downwelling radiative flux may be partitioned into 

direct radiation and diffuse radiation. Accordingly, black-sky albedo and white-sky 

albedo are defined as the albedo when there is only direct radiation or diffuse radiation. 

The downwelling radiation is also divided into visible and near-infrared bands so that 

corresponding albedo values are required. The 1000 m daily white-sky albedos and the 

black-sky albedos for the visible (0.3-0.7 µm) and near-infrared (0.7-5.0 µm) broadband 

are provided by the MOD43 Version-6 MODIS/Terra+Aqua BRDF/Albedo product 

(Schaaf & Wang, 2015). The gaps of the daily albedo value were filled with the average 

value of the available data. Then the hourly albedo was estimated from daily value by 

linear interpolation. 

d. MODIS emissivity 
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The MOD11A1 Version 6 product provides daily spectral emissivity in MODIS 

band 31 (𝜖31) and band 32 (𝜖32) with 1000 m spatial resolution (Wan et al., 2015). The 

surface broadband emissivity (𝜖) was estimated based on the approach proposed by Jin 

and Liang (2006): 

𝜖 = 0.4587 × 𝜖31 + 0.5414 × 𝜖32 

Similarly, hourly surface emissivity was estimated in the same way as albedo. 

e. MODIS leaf area index 

Leaf area index (LAI) retrieved from MCD15A2H Version-6 product (Myneni et 

al., 2015), an 8-day composite dataset with ~500-meter pixel size. This means that the 

value for each pixel is the best value chosen from all the available data from both Terra 

and Aqua within the 8 days. Each 8-day composite LAI was assigned to the 

corresponding hourly periods. 

2.3.2 Primary Model Inputs 

The meteorological inputs to the model came from the Princeton CONUS Forcing 

(PCF) dataset which provides a 3-km (1/32°) hourly meteorological product over 

CONUS from 2002 to the present (Pan et al., 2016).  

The 1 arc-second (~ 30 meters) USGS National Elevation Dataset (NED) was used 

in this study (Gesch et al., 2009). A series of processes were conducted to remove pits, 

derive slope, topographic index, flow direction, and flow accumulation area. 
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The soil properties used in this study was from the 30-m Probabilistic 

Remapping of SSURGO (POLARIS) dataset (Chaney et al., 2016), which provides 

saturated soil moisture content (maxsmc), wilting point, field capacity, saturated 

hydraulic conductivity (satdk), bubbling pressure, as well as the b parameter (bb) used 

in the water retention curve.  

The National Land Cover Database (NLCD) is a 30-m land cover database with a 

16-class land cover classification (Homer et al., 2015). The land cover Noah-MP 

vegetation categories were converted from NLCD. 

 

2.3.3 In Situ Measurements 

Model outputs are also evaluated against ARM data from the eddy correlation 

(ECOR) flux measurement system and the surface energy balance system (SEBS) of 

ARM. The ECOR provides half-hour measurements of sensible heat and latent heat 

fluxes. The SEBS dataset consists of the upwelling and downwelling shortwave and 

longwave radiation, and the ground surface heat flow. Hence the surface energy closure 

can be analyzed.  

There are two sites in the study domain: E14 (36.605216° N, 97.487684° W) and 

E37 (36.310422° N, 97.927405° W). The E14 site is located in the middle of pastures and 

wheat fields while the surrounding landscape of E37 site is made up of grassy field with 
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a cultivated field to the South. Although ARM data provides a wealth of information, 

uncertainties in the data can lead to misleading conclusions. To ensure the quality of the 

data used as ground truth, the following flags were applied at each site: 1) timesteps 

with no data of sensible heat flux, latent heat flux or ground heat flux were discarded; 2) 

timesteps in which the error in energy balance closure was above 10% were discarded. 

Gap-filling was not applied and only available observation data were used. Then, all the 

data were aggregated to hourly intervals. 

As seen in Figure 2, there are substantial unqualified data at E37 in 2017, which 

accounts for nearly one fourth of the evaluation period. The E37 was hence not used in 

this study. After preprocessing, there were 3627 timesteps remained from 2016 to 2019 at 

E14. In addition, the upwelling and downwelling shortwave measured by SEBS together 

with the emissivity retrieved from MODIS are used to estimate the surface temperature 

of this site (Duan et al., 2019b): 

LSTobs = [
LWu − (1 − ε)LWd

σε
]

1/4

 

where LSTobs is the in situ LST, LWu and LWd are the upwelling and downwelling 

longwave radiation, ε is the surface broadband emissivity calculated in Section 2.2.1, and 

σ is the Stefan-Boltzmann constant. 
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Figure 2: Time series of measured latent heat flux of site E14 and E37 after quality 

control. 

