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ABSTRACT 

Groundwater monitoring in regional scales using conventional methods is challenging 

since it requires a dense network monitoring well system and regular measurements. 

Satellite measurement of time-variable gravity from the Gravity Recovery and Climate 

Experiment (GRACE) mission since 2002 provided an exceptional opportunity to observe 

the variations in Terrestrial Water Storage (TWS) from space. This study has been divided 

into 3 parts: First different satellite and hydrological model data have been used to validate 

the TSW measurements derived from GRACE in High Plains Aquifer (HPA). Terrestrial 

Water Storage derived from GRACE was compared to TWS derived from a water budget 

whose inputs determined from independent datasets. The results were similar to each other 

both in magnitude and timing with a correlation coefficient of 0.55. The seasonal 

groundwater storage changes are also estimated using GRACE and auxiliary data for the 

period of 2004 to 2009, and results are compared to the local in situ measurements to test 

the capability of GRACE in detecting groundwater changes in this region. The results from 

comparing seasonal groundwater changes from GRACE and in situ measurements 

indicated a good agreement both in magnitude and seasonality with a correlation 

coefficient of 0.71. This finding reveals the worthiness of GRACE satellite data in 

detecting the groundwater level anomalies and the benefits of using its data in regional 

hydrological modelling. 

In the second part of the study the feasibility of the GRACE TWS for predicting 

groundwater level changes is investigated in different locations of the High Plains Aquifer. 

The Artificial Neural Networks (ANNs) are used to predict the monthly groundwater level 
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changes. The input data employed in the ANN include monthly gridded GRACE TWS 

based on Release-05 of GRACE Level-3, precipitation, minimum and maximum 

temperature which are estimated from Parameter elevation Regression on Independent 

Slopes Model (PRISM), and the soil moisture estimations derived from Noah Land Surface 

Model for the period of January 2004 to December 2009. All the values for mentioned 

datasets are extracted at the location of 21 selected wells for the study period. The input 

data is divided into 3 parts which 60% is dedicated to training, 20% to validation, and 20% 

to testing. The output to the developed ANNs is the groundwater level change which is 

compared to the US Geological Survey’s National Water Information well data. Results 

from statistical downscaling of GRACE data leaded to a significant improvement in 

predicting groundwater level changes, and the trained ensemble multi-layer perceptron 

shows a “good” to a “very good” performance based on the obtained Nash-Sutcliff 

Efficiency which demonstrates the capability of these data for downscaling. 

In the third part of this study the soil moisture from 4 different Land Surface models 

(NOAH, VIC, MOSAIC, and CLM land surface models) which are accessible through 

NASA Global Land Data Assimilation System (GLDAS) is included in developing the 

ANNs and the results are compared to each other to quantify the effect of soil moisture in 

the downscaling process of GRACE. The relative importance of each predictor was 

estimated using connection weight technique and it was found that the GRACE TWS is a 

significant parameter in the performance of Artificial Neural Network ensembles, and 

based on the Root Mean Squared (RMSE) and the correlation coefficients associated to the 

models in which the soil moisture from Noah and CLM Land Surface Models are used, it 
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is found that using these datasets in process of downscaling GRACE delivers a higher 

correlated simulation values to the observed values. 
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1. INTRODUCTION 

Dissertation structure 

This dissertation consists of four major parts: the first part includes the introduction and literature 

review, and following three parts are related to the three manuscripts which are prepared with intent 

to be submitted to scientific journals as appendices A, B, and C. 

The bibliographic information and status for each of the manuscripts are as follows: 

 Ghasemian, D., Winter, C.L., Guertin, D.P., 2016, Groundwater monitoring from space in 

High Plains Aquifer using GRACE, ready for submission to Remote Sensing of 

Environment journal. 

 Ghasemian, D., Winter, C.L., Guertin, D.P., 2016, Downscaling grace satellite terrestrial 

water storage using Artificial Neural Networks, ready for submission to Journal of 

Hydrology. 

 Ghasemian, D., Winter, C.L., Guertin, D.P., 2016, Evaluating the GLDAS soil moisture 

products effect in groundwater level prediction using GRACE, and Artificial Neural 

Networks, in preparation for submission to Hydrogeology Journal. 

 

1.1 WATER RESOURCES AND GROUNDWATER SYSTEM 

About 1.1 billion people are lacking access to safe fresh drinking water in world (United Nations 

Development Program, 2006) and groundwater is an important resource as it contributes to most 

of the plant’s accessible fresh water (Koundouri & Groom, 2009). Groundwater is a vital source of 

reliable water for human use in different regions, and according to UNESCO, 2009 almost 50% of 

all drinking water is provided by groundwater sources. From 1940 to 1950 a rising trend in 
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groundwater use has occurred to overcome the fresh water shortage, and nowadays about 40% of 

irrigation water is provided by groundwater sources globally (Siebert, 2010). Unique characteristics 

of the groundwater resources such as, easy access to these resources, minimal capital costs for 

development, good quality due to filtering during recharge process, and greater tolerance to drought 

relative to surface water resources increases the dependence on groundwater for drinking and 

irrigation purposes (Giordano, 2009). Besides the mentioned properties of groundwater, it is a key 

input in most of the conventional economic sectors such as agriculture, industry and household. 

(Koundouri & Groom, 2010).  

In areas with high of water stress and extensive aquifer systems, groundwater is counted as an 

additional water resource and will be under extensive extraction, and if it exceeds the natural 

groundwater recharge, persistent groundwater depletion occurs (Wada, 2008). To avoid occurring 

unpleasant consequences from a lack of this strategic resource a comprehensive monitoring system 

and calculation of the groundwater availability are needed at all times. Thus a groundwater 

monitoring program and mapping of groundwater level can provide the required data to help 

making decisions related to management of groundwater resources (Baalousha, 2010). This 

assignment includes a vast variety of tasks such as, natural resource inventory, degradation rates, 

continuous water quality monitoring, and assessing and mapping of the annual abstraction levels 

(Babiker et al., 2007). So it is very important to have an up-to-date, quantitative, spatially explicit 

and timely source of information about the quality, quantity and distribution of groundwater in 

order to have an informed protection and restoration strategy for regions which have increasing 

population rates where there is a threat to maintaining sustainable water resource management 

(Chowdhury et al., 2009; MacDonald et al., 2012). 

Knowing and understanding of groundwater systems is complicated, since it is very laborious and 

expensive to make continuous observations on groundwater networks. Conventional methods 
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include the drilling and monitoring of groundwater wells only provide discrete sampling and partial 

information on basin scales. Generally storage of aquifer is monitored by piezometers at point to 

local scales, however the traditional methods will be problematic when it comes to regional or 

continental scale monitoring. Developed countries often have a dense monitoring well system, and 

the studies which use these networks have shown that the groundwater reflects a major variability 

in seasonal timescales with respect to other elements of the water cycle (Rodell & Famiglietti, 

2001). Estimating groundwater variations in regional scales is complicated due to obstructions in 

data formatting and inconsistency, temporal and spatial gaps, human errors, and lack of sufficient 

metadata to convert piezometric head to volumetric water storage. On the other hand maintaining 

an existing or developing a new well network is costly and labor intensive. Importantly in other 

countries the access to data could be limited to political boundaries, and those which are available 

may not be well founded and true (Rodell, et al., 2007). 

 

1.2 REMOTE SENSING AND GEOGRAPHIC INFORMATION SYSTEMS 

Conventionally, groundwater mapping and monitoring requires major field work and a proper 

geomorphic knowledge and additional data analysis. Despite the advantages of the traditional 

methods of monitoring groundwater storage change, their only practical uses are on local scales 

due to mentioned limitations in the previous section (Tweed et al., 2007). Nowadays with the 

advances in space technologies, the application of remote sensing has become available to estimate 

surface and subsurface changes on regional scales. The main advantage of these methods is that 

they provide quick groundwater mapping for broad and inaccessible areas (Jha, & Chowdary, 

2007). Traditionally remote sensing has been defined as the science of recording data about an area 

or feature without any physical contact with the target. Extracted information is recorded by sensors 
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to measure the Electromagnetic Radiation (EMR) reflected or emitted from objects. This definition 

should not restrict the term remote sensing to observing the Earth using sensors by measuring the 

radiation in visible to radio wave range of electromagnetic radiation spectrum, it also embraces the 

survey of gravity, electromagnetics and magnetics. Different sources such as satellites, drones, 

airplanes, etc. can be used in gaining the remotely sensed data (Brunner et al., 2007). Remote 

sensing application in hydro-meteorological aspects was a breakthrough in technology which 

improved the hydrologic simulations significantly. 