 

2.4 Model Experiments 

For all experiments, the HydroBlocks LSM was run over the SGP domain at the 

30-meter spatial resolution and hourly temporal resolution from 2013 to 2019. The first 

three years were used for spin-up, and hence the simulation for the rest period 2016-

2019 was used for analysis. 

2.4.1 Convergence Analysis Experiment 

In order to figure out the number of HRUs that are sufficient to simulate the 

whole study area almost explicitly while achieving high computational efficiency, a 

convergence experiment should be conducted. Similar to the approach used in Chaney 

et al. (2020), a series of different model experiments were run to evaluate how the HRU 

configuration parameters impact the representation of heterogeneity and the model 

simulations. For all experiments, the clustering covariates for clustering the 
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characteristic basins were latitude, longitude, flow accumulation, and the natural 

logarithm of the flow accumulation area. The clustering covariates for the intra-band 

clusters (i.e., HRUs) were the 30-m resolution latitude, longitude, and DEM map. The 

experiment ID and the corresponding set of HMC parameters are listed in Table 3 where 

k is the number of characteristic basins, n is the ratio of the area of adjacent height 

bands, and p is the number of intra-band clusters. It is noted that the set of HMC 

parameters used for all the other experiments was determined according to the 

convergence analysis. 

Table 3: HMC parameter sets used for convergence analysis 

ID k n p 

a 1 1000 3 

b 5 1000 3 

c 10 1000 3 

d 10 10 6 

e 10 5 6 

f 10 2 6 

g 5 2 15 

h 5 2 30 

i 5 2 60 

 

2.4.2 Intra-band Clustering with Land Surface Temperature 

Both the number and the configuration of HRUs play a pivotal role in balancing 

the goal of simulating as realistically as possible and minimizing computational 

demands. The convergence analysis in the last section focused on the number of HRUs 
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while HRU configuration will be investigated in this section. As mentioned above, the 

HRUs are determined by the selected proxies of the drivers of spatial heterogeneity. To 

check if Landsat LST can improve the assembling of grids with similar characteristics, 

the model was forced to learn the heterogeneity from the temporal mean and standard 

deviation of Landsat LST (2013-2019). Specifically, comparisons of two experiments 

were conducted. For the baseline, the HRUs (HRUs-Baseline) were clustered by latitude, 

longitude, and DEM. The experiment (HRUs-LST) included not only those used for 

HRUs-Baseline but also the temporal mean and temporal standard deviation of Landsat 

LST. HydroBlocks was then run with the two sets of HRUs severally. To examine the 

influence of using different HRU assembling, the simulated LST of the two experiments 

were then compared against the MODIS LST data. This means that the hourly simulated 

LST data which was closest to the satellite crossing time was extracted for evaluation. 

What’s more, the spatial resolution of mapped simulated LST is 30 m while that of 

MODIS LST is 1000 m. So, simulated LST was upscaled to keep the same pixel size with 

observations. Aside from evaluation at the regional level, the land surface temperature, 

sensible heat flux, and latent heat flux were compared against the site observations to 

provide more information on the model performance. 

The agreement between the simulated values and the observed values was 

measured using the following performance metric: Pearson correlation coefficient (R) 
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and the Kling-Gupta efficiency (KGE) metric which combines linear correlation, 

temporal variability, and mean bias (Gupta et al., 2009). KGE ranges from negative 

infinity to 1 achieved when the model has perfect simulation. 

𝐾𝐺𝐸 = 1 − √(𝑟 − 1)2 + (
𝜎𝑚𝑜𝑑𝑒𝑙

𝜎𝑜𝑏𝑠
− 1)2 + (

𝜇𝑚𝑜𝑑𝑒𝑙

𝜇𝑜𝑏𝑠
− 1)2 

2.4.3 Replacement of Albedo, Emissivity, and LAI  

HydroBlocks simulates the surface processes through Noah-MP which consists 

of models to compute albedo, emissivity, and LAI according to vegetation type, time, 

land cover, whether the soil is saturated, and so on. They are important parameters that 

play a critical role in controlling the land surface temperature and the consequent 

surface energy balance. MODIS provides satellite-derived albedo, emissivity, and LAI 

products. In this study, we also investigated the effects of using MODIS parameters 

instead of the values generated from the model. The model performance was assessed in 

the same way as the section 2.4.2. 