Most of the studies using remotely sensed data in estimating fluxes such as evapotranspiration or 

the hydrometeorological states such as land surface temperature, surface roughness, soil moisture 

in top layer of soil, water quality, snow cover, and land use/cover. Generally the hydrological 

application of remote sensing could be divided into three categories: 

1. Delineation of recognizable features on the surface such as snow cover, and reservoirs.  

2. Classification and interpretation of remotely sensed data to recognize more subtle features 

like land cover or specific geological features. 

3.  Application of digital data to estimate the hydrological states by calculating the correlation 

between remotely sensed data and the corresponding features on the ground (Kumar & 

Reshmidevi, 2013). 

Remote sensing used to apply only to qualitative estimation of groundwater by analyzing the 

geological features, surface morphology and the hydrologic properties (Singhal & Gupta, 1999; 

Das et al., 1997). But using gravity measurements and the geospatial technologies offers a cost-

effective and useful tool to identify and estimate the groundwater changes and leads to the more 

focused field surveys (Tweed et al., 2007; Chowdhury et al., 2009; Jasmin & Mallikarjuna, 2011). 

The repetitive properties of remotely sensed data also provides an opportunity to assess the 
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groundwater changes during a given period of time and space. Moreover digital formatting of 

remotely sensed data allows simple integration with Geographic Information Systems (GIS) for 

further interpretations (Machiwal et al., 2011). The integrated use of remote sensing, GIS and field 

surveys are known for being reliable tools in groundwater mapping and exploration in different 

regions of the world. Over the last few decades interests have exponentially been increased  in the 

international scientific community on this topic; many authors and researches have applied remote 

sensing and GIS in groundwater prospecting (Gustafsson, 1993; Minor et al., 1994; Krishnamurthy 

& Venkatesesa, 1996; Sabins, 1997; Sander, 1997; Teevw, 1999; Singh & Prakash, 2003; Sikdar 

et al., 2004; Sultan et al., 2008; Kusky & Gad, 2006; Jasrotia et al., 2007; Dineshkumar et al., 2007; 

Sreedhar et al., 2009; Chowdhury et al., 2009; Chowdhury et al., 2010; Jha et al., 2010; 

Mohammed-Aslam et al., 2010). 

Integration of remote sensing and GIS allows a synergistic processing of spatial data and leads to 

a more efficient interpretation of this data. Use of GIS in hydrology is a relatively new practice; 

but since its inception it has been responsible for hydrologists reaching major milestones in this 

field (Sener et al., 2005; Howari et al., 2007; Nagarajan & Singh, 2009). Using GIS in groundwater 

management also allows for the ability of storing, manipulating and analyzing data in various 

formats (Rahman, 2008; Voudouris, 2008; Sener et al., 2009; Voudouris et al., 2010). 

Classical hydrological measurements only provide data gathered from a weather station, a gauge 

station or a piezometer. Presently, a major problem in hydrology is how to apply data point 

information onto a regional scale. Using remote sensing and GIS this possibility has been provided 

for certain factors required in groundwater modeling. The patterns from remote sensing could be 

interpreted into a deterministic distribution of input data on a cell by cell or region basis. Even if 

derived remote sensing data includes uncertainties, using them decreases the degree of freedom of 

the model which gives a better posed inverse model and a better solution. Thus remote sensing is 
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considered to be a strong tool in gaining spatially distributed data used in modeling (Brunner et al., 

2007). 

 

1.3 DATASETS 

This section contains the characteristics of datasets which have been used in this research and are 

explained in detail. 

 

1.3.1 GRACE SATELLITE (GRAVITY RECOVERY AND CLIMATE EXPERIMENT) 

The GRACE satellite is considered a first of its kind satellite to satellite tracking concept and it 

refers back to the fundamental article written by Wolf in 1969. The US-German twin-satellite 

GRACE, launched by NASA on March 17, 2002, has the main objective: to precisely survey the 

Earth’s time variable gravity in order to be used in Earth system sciences (Tapley & Reigber 2001). 

The idea is to detect the spatio-temporal gravity field by micro-precise measurements of the inter-

satellite range of the two co-planar orbiting satellites, the GRACE satellite gives this opportunity 

to record the global gravity field down to a few hundred kilometers in spatial resolution and in 

monthly intervals in temporal resolution for the first time in the history (Ilk et al. 2005). As the two 

satellites pass a specific point, separated by a mean inter-satellite distance of about 220 kilometers, 

the distance between satellites changes by variations in gravity field felt by each individual satellite 

and measured as range and range-rate respectively (figure 1). The GRACE satellites are placed in 

a short orbit in altitude of about 450 km to detect the gravity field beyond the micron scale. A polar 

inclination of ~89.5° has been chosen to give global coverage. Two-frequency Global Positioning 

System receivers which are located on the satellites are responsible for providing the absolute 

positioning of the two satellites and their inter-satellite observations. Two star cameras are 
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assembled on each spacecraft to control the absolute and relative orientation of the satellites. There 

is a captive accelerometer located precisely at the center of each satellite to account for the non-

conservative contributions to the inter-satellite ranges and range rates by measuring the three 

dimensional vectors of non-conservative forces acting on each satellite. At the GRACE altitude 

there is air drag, and solar and Earth radiation pressure which causes those forces. By considering 

biases and scale factor, the accelerometer data is used to eliminate the non-gravitational part of the 

observed ranges and range-rate. A laser retro-reflector (LRR) is also located at the nadir panel of 

each spacecraft, and using the laser ranging data from the ground station network of the 

International Laser Ranging Service, which controls the calibration on main microwave tracking 

instruments. 

 

Figure 1. GRACE twin satellite schematic presentation (Abart, 2005). 

The Science Data System (SDS) is providing the time series of monthly GRACE gravity field 

models which is being used in the current analysis. Jet Propulsion Laboratory (JPL), Center for 
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Space Research (CSR), and the GeoForschungsZentrum Potsdam (GFZ) are the main organizations 

which form SDS. These datasets consist of monthly and historical mean sets of spherical harmonic 

coefficients of the gravity of the Earth which could be easily transferred to any other gravity 

function or surface mass anomalies. SDS teams have issued several releases since 2002, and the 

quality of these models have increased considerably during these years due to reprocessing of the 

increasing GRACE dataset, and the most recent release which has been used in this study is the 

number 5 and labeled as RL05. 

GFZ uses “dynamic approach” for recovery of global gravity models which is based on the 

Newtonian formulation for a satellite’s equation of motion in an inertial frame centered at the 

Earth’s center of mass. A numerical model with an adjustment technique to allow for determination 

of unidentified orbital, geometric, kinematic and dynamical parameters from observational data are 

combined to solve the non-linear problem of orbital determination and gravity recovery. By 

minimizing the observational residuals based on the Gaussian least square principle, the gravity 

parameters are calculated. Removing the non-gravitational systematic effects in the residuals 

caused by instrumental errors is the main issue to improve the initial values estimated for the gravity 

field parameters. More details about GRACE data parameterization could be found in Reigber et 

al. (2005) or Flechtner (2007). Gravity parameters for SDS team are the coefficients of a spherical 

harmonic expansion of the global gravitational potential. Equation 1 could be written for a time 

variable field (Heiskanen & Moritz 1967): 

( 1 ) 

𝑉(𝑟, 𝜃, 𝜆, 𝑡) =
𝐺𝑀

𝑅
∑ (

𝑅

𝑟
)

ℓ+1

∑ (𝐶ℓ̅𝑚(𝑡)𝑐𝑜𝑠𝑚𝜆 + 𝑆ℓ𝑚(𝑡)𝑠𝑖𝑛𝑚𝜆)�̅�ℓ𝑚(𝑐𝑜𝑠𝜃)

ℓ

𝑚=0

∞

ℓ=2

 

where: 
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GM is the product of gravitational constant into Earth’s mass [
𝑚3

𝑠2 ], R is the average radius of the 

Earth [m], the integers ℓ and m are the degree and the order respectively, 𝜆, 𝜃, 𝑟 denote the spherical 

coordinates with respect to Earth’s fixed frame, r is the radius [m] with 𝑟 ≥ 𝑅, 𝜃 is co-latitude 

between 0 and π, and 𝜆 is the longitude between 0 to 2π. The �̅�ℓ𝑚(𝑐𝑜𝑠𝜃) is normalized in 

association with Legendre-polynomials. 𝐶ℓ̅𝑚(𝑡) and 𝑆ℓ𝑚(𝑡) which are dimensionless spherical 

harmonic coefficients and represent the mass distribution producing the field at that instant of time. 

The low degree and order coefficient could be considered directly in terms with physical 

characteristics of the body of the Earth. For instance C20 (degree 2 and order 0) is comparative to 

the flattening of the Earth. In satellite data utilization, contributors to 𝐶ℓ̅𝑚 and 𝑆ℓ𝑚which are 

recognized are eliminated using background models. Thus to estimate corrections to a priori 

gravitational potential GRACE data residuals are used which is shown in equation 2.   

( 2 ) 

∆𝑉(𝑟, 𝜃, 𝜆, 𝑡) =
𝐺𝑀

𝑅
∑ (

𝑅

𝑟
)

ℓ+1

∑ (∆𝐶ℓ̅𝑚(𝑡)𝑐𝑜𝑠𝑚𝜆 + ∆𝑆ℓ𝑚(𝑡)𝑠𝑖𝑛𝑚𝜆)�̅�ℓ𝑚(𝑐𝑜𝑠𝜃)

ℓ

𝑚=0

∞

ℓ=2

 

where: 

∆𝐶ℓ̅𝑚(𝑡) and ∆𝑆ℓ𝑚(𝑡) cover the integral signal from all non-modeled gravity effects. 

To achieve a spatial resolution of 400 km, to determine time-variable coefficients up to degree and 

order 50, about 1 month of GRACE data is required to allow for enough dense ground track 

coverage as shown in figure 2. Thus the estimated coefficients for ∆𝐶ℓ̅𝑚(𝑡)and ∆𝑆ℓ𝑚(𝑡) is counted 

as the average over the input data for time period of about 1 month. By looking at figure 2, you can 

see as the time span (ΔT) for input data decreases, it causes a decrease in spatial resolution and 

conversely if the ΔT of input data increases the spatial resolution increases but at the same time it 
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causes a loss in temporal resolution. So SDS teams are producing monthly models from about 1 

month of GRACE inputs.   

 

Figure 2. Spatial coverage of GRACE ground tracks for 1 day equals to 15 revolutions (left) 

1 week (middle) and 1 month (right), at the bottom tradeoff between spatial and temporal 

resolution are represented. 

 

The significance of GRACE in water resources science is that with its launch a new capability to 

observe Total Water Storage (TWS) changes at broad spatial scales became available. The Total 

Water Storage or TWS is an integration of water stored in various components of hydrological 

reservoirs which contains surface water, soil water (root zone), snowpack and groundwater. TWS 

can be considered a good index to track the changes in hydrological conditions in regional and 

global scales (Frappart et al., 2011). From a hydrological point of view, the goal of GRACE satellite 

is to detect the mass changes assigned to the continental water cycle where it is expected to obtain 

valuable information about unidentified large scale mass transfer components (Rodell & 

Famiglietti 1999; Ilk et al. 2005). GRACE, by providing a quantitative estimation of water mass 

change over time, gives the hydrologists this opportunity to close the terrestrial water budget. 

Nowadays with more than 10 years of GRACE data, the long term trends in TWS is detectable 
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through comparison with model outputs and drought indices. Combining TWS derived from 

GRACE and Land Surface Models (LSMs) could give an opportunity to estimate different 

hydrological components especially groundwater changes without costly methods such as drilling 

bores (Longuevergne et al., 2010). Thus if the other hydrological components except groundwater 

could be subtracted from GRACE TWS, the estimation of groundwater changes will be possible. 

For instance, in a basin scale a basic water budget as shown in equation 3 can be written: 

( 3 ) 

𝑃 − 𝐸𝑇 − 𝑄 − ∆𝑆 = 0 

where: 

P denotes the total precipitation [mm], ET represents evapotranspiration [mm], Q is the discharge 

[mm], and ΔS is the change in storage [mm]. Variables such as precipitation and discharges are 

accessible through observations and evapotranspiration could be obtained from models, but the 

missing component in most of the regions in the world is change in storage (ΔS). But with estimated 

ΔS from GRACE the water budget can be easily closed in each individual basin. 

Despite of all mentioned advantages, TWS still stays insufficiently known at the regional and 

continental scales (Ramillien et al. 2008) due to lacking in systematic and complete observational 

data (Lettenmaier & Famiglietti, 2006). 

 

1.3.2 PRISM: (PARAMETER ELEVATION REGRESSION ON INDEPENDENT 

SLOPES MODEL) 

Elevation and precipitation relationship is variable but generally they have positive correlation 

which means the amount of precipitation increases with elevation (Oke, 1978; Barry & Chorley, 
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1987). There are exceptions that occur when the terrain rises beyond the height of the humidity 

boundary or trade wind inversion (Mendonca & Iwaoka, 1969). Heights by blocking and uplifting 

the humid air causes more precipitation on the windward slope, and as the humid air passes the 

peak the precipitation decreases sharply on the leeward side which is called rain shadow (Smith, 

1979; Daly et al., 1994, 2002). On the other hand temperature and elevation have a strong 

relationship with one another and as the elevation increases, temperature decreases (Willmott & 

Matsuura, 1995), but there are exceptions in this case too (Geiger, 1964; Hocevar & Martsolf, 1971; 

Bootsma, 1976; Gustavsson et al., 1998; Lindkvist et al., 2000, Clements et al., 2003 ; Daly et al., 

2003). These factors are the most important parameters at the scale of less than a kilometer to more 

than 50 kilometers (Daly, 2006). But there are some other spatial climate forcing factors which are 

more important when applied to scales of less than a kilometer; however they can be effective on 

larger scales too. These parameters are slope and aspect of the terrain (McCutchan & Fox, 1986; 

Barry, 1992; Bolstad et al., 1998; Lookingbill & Urban, 2003; Daly et al., 2007), riparian zones 

(Brosofske et al., 1997; Dong et al., 1998; Lookingbill & Urban, 2003), and landuse/landcover 

(Davey & Pielke, 2005).  

Now considering all these factors, a climate group in Oregon State University provided a set of 

monthly, yearly and single event gridded data products of different climatic factors such as 

precipitation, mean temperature, maximum and minimum temperature, and dew points and is called 

PRISM. There is in-situ point data which is being applied in the PRISM statistical mapping system. 

PRISM has been designed to account for complex climatic regimes by a weighted regression 

scheme and it considers rain shadows, orography, slope aspect, costal proximity, and temperature 

inversion. Spatial resolution for the climatologies are at 800 meters and monthly data at 4 

kilometers.  
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A climate-elevation regression model for each Digital Elevation Model (DEM) grid cell is 

calculated in PRISM. Each station entering the regression receives a weight based on physiographic 

resemblance of a station to each grid cell of DEM. There are many factors which have been included 

such as elevation, costal proximity, topographic aspect, location, vertical atmospheric layer and 

orographic effectiveness of the terrain. A main assumption in PRISM is that for a local region, 

elevation is considered to be the most significant parameter in precipitation and temperature 

distribution (Daly et al., 2002). About 13,000 stations for precipitation and 10,000 for temperature 

are being used for analysis. 

 

1.3.3 MODIS (MODERATE RESOLUTION IMAGING SPECTRORADIOMETER): 

MODIS consists of two satellites, Terra (EOS AM) and Aqua (EOS PM). Terra passes from north 

to south in the morning and Aqua passes south to north in the afternoon and they view the planet’s 

surface every 1 to 2 days. These satellites provide high radiometric sensitivity (12 bit) data in 36 

spectral bands with wavelength ranges from 0.4 µm to 14.4 µm. spatial resolution of two bands are 

250 meters at nadir, 500 meters for 5 bands and 1 kilometer for the remaining 29 bands. The EOS 

orbiting in 705 kilometers above the earth with a ±55 degree scanning pattern gives a 2,330 

kilometers swath. 

 

1.3.4 MOD16: 

The MOD16 is a part of NASA/EOS project and the goal of this project is to use satellite remote 

sensing data to estimate the global terrestrial evapotranspiration occurring on the Earth surface. 

The terrestrial evapotranspiration consists of evaporation occurred from moist soil, from rain 

intercepted by the canopy before arriving to the ground, and the transpiration from plant’s stoma. 
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The MOD16 evapotranspiration product provides valuable information in water resource 

management for instance it can be used in water and energy balance calculations or soil moisture 

estimation. The applied ET algorithm in this project is based on the Penman-Monteith equation 

(Monteith, 1965). Evapotranspiration (ET), latent heat flux (LE), potential evapotranspiration 

(PET), Potential latent heat (PLE) datasets from MOD16 are at 1 km2 for the ~190 million km2 for 

the global vegetated land surface at 8-day, monthly and annual time periods. Span period for these 

datasets start from year 2000 to 2014. In figure 3 the ET algorithm for daily ET calculation is 

represented. As you see there are three remotely sensed inputs in the model which are leaf index 

area, Albedo, and the land cover. The leaf index area is an important water flax in ecosystems with 

a high rate of water interception by plants. There are also 4 meteorological inputs on a daily basis: 

air temperature, air pressure, solar radiation, and the humidity (Mu et al., 2011). 
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Figure 3. Flowchart showing the logic of the MODIS ET algorithm for calculating daily ET 

(Mu et al., 2011). 