2.4.4 Parameter Calibration with Latin Hypercube Sampling 

The Latin hypercube sampling (LHS) technique (McKay et al., 1979) was 

employed to achieve optimal model performance. LHS is based on stratification – it 

divides the range of each parameter (assuming uniform distributions in this study) into 

several disjoint intervals of equal probability and then takes a value randomly from each 

interval. The values for each parameter are then combined to generate several parameter 
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sets. Therefore, LHS ensures that the parameters are sampled in a relatively even way. 

To simplify the calibration process, the LHS was used to generate 50 sets of scalars for 

six parameters, b parameter in hydraulic function (bb), saturated soil hydraulic 

conductivity (satdk), saturated soil moisture content (maxsmc), slope for conductance-

to-photosynthesis relationship (mp), minimum leaf conductance (bp), and maximum 

rate of carboxylation at 25℃ (vcmx25), per HRU. Multiply the scalars and the default 

parameter values together, and we got a 50-member parameter ensemble which was 

used to run the HydroBlocks land surface model. The range of the scalars and the 

feasible bounds are shown in Table 3. 

To assess the performance for those parameter sets, the observed LST for each 

HRU should be estimated from the MODIS LST data first. As a result, MODIS LST 

image was first downscaled to 30 meters, and then the observed LST per HRU was 

computed based on the HRU map (i.e., HRUs_LST). For each HRU, the Pearson 

correlation coefficient between the time series of observed LST and simulated LST with 

every parameter set was recorded. The strategy here was to calibrate the model by 

maximizing the correlation coefficient. Hence the parameter set which led to the best 

simulation was found. Subsequently, HydroBlocks was then run with the calibrated 

parameter values. The regional performance and site-level performance were also 

evaluated. 
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3. Results 

3.1 Convergence Analysis 

To determine how many HRUs are sufficient to represent the heterogeneity of 

the domain, a convergence analysis was performed. Hence, the model was run with nine 

sets of HRU generation parameters leading to the increasing total number of HRUs. In 

specific, simulations a-c increase the number of characteristic basins (increase k) from 1 

to 5 to 10 while setting p = 3 and n = 1000; simulations d-f increase the number of height 

bands (decrease n from 10 to 5 to 2) while setting p = 6 and k = 10; simulations g-i 

increase the average number of intra-band clusters (increase p) from 15 to 30 to 60 while 

setting n = 2 and p = 5. To illustrate how the increase in heterogeneity complexity 

impacts the fine-scale simulated land surface temperature, the annual mean land surface 

temperature over the domain is shown in Figure 3. 

Figure 3a-c show the influence of increasing the number of characteristic basins. 

It is clear that when the number of characteristic basins is too low, all the channels are 

grouped into one HRU which cannot represent the hydrologic processes such as flood 

and inundation realistically. With five characteristic basins, the main channels and the 

tributaries are able to be separated; the riparian areas are recognized meanwhile. 

Increasing the number of characteristic basins from 5 to 10 also leads to an increase in 

heterogeneity as the number of total HRUs increases. Figure 3c begins to clearly show 
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the south-north gradient of annual mean land surface temperature taking advantage of 

60 HRUs.  

With the decreasing of n parameter, the number of height bands increases. From 

Figure 3d to Figure 3f, there is a significant tendency for the more detailed 

representation of the channel and riparian zone with the more height bands. When the 

number of height bands is insufficient, it makes no or little distinction between the area 

immediately adjacent to the channel and the area away from the channel, thus resulting 

in unrealistic simulation of hydrologic processes such as flood and recharge.  

Increasing the average number of intra-band clusters from 15 to 30 to 60 leads to 

a substantial increase in the heterogeneity even though the covariate features for 

clustering are just the latitude, longitude, and DEM. It is noted that the boundaries 

between the characteristic basins and height bands disappear effectively.  