 

1.3.5 AMSR-E AQUA: (ADVANCED MICROWAVE SCANNING RADIOMETER - 

EARTH OBSERVING SYSTEM SENSOR ON THE NASA AQUA SATELLITE) 

The Advanced Microwave Scanning Radiometer-Earth observing system was the first satellite 

providing soil moisture as a standard product which was a joint project between NASA and JAXA 

(Japan Aerospace Exploration Agency). Soil moisture, precipitation, water vapor, sea surface 

winds, cloud water, sea ice concentration, and snow water equivalent are the variables which 

AMSR-E instrument measures. AMRS-E measures the polarized radiation horizontally and 

vertically for each frequency separately. This instrument measures polarized brightness 

temperature at 6.9 GHz, 10.7 GHz, 18.7 GHz, 23.8 GHz, 36.5 GHz, and 89.0 GHz. This satellite is 

considered as a passive microwave radiometer satellite which its sensing microwave radiations at 
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12 channels and 6 frequencies ranging from 6.9 to 89 GHz and the its spatial resolution differs from 

5.4 kilometers for 89 GHz to 56 kilometers for 6.9 GHz. AMSR-E orbits the Earth at 705 kilometers 

above the ground and measures the brightness temperature over a ±61 degrees angel of sub-satellite 

track which gives a 1445 kilometers swath width. 

Snow Water Equivalent (SWE) from AMSR-E has been derived in this study. To estimate the 

SWE, the average snow depth in each 25 kilometer EASE-Grid calculated and SWE for each cell 

computed using the snow depth and ancillary snow density as shown in equation 4. 

( 4 ) 

𝑆𝑊𝐸 = 𝑆𝐷(𝑐𝑚) × 𝜌(𝑔𝑐𝑚−3) × 10.0(𝑚𝑚) 

where: 

SWE = Snow Water Equivalent (cm) 

SD = Snow depth (cm) 

ρ = Density (gcm3) 

 

1.3.6 USGS SURFACE WATER DISCHARGE AND STORAGE CHANGES: 

The main duty of the U.S Geological Survey (USGS) National Water Information System (NWIS) 

is providing, maintaining and processing the water data for the United States. USGS stream gauge 

stations are located all over the United States, and to estimate the discharge as a part of water budget 

some of the records from these stations has been used in this research. Other USGS datasets such 

as groundwater level data also has been used. To provide the information about reservoirs storage 

Bureau of Reclamation, Natural Resources Conservation Service (NRCS), Texas Water 
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Development Board and the Oklahoma Water Resources Board datasets were considered. Table 

(1) summarizes some of the details about datasets which have been used in this study. 

Table 1. Datasets and their spatial and temporal characteristics. 

Data type Data source Spatial resolution Temporal Resolution Time span 

Total water storage GRACE 1 deg Monthly 2002-2013 

Precipitation PRISM 800 m/ 4 km Daily/Monthly 1981-2014 

Evapotranspiration MODIS (MOD 16) 1 km / 0.05 deg 8 days/Monthly 2000-2014 

Snow Water Equivalent AMSR-E 25 km/ 0.05 deg Daily 2000-2015 

 

1.4 ARTIFICIAL NEURAL NETWORKS 

Using different approaches and their combination for environmental modelling is crucial and 

selecting the best approach depends on the complexity of problem and full understanding of the 

problem. Generally as the complexity of problem increases the theoretical understanding of the 

problem gets harder and statistical approaches will be required. To address a problem, different 

factors needed to be considered such as access to required information, computational resources 

and strong theoretical understanding of the problem, plus a strong numerical model. The use of 

Neural Networks have been an effective alternative to more traditional statistical methods 

(Schalkoff, 1992). 

An Artificial Neural Network (ANN) can be defined as a biologically inspired numerical model 

which is made of “neurons” or processing elements and “weights” or connections between neurons 

(Kasabov, 1995). Deboeck and Kohonen (1998) defined Neural Networks as a group of non-linear, 

multi-layered, parallel regression techniques which can be applied in different approaches such as 

signal processing, clustering and forecasting. Later neural networks were defined as a model to fit 

a line, plane or hyper plane through a collection of points. Thus by the ANN modelling, one can 
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define a relationship that may exist between inputs and outputs or can use it to identify a 

representation of the data on a smaller scale. 

Each of neurons may receive thousands of input signals with just one output or several outputs and 

these outputs also may serve as inputs to another neuron. In this case neurons are interconnected 

and ordered as layers of neurons. In figure 4 you can see the schematic structure of a Neural 

Network and figure 5 represents inside of an output node and how each individual node works. The 

fascinating characteristics of ANNs, inspires professionals and scientists from all disciplines to find 

ways to use ANN and combining it with other methods such as Fuzzy techniques to apply in their 

desired issue. There are four important parameters in each ANN to be considered: 

 Neuron type, i.e., perceptron (McCulloch & Pitts, 1943), Fuzzy neuron (Yamakawa, 1990). 

 Architecture of ANN which is defined as organization of the neurons and the connections 

between them. 

 Learning algorithm which trains the network. 

 Recall algorithm by which learned information is obtained from the network (Kasabov, 

1995). 

There are different ways to categorize the ANNs. For instance ANNs can be divided into two 

groups based on the number of their inputs and outputs which are: 

1. Autoassociative in which input neurons are the output neurons for instance Hopfield 

network. 

2. Heteroassociative which contains separate input and output neurons, for example Kohonen 

network and Multi-Layer Perceptron (MLP). 
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Also they can be classified based on connections back from the output to the input neurons, which 

are listed below: 

1. Feedforward architecture: information in this type of ANN moves in one way from input 

to output. It means there are not any connections back into input neurons from output 

neurons, thus network does not have any memories from earlier outputs.  

2. Feedback architecture: this type of ANN has memory and network remembers previous 

states and next states, so there are connections back from output to input neurons like 

Hopfield network. 

Feedforward ANNs are being used in different application with satisfying results. There are several 

advantage of this architecture that makes it exceptional. The most important advantage of 

feedforward ANN is that it “learns” from examples so it does not require a user-specified problem 

solving algorithm, and the other advantage is that it has the ability to detect and respond to patterns 

that are similar but not identical to the data with which it has been trained. In other words they own 

an intrinsic generalization capability. Figure 6 shows typical networks for each category. 
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Figure 4. Basic Structure of an artificial neural network (Bhosale, 2016). 

 

 

Figure 5. Inner representation of a node: inputs (xi), weighted inputs (xwi) and sigmoid 

function (Bhosale, 2016). 
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Figure 6. A taxonomy of feedforward and feedback architectures (Jain et al, 1996). 

 

1.4.1 MULTILAYER PERCEPTRON (MLP) NETWORKS 

A multilayer perceptron is consisted of a system of interconnections between neurons. A multilayer 

perceptron is consisted of an input layer, one or more hidden layers (intermediate layers) and one 

output layer. Each of neurons in each layer is fully or partially connected to the neurons in the next 

layer depending on the network’s architecture (Werbos, 1990; Rumelhart et al., 1986). Figure 7 

represents a mapping between 3 inputs and 2 outputs, and two hidden layers. Connections between 

nodes (neurons) are the weights and the outputs which are a function of the sum of the inputs 

entering to that node adjusted by an activation or transfer function. By superposition of many 

simple nonlinear transfer functions, multilayer perceptron would be able to estimated complicated 

non-linear functions. Multilayer perceptron only can approximate linear functions if the transfer 

function is linear. There are different activation functions such as: threshold, piecewise linear, 

Gaussian, but the most common activation function is sigmoid function and its popularity is due to 

simplicity of its derivative computations (figure 8). Generally multilayer perceptron can be trained 

to approximate any measurable function (Hornik et al., 1989). One of the differences between 
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multilayer perceptron and other statistical techniques is that MLP makes no prior assumption about 

the data distribution, so it can model extremely non-linear functions. The architecture of multilayer 

perceptron is considered as a feedforward neural network, so the output from a node is scaled by 

the connection weight and fed forward to the node in next layer as an input. Generally the 

architecture of multilayer perceptron varies but as its name suggests it has several layers of neurons. 

The first layer in figure 7 includes inputs which it passes the input values to the network and does 

not have any computational effect. Multilayer perceptron can have one or more hidden layers, and 

as it is presented in our example the MLP has 2 hidden layers. And the last layer on the right side 

of the network is called output.  