In addition, the temporal means of the spatial mean and standard deviation of 

the simulated land surface temperature, latent heat flux, and sensible heat flux maps are 

shown as a function of the number of HRUs in Figure 4. It is intended to quantify the 

impact of a more complex HRU configuration at the macroscale. According to the 

diminishing impact, the convergence happens quickly with the increase of HRUs. It is 

encouraging to believe that the use of ~900 HRUs is nearly sufficient to model the fine-

scale features while maintaining computational efficiency. The corresponding LST map 
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is Figure 3h which is able to represent the region well. Therefore, the HMC parameter 

set, k = 5, n = 2, and p = 30, was then used for all the experiments in this study. 
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Figure 3: Simulations of annual mean land surface temperature over the study area. 

Each panel shows the simulation run with different parameter sets of the hierarchical 

multivariate clustering scheme in HydroBlocks, and the total number of HRUs is 

shown as the title. The specific parameters of each simulation are shown in Table 3. 
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Figure 4: Annual mean of the spatial mean and spatial standard deviation of land 

surface temperature (LST), latent heat flux (LE), and sensible heat flux (H) for nine 

different HRU configurations. 
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3.2 Intra-band clustering with LST 

As seen in Figure 5, the temporal mean and standard deviation of Landsat land 

surface temperature data reflected the surface features well. The rivers and the biggest 

town located in the southwest corner are distinct. The standard deviation of land surface 

temperature can reflect the seasonal variation of some vegetation types. For example, the 

grassland located in the west and southeast corner was characterized by relatively low 

variation in LST throughout the year compared with cropland. In addition, the riparian 

zones and the heterogeneous land covers separated by the roads were also captured by 

the satellite observations. The influences of the type and density of the land cover, the 

surface roughness, the soil moisture, and other surface features were all embedded in 

the land surface temperature. 

To check if Landsat LST can improve the assembling of grids with similar 

characteristics, the model was forced to learn the heterogeneity from temporal mean and 

standard deviation of LST from Landsat (2013-2019). For the baseline, the HRUs (HRUs-

Baseline) were clustered by latitude, longitude, and DEM. The HRUs-LST was clustered 

by latitude, longitude, DEM, temporal mean of Landsat LST, and temporal standard 

deviation of Landsat LST. The impact of incorporating LST data in the covariate features 

is illustrated in Figure 6c. With the same number of intra-band clusters, the HRUs-LST 

was much more fragmentary and has clear boundaries, which was consistent with the 
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characteristic of the temporal mean and standard deviation of LST maps. According to 

the satellite map of this study domain (Figure 1), HRUs_LST is more likely to have a 

realistic representation of the heterogeneous land covers separated by roads and 

scattered small urban areas. 

To compare the difference of using HRUs-Baseline and HRUs-LST, their 

simulated LST were evaluated against MODIS LST, and the correlation of the pixel 

values for each available time step was computed (shown in Appendix B). With the 

purpose of having an overall understanding of the model performance, the distribution 

of the total 189 Pearson correlation coefficients is presented in Figure 7. In terms of the 

mean value of correlation coefficients, HRUs-LST performed better. To have a clearer 

comparison, the probability distribution is summarized into five ranges displayed in 

Figure 8. We can observe that HRUs-LST was not able to further improve the simulation 

with excellent performance (R >= 0.75) or turn the bad simulation (R < 1) around. 

However, HRUs-LST could effectively increase the proportion of good simulations (0.5 < 

R <= 0.75).  

In order to further investigate the performance of other simulated variables, the 

outputs of the two experiments are also compared against the point scale observations 

(E14). Figure 9 summarizes the distribution of the simulated land surface temperature, 

sensible heat flux, and latent heat flux of each experiment in comparison to the in-situ 
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observations. The two experiments both represented the land surface temperature well. 

As for the simulation of heat fluxes, the latent heat was reasonable but the sensible heat 

was not appreciable. HRUs-Baseline outperformed HRUs-LST in the simulation of LST, 

while HRUs-LST showed better performance for latent heat and sensible heat in terms of 

KGE. Overall, the performance of HRUs-LST was comparable to or better than HRUs-

Baseline. 