 

 

Figure 7. A typical three-layer network with two hidden layers. 
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Figure 8. Sigmoid function representation 

To construct a multilayer perceptron a series of transformations are needed to connect layers one 

by one to each other. The first connection is between the hidden layer and the input layer. Let  

{𝑥𝑖}𝑖=1
𝑀  represents a set of “M” predictors and the hidden layer contains “K” neurons and each is a 

weighted sum of the predictors (Bishop, 2006): 

( 5 ) 

𝑎𝑘 = ∑ 𝑤𝑘𝑖
(1)

𝑀

𝑖=1

𝑥𝑖 + 𝑤𝑘0
(1)

                         𝑘 = 1, … , 𝐾 

where 𝑎𝑘 denotes a hidden layer, {𝑤𝑘𝑖
(1)

}
𝑖=1

𝑀
represents unknown weights related to each input 

neuron, and 𝑤𝑘0
(1)

 is the bias term. The superscripts show the layer number. In the next step equation 

5 goes to a transfer function to produce hidden layer outputs. 

( 6 ) 

𝑧𝑘 = 𝜓(𝑎𝑘)                           𝑘 = 1, … , 𝐾 

𝑦 =
1

(1 − exp(−𝑥))
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where 𝑧𝑘 are outputs, and 𝜓 denotes the transfer function. In the last step connection between 

hidden layer and output layer using a linear transfer function will be established: 

( 7 ) 

𝑦𝑗 = ∑ 𝑤𝑗𝑘
(2)

𝐾

𝑘=1

𝑧𝑘 + 𝑤𝑗0
(2)

 

where 𝑦𝑗(𝑗 = 1, … , 𝐽) are output neurons, and {𝑤𝑗𝑘
(2)

}
𝑘=1

𝐾
 are the unknown weights and 𝑤𝑗0

(2)
is the 

bias term (Bishop, 2006). In our study the number of output neurons is one. The unknown weights 

in equations 5 and 7 would be assigned in training stage through backpropagation algorithm. This 

process includes the propagating to fit errors backward through the network to achieve the optimal 

weights for each layer (Demuth et al., 2008). 

 

1.4.2 ANN MODEL TRAINING 

A learning process in the context of Artificial Neural Network can be described as the problem of 

updating network architecture and connection weights in a way that network can efficiently execute 

a desired task. Usually the network must learn the weights from available training patterns. By 

iteratively updating the weights the performance improves over time. To understand a learning 

process first of all you need to have a model of environment in which a neural network operates, 

so you can find out what information is available to the network. And then you need to understand 

how network weights are adjusted which in other words is to know what learning rules govern the 

updating process. 

There are four types of learning principles: 

1. Error correction 
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2. Boltzmann 

3. Hebbian 

4. Competitive 

In this study error correction rules will be used. The basic idea behind the error correction is to 

reduce signal error by adjusting connection weights. During the learning process the produced 

output y may not be equal to desired output d, so this rule tries to use (d-y) to decrease this error. 

The Backpropagation learning algorithm is based on error correction rule (Jain et al., 1999). A 

backpropagation neural network compares the provided new data with the network’s outputs and 

then feedback will be used to adjust the weights by computing the backward from output layer to 

hidden layers until the network categorizes all the training patterns correctly (Taylor, 1998). 

Backpropagation algorithm steps can be summarized in 7 steps: 

 Starting with small random values as initial weights. 

 A random input pattern would be selected. 

 It propagates the signal forward through the network. 

 It calculates 𝛿𝑖
𝑙 in the output (𝑜𝑖 = 𝑦𝑖

𝑙) 

( 8 ) 

𝛿𝑖
𝑙 =  𝑔′(𝑘𝑖

𝑙)[𝑑𝑖
𝑢 − 𝑦𝑖

𝑙] 

where 𝑔′ is the derivative of transfer function g, and 𝑘𝑖
𝑙 denotes the net input to the ith unit in the 

lth layer,  𝛿𝑖
𝑙 is the error computed, 𝑑𝑖

𝑢is the desired output, and 𝑦𝑖
𝑙 is the generated output. 

 By propagating the errors backward, the deltas for the preceding layers would be computed. 

( 9 ) 
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𝛿𝑖
𝑙 =  𝑔′(𝑘𝑖

𝑙) ∑ 𝑊𝑖𝑗
𝑙+1

𝑗

𝛿𝑖
𝑙+1                          𝑓𝑜𝑟 𝑙 = (𝐿 − 1), … , 1 

 Then updating the weights using equation 10. 

( 10 ) 

∆𝑊𝑗𝑖
𝑙 = 𝜂𝛿𝑖

𝑙𝑦𝑗
𝑙−1 

where 𝜂 is the learning rate (gain), and ∆𝑊𝑗𝑖
𝑙  is the change in the connection weight from unit i to 

unit j.  

 In the last stage it goes back to the second step and repeat next pattern until it achieves the 

error less than the pre-determined threshold or it reaches the maximum number of 

iterations. 

In summary ANN is considered as a computational model with the capability of learning from 

examples to generalizing, clustering data by adopting the optimum solutions (Jain et al., 2004). 

This method has been used in different applications to pattern recognition, forecasting, 

classification, and also has been applied in field of water resources for rainfall-runoff modelling 

(Khan & Coulibaly, 2006), reservoir inflow prediction (Jain et al., 1999), unsaturated soil hydraulic 

characteristics estimation (Jain et al., 2004), and crop evapotranspiration calculation (Kumar et al., 

2002). ANN also has been applied in downscaling of coarse resolution data to larger scales, for 

instance it has been used for downscaling Global Climate Models (GCMs) outputs (Weichert & 

Burger, 1998; von Storch et al., 2000; Schoof & Pryor, 2001; Dibike & Coulibaly, 2006). The 

predictors like wind speed or geopotential height from GCMs enter the ANN as inputs, and local 

meteorological observations are considered as outputs during training and validation steps. 
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2. LITERATURE REVIEW 

In this chapter previous studies and researches that have been done in groundwater management 

using remote sensing data especially GRACE satellite data will be reviewed. 

 

2.1 BACKGROUND 

A prelaunch research by Rodell and Famiglietti to predict the results from GRACE indicated that 

the monthly and seasonal changes in water storage would be detectable in basins with an area 

greater than 200,000 km2 (Rodell & Famiglietti 1999). The results from initial studies using 

GRACE data showed a major improvement in estimating the Earth’s gravity (Tapley et al., 2004) 

which led to estimating the monthly and annual anomalies in terrestrial water storage for the first 

time, even though the performance achieved was 40 times poorer than prelaunch studies (Wahr et 

al., 2004). 

Rodell & Famiglietti (2002) discussed the feasibility detecting groundwater storage change using 

GRACE satellite data in High Plains Aquifer. The calculated uncertainty of the GRACE’s estimates 

was around 8.7 mm compared with the observed periodic variations of approximately 20–45 mm 

in groundwater storage. 

Rodell et al. (2004) analyzed the Terrestrial Water Storage estimated by GRACE with results from 

Global Land Data Assimilation System and a water balance model and found out that the GRACE 

estimates from TWS lays somewhere between the water balance model and GLDAS driving the 

NOAH land surface model (Ek et al. 2003). 

Syed et al. (2005) suggested a land-atmosphere water balance to calculate the monthly basin “Total 

Basin Discharge” (which was the accumulation of groundwater storage change, surface water 
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changes, and tidal inflow and outflow) based on GRACE satellite data. This method was tested on 

the Amazon and Mississippi river basins in order to be applied in other major river basins in the 

world. The results showed a good correlation between streamflow and GRACE total basin flow but 

they found a significant differences in magnitude of low flows in Amazon and annual amplitudes 

in Mississippi river basins. 

Andersen et al. (2005), during an unusal heatwave in the summer of 2003 identified a notable mass 

loss over Europe. Estimated equivalent water thickness loss from FRACE was about 78 ± 10 mm 

and it was confirmed by comparing results with Global Land Data Assimiliation system and direct 

gravity observation data from superconducting gravitimeters. 

Schmidt et al. (2006) analyzed the signatures between monthly continental water storage 

anomalies with global Earth gravity driven from GRACE satellite. They compared the mass 

anomalies extracted from GRACE with water storage changes estimated from hydrological models, 

and it was found that when a 750 km radius filtering was applied on GRACE data, the hydrological 

signals produced by most of major basins in the world would be recovered by GRACE with a 

background model uncertainty of around 35 mm in equivalent water column height from one month 

to another. 

Yeh et al. (2006) using GRACE satellite data and observational soil moisture data, estimated the 

regional groundwater storage changes in Illinois, USA. The results from GRACE were compared 

to the results from in situ soil moisture data and observational well data. They reported a relatively 

good agreement in seasonality changes, but the magnitude in monthly basis was varied. A high 

correlation (about 0.8) found between the two datasets. The seasonal GRACE-derived groundwater 

storage change under 2 meters and observations has a correlation coefficient of 0.63. GRACE 
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performance was tested in this study for an area about 200,000 km2 and it was stated that GRACE 

had a reasonable performance in this scale. 