 

 

Figure 5: Temporal mean and standard deviation of Landsat land surface temperature. 
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Figure 6: The domain is separated into five characteristic basins (a). Height bands are 

determined within each characteristic basin. For characteristic basin 1, six height 

bands are generated based on the setting that the ratio between the area of a height 

band and its adjacent height band below it is 2 (b). Within each height band, the grid 

cells are clustered by latitude, longitude, and DEM (HRUs-Baseline); and latitude, 

longitude, DEM, temporal mean and standard deviation of Landsat LST (HRUs-LST), 

respectively. HRU configuration is done throughout the domain, but only the 

characteristic basin 1 is shown to present the details better. 
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Figure 7: Comparison of the distribution of correlation coefficients (R) between 189 

MODIS LST maps and corresponding mapped LST simulations of model run with (a) 

HRUs-Baseline, (b) HRUs-LST, and (c) HRUs-LST_MODIS. 

 

Figure 8: Probability distribution of correlation coefficients (R) between MODIS LST 

maps and LST simulations. 
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Figure 9: Model simulations versus ARM observations, (a) land surface temperature 

(LST), (b) sensible heat flux (H), and (c) latent heat flux (LE). R and KGE are shown in 

each panel for each variable. 
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3.3 Performance with MODIS Parameters 

Albedo, emissivity and, LAI are all crucial factors in the land surface processes. 

The computation of those three parameters relies on the lookup table and schemes such 

as dynamic vegetation and snow albedo. Using satellite data to move beyond lookup 

tables seems to be a good way. This approach, however, did not lead to good results in 

the study. The performance of the HydroBlocks with MODIS parameters is also 

displayed in Figure 7 and Figure 8. Unexpectedly, using the MODIS parameters resulted 

in bad LST simulations with regards to the spatial pattern. The mean correlation 

coefficient of simulated LST and observed LST decreased from 0.148 to 0.086 (Figure 7). 

The bad simulation (R < 1) increased significantly after switching to MODIS parameters. 

As shown in Figure 9, the only improvement was the latent heat flux at site level at the 

cost of deteriorated land surface temperature and sensible heat flux. 

 

3.4 Tile-level Calibration 

The performance of the model run with a 50-member parameter ensemble was 

investigated, and the correlation coefficients between the time series of observed and 

simulated LST per HRU were recorded (Figure 10). The parameter sets selected for every 

HRU were those that maximized the correlation coefficient. The performance of the 

model run with the default parameters and the calibrated parameters is also included in 
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Figure 10. For most HRUs, the calibrated model performed almost as well as the best 

simulation. However, for a few HRUs, especially those located in the riparian zone, 

there were noticeable differences as HRUs are connected via subsurface flow. Overall, 

even though the HRUs are connected and their performance will be influenced by 

connected HRUs, calibrating each HRU separately works well. 

After calibration, the number of mapped simulated LST highly correlated with 

observed LST increased slightly (Figure 11). Although the portion of good (0.5 < R ≤ 

0.75) and moderate simulations (0.25 < R ≤ 0.5) decreased, calibration also reduced bad 

simulations (R < 0) notably. Therefore, it is encouraging to improve the spatial pattern 

of simulation over the domain by calibrating the time series of LST per HRU. Figure 12 

investigated the influence of calibration further by plotting the comparison between 

model simulation and in situ observation for more variables. The calibrated model 

showed better performance in simulating latent heat flux while not in land surface 

temperature. It is worth noting that the simulation of sensible heat flux improved 

appreciably with the KGE increasing from -0.069 to 0.490. The decreasing of the ratio of 

simulated and observed temporal variability from 1.742 to 0.975 primarily contributed to 

the improvement. In general, the site-level evaluation indicates the efficacy of 

calibration. 

 



 

 43 

 

Figure 10: The range of the correlation coefficients between time series of simulated 

and observed LST for each HRU using 50 parameter sets. The performance of the 

model run with default and calibrated parameters is also shown. 

 

 

Figure 11: Comparison of the spatial performance between default and calibrated 

model. The linear correlation of pixel values for mapped LST simulation and MODIS 

image is calculated and the total 189 correlation coefficients (R) are summarized into 

probability distribution. 
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Figure 12: Site-level comparison between model simulated (default and calibrated) 

and observed (a) land surface temperature (LST), (b) sensible heat flux (H), and (c) 

latent heat flux (LE). R and KGE are shown in each panel for each variable. 
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4. Discussion 

4.1 Heterogeneity Representation 

As mentioned above, the intra-band clustering aims to generate HRUs by 

combining grid cells with similar environmental characteristics within each height band.  