Chen et al. (2009) used GRACE satellite data to quantify the effect of the extreme drought 

occoured in Amazon River Basin in the summer of 2005 on hydrological storage components. Not 

suprisingly GRACE could detect the significant decrease in teresterial water storage in the central 

Amazon basin. On the other hand results from Land Surface Models (LSMs) underestimated the 

drought’s intensity. The GRACE-derived results were confirmed by comparing them to 

observational well data. 

Rodell et al. (2009) in a study in 3 states of India used 73 monthly GRACE gravity solutions and 

simulated soil-water variations from a data integrating hydrological modelling system. They 

removed GLDAS estimates of soil water storage variabilities from TWS to obtain the groundwater 

storage changes. Results show that groundwater is being depleted at a mean rate of 4.0 ± 1.0 

centimeters per year equivalent height of water over the 3 Indian states. 

Leblanc et al. (2009) combined GRACE data, in situ and hydrological model data to investigate 

the variation in different hydrological components of water cycle during the severe droughts in 

southwest Australia. Results showed quick drying surface water and soil moisture storages about 2 

years after the onset of drought in 2001. The loss from these components between January 2001 

and January 2003 about 12 km3 and 80 km3 was estimated respectively. They also reported a high 

correlation between GRACE derived groundwater storage changes and observational well data, 

and estimated the amount of water loss from this hydrological components was about 104 km3 

between 2001 and 2007. During these years the effect of the 2-year drought was still ongoing. 

Strassberg et al. (2009) tested the capability of GRACE satellite data in monitoring groundwater 

storage in semi-arid environment like High Plains Aquifer. They found out that GRACE terrestrial 
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water storage is highly correlated with the sum of groundwater storage and soil moisture. In the 

other part of study they compared the groundwater storage changes with results from GRACE TWS 

minus simulated soil moisture and a high correlation of 0.72 was reported. 

Famiglietti et al. (2011) applied GRACE satellite data to estimate the trend of groundwater storage 

changes in California’s Central Valley from October 2003 to March 2010. They found the rate of 

water loss in the basin was about 31 km3 during the study period. Using additional observational 

data and hydrological model data, it was found that the major of this loss is from groundwater 

storage change which was estimated about 20.4 ± 3.9 km3. Like Leblanc et al. (2009), they found 

that groundwater depletion correlated with times of drought. 

Henry et al. (2011) used GRACE and Global Land Data Assimilation System to estimate the 

groundwater storage changes and net annual recharge rate in Mali, Africa. They estimated the net 

recharge and storage anomalies by water table fluctuation method from observational well data. 

Comparison between GRACE-derived average annual net recharge and well data showed an 

average of 149.1 mm and 149.7 mm recharge respectively. They found that the peak of storage 

occurs in September and low in May, but the peak was shifted to November using corrected 

GRACE data, and they concluded that the prediction by GLDAS does not have a suitable 

performance in the study area. Their results showed that soil moisture-corrected GRACE data could 

predict the groundwater storage changes accurately which shows the worth of GRACE data in 

regions with limited field data. 

Scanlon et al. (2012) used GRACE satellite data as a tool for groundwater management in 

California Central Valley. They used ground-based well data to validate the GRACE-derived 

groundwater storage changes. Results showed a depletion of 31 km3 using GRACE satellite data 

for the period of October 2006 to March 2010. By comparing this result with the observational well 

data, it was concluded that both datasets had agreed in estimation of groundwater storage changes. 
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Huang, et al. (2012) examined the ability of GRACE satellite monthly data to detect the 

groundwater storage changes in Great Lakes Water Basin. Other datasets were used such as soil 

moisture, snow and lake data, and glacial isostatic adjustment model (GIA) predictions. To 

optimize the GRACE satellite signal extraction a two-step filtering method was established. The 

change in groundwater storage was estimated for the time period of 2002 and 2009. Results 

indicated that the average groundwater storage has an annual variation between 27 to 91 mm in 

water thickness equivalent. The groundwater storage loss estimated in Great Lakes Water Basin 

was 2.3 to 9.3 km3/yr for the study period of time. The reported range which is wide was referred 

to the differences in soil moisture and snow storage from different Land Surface Models.  

Sun (2013) investigated the capability of downscaling GRACE satellite data to predict groundwater 

level changes. He used Artificial Neural Network to predict the monthly and seasonal groundwater 

level changes in several wells in different locations in the United States. Inputs involving in his 

ANN where precipitation, GRACE, maximum and minimum temperature, and output was 

groundwater level changes. Results showed that GRACE satellite data has an acceptable role in 

ANN performance especially when the groundwater had been affected by extreme events like 

drought in recent years. 

Feng et al. (2013) evaluated the groundwater storage depletion from 2003 to 2010 using 

observational data and GRACE satellite data in North China. Their study area was located in a 

highly cultivated area which its irrigation was depended to groundwater sources. They simply 

removed the soil moisture component from the terrestrial water storage driven from GRACE to 

achieve the change in groundwater storage.  The results from GRACE were compared to values 

from observational well data. The rate of groundwater storage depletion were 2.2 ± 0.3 cm/yr and 

2.0 ± 2.8 cm/yr based on GRACE and observational well data respectively for the period of 2003 

to 2010. This results show a good agreement between the two datasets. However based on 
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Groundwater Bulletin of China Northern Plains for the same time period only 0.67 cm/yr of 

groundwater depletion was reported. 

Voss et al. (2013) estimated the trend of groundwater storage changes in north-central Middle East 

using GRACE satellite data. Results from GRACE showed a Total Water Storage (TWS) loss about 

27.2 mm/yr (143.6 km3 in volume) from January 2003 to December 2009. Using auxiliary data 

such as remotely sensed data and land surface models, they found that the major part of this loss is 

related to groundwater storage change which is estimated about 17.3 mm/yr equivalent water 

thickness or 91.3 ± 10.9 km3 in volume. 

Naranjo et al. (2014) presented a study in which they applied three methods for modifying 

GRACE estimates to account for increased soil moisture due to irrigation in High Plains Aquifer. 

The snow, surface water and biomass changes were ignored. The GRACE-derived results were 

compared to observed groundwater changes to test the models. Groundwater storage in High Plains 

Aquifer was depleted about 276 mm water equivalent on average for the period of 2003 to 2013. 

Chinnasamy et al. (2015) applied remotely sensed data including GRACE measurements to 

estimate the monthly groundwater storage changes and recharge rates in Rajasthan, India. The 

results were satisfying in detecting groundwater storage change in large scales covering different 

agroclimatic areas. 

Chen et al. (2016) applied GRACE satellite data to detect the groundwater decline in Victoria, 

Australia. The results from GRACE and observational well data agreed in finding the decreasing 

trend of groundwater. The rate of depletion estimated from GRACE and well data was about 8 ± 

1.7 km3/yr and 8.3 ± 3.4 km3/yr respectively from 2005 to 2009. They found a strong correlation 

between precipitation and groundwater depletion but only one fifth of the precipitation contributed 

in groundwater recharge which is primarily related to groundwater pumping for agricultural and 

domestic uses and drought.  
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Chen et al. (2016) reviewed the application of GRACE in groundwater studies and addressed the 

challenges in using GRACE data. They considered lack of observational data for surface water 

reservoirs, snow, and soil moisture is one of the challenges in using GRACE satellite data, since 

the application of GRACE time-variable gravity measurements are dependent to accurate removal 

of those 3 components.  

Ouyang et al. (2016) in a study used satellite based data to detect the groundwater storage changes 

in Northeast China with intensive agricultural fields. The development of farmlands over a 10 years 

period of time was identified from TM-Landsat series data. They used a combination of GRACE 

satellite data and observational datasets to estimate the water storage changes in hydrological 

components of the study area. The results showed that the forest located at the center of basin had 

a great amount of water storage. It was also mentioned that the higher value of terrestrial water 

storage was occurred in April. The average of decease in groundwater level was about 1.06 mm/yr 

in the period of 2003 to 2012. 
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3. K-MEANS CLUSTERING 

In this study, data series from 53 wells in High Plains Aquifer from U.S. Geological Survey 

database are used. Clustering is used to search for hidden patterns available in datasets. Clustering 

techniques are used for variety of purposes such as pattern recognition, image processing, 

information retrieval and data analysis. A typical clustering algorithm is K-Means clustering 

(MacQueen, 1967) which is used in this study to reduce the dimensionality of the data. The 

popularity of the K-Means clustering relies on simplicity and short calculation time which 

considered as the one of the simplest unsupervised learning algorithm. In K-Means clustering 

algorithm the input data is divided into “k” clusters which represented by an adoptively-changing 

cluster centroid, starting at some initial values called seed-points. There are several steps to in 

clustering process as follows: 

 K initial centroids are chosen (K is specified by the user and it shows the desired number 

of the classes) 

 Every point in the dataset is assigned to its closest centroid, so each collection of the points 

produces a cluster. 

 The centroid of each cluster is updated using assigned points in the collection. 

 Mentioned process is repeated until there is no change in cluster for any point. 

Generally K-means is expressed as an objective function which depends on proximity of each 

individual point to the centroids of the clusters. Mathematically K-means is defined as equation 11. 

( 11 ) 

𝐹𝑘 = ∑ ∑ ‖𝑥 − 𝑚𝑙‖2

𝑥∈𝐶𝑙

𝑘

𝑙=1
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𝑋 =  {𝑥1, 𝑥2, … , 𝑥𝑛} is the dataset, and the centroid of the cluster 𝐶𝑙 is 𝑚𝑙 = ∑
𝑥

𝑛𝑙
𝑥∈𝐶𝑙

 (1 ≤ 𝑘 ≤ 𝑘). 

𝑛𝑙 defines the number of the data objects in cluster 𝐶𝑙, and the number of the clusters is k. in general 

K-Means computes the squared distance of each point to the centroid of nearest cluster (Wu, 2012). 

 

3.1. RESULTS OF K-MEANS CLUSTERING 

Using K-Means clustering 53 wells in 4 specific groups were clustered. Table (2) represents the 

output of the clustering. 

Table 2. Clustering results using K-Means algorithm. 

Well ID Cluster Well ID Cluster Well ID Cluster 
405744100403701 1 430835101554601 2 400852101352701 3 

333515101202701 1 430923099461001 2 403235101395501 3 

341146101555701 1 375642097385305 2 403516101560601 3 

342059102280701 1 375814097324702 2 404519101170301 3 

352540101314401 1 380510097580401 2 404620101433401 3 

354325100560301 1 380931097410603 2 405137099085201 3 

420204101200502 2 391801100273801 2 431018101152001 4 

425956099520501 2 430928101532401 2 430037099535601 4 

425956101424101 2 431022101555001 2 323430101525304 4 

430010099580601 2 431022101570101 2 325730103213901 4 

430154100411801 2 431156099472601 2 332115103403301 4 

430310100245501 2 431330099484501 2 430715101444701 4 

430521101223401 2 431519099520301 2 401401101510701 4 

430524101481601 2 431530101264101 2 401703101394801 4 

430638099520801 2 405732100531201 3 402757101591201 4 

430642101455801 2 334404102414301 3 430924100460601 4 

430813100100001 2 392329101040201 3 430932100390001 4 

 

The recognized pattern for the wells are shown in figures (9) to (12). 
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Figure 9. Pattern recognized in cluster 1. 

 

 

Figure 10. Pattern recognized in cluster 2. 
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Figure 11. Pattern recognized in cluster 3. 

 

 

Figure 12. Pattern recognized in cluster 4. 

Figure (13) shows the map of the clustered wells in the High Plains Aquifer. 
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Figure 13. Spatial distribution of the clustered wells. 
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5. APPENDIX A. GROUNDWATER MONITORING FROM SPACE IN HIGH 

PLAINS AQUIFER USING GRACE 

Davood Ghasemian, C Larrabee Winter, David Phillip Guertin 

ABSTRACT 

Groundwater monitoring in regional scales using conventional methods is challenging since it 

requires a dense network monitoring well system with regular measurements. Satellite 

measurements since 2002 of time-variable gravity from the Gravity Recovery and Climate 

Experiment (GRACE) mission provided a unique opportunity to observe the changes in Terrestrial 

Water Storage from space. In this study, different satellite and hydrological model data have been 

used to validate the measurements derived from GRACE. Seasonal groundwater storage changes 

in High Plains Aquifer were estimated from GRACE and auxiliary data from 2004 to 2009, and 

results were compared to in situ measurements to test the capability of GRACE in detecting 

groundwater changes. TWS derived from GRACE were compared to TWS found from an 

independent water budget and the results aligned with a correlation coefficient of 0.55 (P < 0.005). 

Results from comparing seasonal groundwater changes from GRACE and in situ measurements 

also showed good agreement both in magnitude and timing with a correlation coefficient of 0.71. 

The results show the worthiness of using GRACE satellite data in hydrological modelling at 

regional scales. 

 

5.1 INTRODUCTION 

The main purpose of this study is to see how remotely sensed data can supplement estimates of 

groundwater storage. Most of the world’s accessible fresh water resources are provided by 

groundwater (Koundouri & Groom, 2009). The unique characteristics of these sources are: an 
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abundance of groundwater resources, good water quality, ease of accessibility by negligible capital 

costs, and greater tolerance to climatic phenomena; which makes people dependent on this source 

more than any other to provide their demands (Giordano, 2009). However if the extraction from 

this source exceeds the amount of recharge, it leads to an unsustainable situation. Thus these 

properties make the management of groundwater an important and crucial task because of the 

importance and value of the groundwater to the society. Using remotely sensed data in groundwater 

sciences can lead to advancement in the monitoring and managing of these sources. In this study, 

the GRACE performance in detecting the Total Water Storage changes will be compared to water 

budget estimates based on independent data sources in High Plains Aquifer (HPA). 

Comprehensive groundwater management requires a precise and continuous monitoring of these 

sources. This is achieved by mapping and modeling, in order to track the groundwater changes. 

The process of groundwater mapping requires considerable field work, strong geomorphologic 

knowledge of the study area, and extensive analysis (Babiker et al., 2007). In a regions where 

population is increasing rapidly, acquiring an up-to-date and integrated dataset about the 

magnitude, quality and distribution of groundwater resources is required in order to have 

sustainable groundwater management and to design an informed protection strategy (Chowdhury 

et al., 2009; MacDonald et al., 2012). 

Considering the difficulties using conventional methods in groundwater monitoring, such as lack 

of continuous data, sparse groundwater monitoring stations, high costs of maintaining monitoring 

stations, and uncertainties toward these preexisting methods, geospatial technologies provide an 

effective, and economic tool to identify and map these resources, and can contribute to a more 

efficient and focused field work (Tweed et al., 2007; Chowdhury et al., 2009; Jasmin & 

Mallikarjuna, 2011).  
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Much research has been done using remote sensing in the field of water resources. Most of these 

studies are related to applications which do not directly applied to groundwater resources such as: 

estimation of rainfall, land surface evaporation, water quality, runoff, flood, and drought 

management, and applications in irrigated agriculture (Singhal & Gupta, 1999; Das et al., 1997). 

However, recently the use of remotely sensed data has become feasible through the utilization of 

satellites whose mission objectives were specific to the monitoring of groundwater management.  

Many advantages for remotely sensed monitoring can be considered over the conventional 

methods. Two main examples are: the regionalization of monitoring, and the repetitive coverage of 

data which offers the continuous, uninterrupted information required in tracking groundwater 

storage changes worldwide. The digital format of remotely sensed data also makes it easier to 

import data into Geographic Information Systems (GIS) for analysis leading to a better 

understanding of the provided datasets (Machiwal et al., 2011).  

Varied studies have been fulfilled since launching GRACE all of which use the data in different 

regions for different purposes. An important aspect of this study is that the GRACE TWS will be 

valuated against an independent water balance TWS. This study will also estimate groundwater 

changes in 3 separate regions of High Plains Aquifer using GRACE TWS. The High Plains Aquifer 

is unique with sufficient density of observational data to validate the GRACE satellite outputs 

directly. Most of the previous research compared GRACE-derived TWS and hydrological model 

outputs (Frappart et al., 2013).   

Naranjo et al., (2014) in a study developed 4 models to modify GRACE estimates to account for 

increased soil moisture due to irrigation in High Plains Aquifer. They compared all four models by 

water level change measurements to evaluate the developed models to achieve a better estimate of 

GRACE data. Döll et al., (2014) in a study estimated the groundwater depletion at the grid cell, 
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country and global scales using a new version of WaterGAP model. They used provided TWS 

(Total Water Storage) from GRACE from three different centers and compared them to the model 

results. They found that groundwater depletion and TWS trends are simulated well where farmers 

in groundwater depletion areas irrigate at 70% of optimal water requirement. In another study 

Scanlon et al., (2012) used GRACE satellite to estimate groundwater variations in California 

Central Valley. They compared estimates of groundwater storage changes in the California Central 

Valley using GRACE satellites with storage changes from observed well data. Groundwater storage 

changes derived from GRACE agreed well with those from well data for the overlapped period. In 

another study, Huang et al., 2012 assessed the detectability of the groundwater variations in the 

Great Lakes Basin using GRACE data and some other auxiliary data. Their results show a loss of 

2.3 to 9.3 km3/yr of groundwater in the study area. Henry et al., (2011), used GRACE data and 

well-hydrograph data to identify the groundwater storage variability and recharge in Southern Mali, 

Africa. The estimated soil moisture using the Global Land Data Assimilation System (GLDAS) 

model was subtracted from the terrestrial water storage from GRACE to derive monthly 

groundwater storage anomalies and annual net recharge. Average annual net recharge estimated 

149.1 mm and 149.7 mm from observed water level records and GRACE data, respectively. Yeh 

et al., 2006 estimated the groundwater storage changes in Illinois using GRACE satellite data and 

in situ soil moisture measurements. They compared the results of seasonal groundwater changes 

derived from GRACE and soil moisture with the observational well data and found a good 

agreement between them (R = 0.83). 