Therefore, besides the number of clusters, the covariate features used for clustering play 

a critical role in determining how well the model can perform. Land surface 

characteristics that have been used in the HRU generation include elevation, land use, 

precipitation, and soil properties (Chaney et al., 2018; Chaney, et al., 2016). They are 

good indicators for spatial heterogeneity not only because they are important surface 

features that have a great impact on the water and energy cycles over the land surface 

but also because of the availability of high-resolution data. However, as Chaney et al. 

(2018) mentioned, the real goal of the HMC approach is to characterize the multi-scale 

heterogeneity of land surface processes. Using the proxies of the heterogeneity (e.g., 

elevation and soil properties) is an indirect way to realize the objective. Satellite-derived 

states and fluxes, such as land surface temperature and soil moisture, offer a 

considerable chance for us to learn the observed heterogeneity. Moreover, there are 

other constraints of using classification data (e.g., land cover). Even if there is no 

misclassification, learning heterogeneity from land use data can be problematic in some 

cases. For example, barren areas account for a large part of the land surface while they 
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are all grouped into one class. Although this limit can be compensated partly by taking 

the soil properties into consideration, it is subject to the fact that land use can only reflect 

the type of vegetation cover while the density of it is not considered. Another problem 

would be that the changing of the land use sometimes is not shown in the dataset in 

time. Taken all those factors into consideration, the high-resolution satellite-derived land 

surface temperature is definitely a great choice for the intra-band clustering although 

quality control should be conducted carefully. Moreover, with the development of 

remote sensing, it can be expected that more high-resolution LST products with high 

quality will be available in the near future. 

In spite of the promising future, some limits with the tiling approach used in the 

study should be noted. To simulate as well as fully distributed models with a minimal 

computational expense, both the features used for clustering and the number of total 

HRUs are critical. The land surface temperature was only combined with location and 

elevation to inform the heterogeneity. Features, such as land cover, precipitation, and 

soil property, were not included considering the feature weighting for clustering. It is 

worthwhile to explore the effective combination of different features as well as the 

influence on convergence. The number of HRUs required might also vary with different 

covariate features employed for clustering. 
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4.2 Problems of Using MODIS Parameters 

There are three possible reasons for the deteriorated performance. Firstly, the 

data used, especially the emissivity, is not as good as expected. As shown in Figure 13, 

the default emissivity appears much more reasonable than the MODIS retrieval as 

emissivity is supposed to change with the weather and seasonal variation of vegetation. 

Also, the spatial resolutions of the three parameters are 500 or 1000 meters which are far 

coarser than HydroBlocks. Secondly, the simple and rough interpolation approach used 

to generate hourly data could be problematic. For example, the change of snow albedo is 

complicated while it was just calculated from daily data via linear interpolation in this 

study. It was not able to competently represent the influence of snow cover. Another 

possible reason is the mismatch of model required variable and observed data. The 

emissivity inputted is the averaged broadband emissivity. However, there are several 

specified emissivities in the model, including the vegetation canopy emissivity and 

vegetated ground emissivity. Using averaged emissivity to replace vegetation canopy 

emissivity and vegetated ground emissivity can lead to bias.  
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Figure 13: Time series of default and MODIS emissivity and LAI used in the model at  

site E14. 
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4.3 Uncertainties of Calibration 

Encouragingly, time series of simulated LST can be calibrated effectively, and the 

spatial pattern will be improved to some extent consequently. Despite the promising 

results, the calibration approach has some limitations. 

The uncertainties lie to a large extent in the LST data considered as ground-truth. 

To calibrate the model, the time series of observed and simulated LST for each HRU 

should be compared. So, it is necessary to estimate the LST for every HRU based on the 

MODIS LST images. Figure 14 shows the examples of the original MODIS LST images 

and their corresponding remapped LST from estimated HRU LST. The accuracy of HRU 

LST is of fundamental importance for the effectiveness of calibration. The accuracy and 

uncertainties of MODIS LST data itself have been fully investigated. What we want to 

address here is the problem caused by the coarse resolution. MODIS LST product is 

chosen due to the short revisit time, or in other words, more available data. However, it 

would be better if more high-quality satellite LST data is available. Estimating observed 

LST for each HRU from LST images would introduce uncertainties a certain extent. As 

shown in Figure 14, the remap of LST of HRUs is what the model will try to reproduce 

through calibration. If the remapped LST is not highly consistent with the original data, 

it is impossible to improve the overall performance of the model through calibration.  
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The quality of the remapping is related to the spatial resolution and the HRU 

configuration. In respect of the HRU configuration, the similarity between original LST 

images and remapped LST might be able to work as an indicator for heterogeneity 

representation. As for the spatial resolution, thanks to the development of remote 

sensing and retrieval algorithm, there are more and more high-quality high-resolution 

LST data. Recently, the new MODIS LST product (MOD21 v6) is just released (Hulley & 

Hook, 2017). The ASTER Temperature Emissivity Separation algorithm for MOD21 is 

considered more advanced than the split-window algorithm for MOD11 that was 

employed in the study. The only reason that ECOSTRESS and Landsat LST data was not 

used for calibration is the inadequate number of qualified images due to the limited 

operation time or long revisit time. Therefore, they will become ideal resources in the 

future. Additionally, the upcoming satellites with state-of-art instruments are promising, 

such as the Landsat 9 scheduled to launch in 2021.  

Another uncertainty is the criterion for calibration. Aside from the linear 

correlation, the effectiveness of using KGE and root mean square error remains to be 

studied. On the other hand, assessing the spatial pattern via the linear correlation of the 

pixel values is rarely comprehensive. There are other ways to quantify spatial similarity. 

It should be noted that the calibration here was not performed in an exclusive 

way as the primary goal is to explore the feasibility and general efficacy of calibrating 
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HydroBlocks using the satellite LST product. Otherwise, sensitivity analysis should be 

conducted first as there are so many parameters in the model. What’s more, 50-member 

LHS is inadequate.  
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Figure 14: Examples of MODIS LST images and the remapped LST based on that of 

each HRU estimated from the original data. 
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5. Conclusions 

This study demonstrated the benefits of letting the HydroBlocks land surface 

model learn the spatial heterogeneity from Landsat LST, in particular, the temporal mean 

and standard deviation map of LST. The feasibility of improving the model simulation 

through replacing the important variables (i.e., albedo, emissivity, and LAI) with the 

values retrieved from MODIS was also studied. However, it indicated that the 

replacement would result in deteriorated performance. Based on the analysis conducted 

at the site level, the primary reason might be that the quality of the data employed here is 

not as high as expected, especially the emissivity. The poor interpolation of albedo and 

the mismatch of the observed and model required emissivity value could be problematic 

as well. Furthermore, HydroBlocks was calibrated at tile-level by maximizing the linear 

correlation coefficient of the time-series of simulated LST and observed MODIS LST per 

HRU. The calibration was assessed at regional level as well as the point level. The spatial 

pattern of the simulated LST over the domain was partly improved while the sensible heat 

simulation enhanced considerably at the site. Therefore, the approach introduced in the 

study shed the light on the promising prospect of tile-level calibration in spite of the 

uncertainties that require further study. 
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Appendix A 

Noah-MP parameterization options used throughout the study 

 

Process Option selected Description 

Dynamic vegetation 5 
On  

(use maximum vegetation fraction) 

Stomatal resistance 1 Ball-Berry 

Soil moisture factor for 

stomatal resistance 
1 Noah type 

Runoff and ground water 2 
TOPMODEL with an equilibrium 

water table 

Surface layer drag coefficient 1 Monin–Obukhov 

Supercooled liquid water  2 Koren's iteration 

Frozen soil permeability 2 Nonlinear effects  

Radiation transfer 1 Modified two-stream radiation 

Snow albedo 2 CLASS  

Precipitation partitioning 

(rainfall & snowfall) 
3 Based on the freezing point 

Lower boundary condition 

of soil temperature 
1 No heat flux from bottom  

Snow/soil temperature time 

scheme 
2 Full implicit  

Surface resistant to 

evaporation/sublimation 
1 Sakaguchi and Zeng (2009) 

Crop model 0 No crop model 
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Appendix B 

20 examples of MODIS LST and corresponding model simulated LST are shown 

below. The timestep is shown in the title of MODIS LST. The correlation coefficient of 

observation and simulation is shown in the title of simulated LST map.  
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