This study compares groundwater storage changes derived from GRACE TWS with observational 

well data at two different scales to detect the seasonal and monthly changes in groundwater and 

will a water budget based on auxiliary datasets such as PRISM, Mod16 and discharges datasets to 

validate the Total Water Storage changes from GRACE. 
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5.2 MATERIAL AND METHODS 

5.2.1 STUDY AREA 

The High Plains Aquifer (HPA) with 175,000 square miles area is located in parts of eight states 

of Colorado, Kansas, Nebraska, New Mexico, Oklahoma, South Dakota, Texas, and Wyoming 

(Weeks & Gutentag, 1981) as shown in Figure (14). This area is mostly considered a semiarid 

region, with annual precipitation of 400-600 mm and mean annual pan evaporation from 1,500 to 

2,700 mm (Dennehy, 2000). The High Plains Aquifer has been suggested as an ideal location for 

validating GRACE TWS changes because of the aquifer area which has a suitable extent to cover 

the GRACE spatial resolution and it is the intensively monitored aquifer (U.S. National Research 

Council Committee on Earth Gravity from Space, 1997). 

 

Figure 14. High Plains Aquifer position on the US map (left) and model discretization 

(right). 
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5.2.2 DATASETS  

Practically the application of remotely sensed data in groundwater science started in 2002 by 

launching GRACE (Gravity Recovery and Climate Experiment) satellite. Its data provided a new 

capability to observe Terrestrial Water Storage (TWS) anomalies at broad spatial scale. The  

changes in Total Water Storage derived from GRACE is an integration of vertical variations in soil 

moisture, surface water, groundwater, snow water and biological water (Xie et al., 2016; Castle et 

al., 2014; Swenson & Wahr, 2006). The main goal of the US-German twin-satellite mission 

GRACE is to monitor and record the Earth’s time-variable gravity field precisely such that it can 

be applied to environmental sciences. GRACE is a first-of-its-kind satellite which has the 

responsibility of recording the global gravity field with the spatial resolution of a few hundred 

kilometers at the monthly temporal resolution relying on innovative micrometer-precise 

measurements of the inter-satellite separation. Gravity data driven from GRACE provides the 

scientists the ability to quantify the mass redistribution occurring near the Earth’s surface, which 

helps them to understand the changes in hydrological components which can play an important role 

in modeling of geophysical and climatologically driven processes (Ilk et al., 2005). 

The twin satellites of GRACE maintain a distance of 220 km from each other and are orbiting Earth 

at 450 km. This makes the GRACE footprint about 200,000 square kilometers (Scanlon et al., 

2012).  The Science Data System (SDS) is providing the time series of monthly GRACE gravity 

field models which is being used in current analysis. Jet Propulsion Laboratory (JPL), Center for 

Space Research (CSR), and the GeoForschungs-Zentrum Potsdam (GFZ) are the main 

organizations which form SDS. These datasets consist of monthly and historical mean sets of 

spherical harmonic coefficients of the gravity of the Earth which could be easily transferred in any 

other gravity function or surface mass anomalies. SDS teams have issued several releases since 

2002, and the quality of these models have been increased considerably during these years due to 
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reprocessing of the increasing GRACE dataset, and the most recent release which has been used in 

this study is the number 5 and labeled as RL05. The monthly surface mass anomalies data which 

are used as the equivalent water thickness in this study are RL05 spherical harmonics, provided by 

Jet Propulsion Laboratory (JPL). Since the C20 (degree 2, order 0) GRACE data contains a larger 

uncertainty the Satellite Laser Ranging C20 coefficients were replaced with the solutions from 

SLR-values (Cheng et al., 2011). To minimize the effect of correlated errors whose telltale signal 

are N-S strips, a de-striping filter was applied to the GRACE monthly anomalies. A Gaussian filter 

also has been applied to the data to remove the noise with 300 km wide window. The data related 

to the soil moisture was estimated based on monthly one-degree, nearly-global gridded data form 

NOAH land surface model (Rodell et al., 2004) for the study area. The soil moisture is calculated 

based on sum of the four soil moisture layers (0-10, 1-100, 100-150, and 150-200 cm) 

(Tangdamrongsub et al., 2016). 

Time-variable gravity measured by GRACE is converted by processing the raw data into surface 

mass change in the form of a thin layer of water on the Earth’s surface, called “equivalent water 

thickness (Wahr et al., 1998; Wahr, 2007; Chao, 2005). The equivalent water thickness change is 

also referred as change in terrestrial water storage. In fact the terrestrial water storage represents an 

integration of water stored in different hydrological components and is defined as the sum of the 

surface water, root zone soil water, snowpack and groundwater (Frappart et al., 2011). In fact the 

GRACE is not be able to measure the TWS anomalies directly and it is relevant to the absolute and 

relative acceleration of the twin satellites to the changes in gravity field of the Earth 

(Tangdamrongsub et al., 2016). TWS can be considered a good indicator of changes that occur in 

hydrological conditions globally and at basin scales (Frappart et al., 2011). Eq. (12) shows the 

relationship between TWS driven from GRACE and other hydrological components; 

( 12 ) 
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𝑃 − 𝐸𝑇 − 𝑄 − 𝑇𝑊𝑆 = 0 

Where P is total precipitation [mm], ET is evapotranspiration [mm], Q is discharge [mm], and TWS 

is the total water storage change [mm] in the study area. For most of the areas in the world the TWS 

component is missing while the other components are accessible by observations (P and Q) or 

models (ET). Different dataset sources and models for estimating P, ET and Q were used to estimate 

the TWS and compared to the TWS derived from GRACE. In the second part this study a 

comparison is made between groundwater storage changes derived from combination of GRACE 

TWS, soil moisture, and snow water equivalent with observational well data to assess the capability 

of GRACE in detecting seasonal groundwater storage changes. Anthropologic activities such as 

the irrigation, affect the water redistribution in the soil profile and changes the moisture interaction 

process between aquifer and vadose zone, and it still remains as one of the biggest simulation 

challenges in natural systems (Long et al., 2015). 

 

5.2.3 METHODS 

In order to match all datasets aquifer area was discretized with 1×1 degree pixels, which is the 

pixilation of GRACE, in result the model has consists of 56 cells as shown in Fig. (14), and then 

the area-average was calculated for all the dataset. 

To compare the Total Water Storage derived from GRACE, an independent water budget as 

shown in Eq. (13) is defined: 

( 13 ) 

𝑇𝑊𝑆𝑊 = 𝑃 − (𝑄 + 𝐸𝑇) 

where 
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𝑇𝑊𝑆𝑊 is monthly change in total water storage [mm], 

P is total precipitation derived from PRISM [mm], 

Q defines the total monthly surface water discharge averaged over the area [mm],  and 

ET represents total monthly evaporation from MOD16 [mm]. 

Precipitation in this equation was estimated from Parameter elevation Regression on Independent 

Slopes Model (PRISM). PRISM is a dataset of monthly, yearly, and single-event gridded data 

products of precipitation, mean, maximum and minimum temperatures, and dew points, primarily 

for the United States. The PRISM using a weighted regression model take in to account the most 

complex climate regimes associated with properties like rain shadow, costal proximity, temperature 

inversion, topography and etc. (Daly et al., 2008). To be able to compare results from water budget 

with Total Water Storage (TWS) from GRACE it is required to upscale PRISM data to 1×1 degree 

and then an area-average was calculated. All rasters for PRISM were downloaded from PRISM 

Climate Group website for the period of January 2004 to December 2009. Raster cell sizes for this 

dataset is 4×4 km, thus the monthly rasters were upscaled and averaged over the study area and the 

units also converted to mm to be matched with GRACE TWS. Using the defined boundary for High 

Plains Aquifer, all rasters were masked to the study area. 

The evapotranspiration component of the water budget was estimated from MODIS Global 

Evapotranspiration Project (MOD16). The objective of this project which is part of NASA/EOS 

project, is to estimate global terrestrial evapotranspiration from earth land surface using remotely 

sensed records. The MOD16 dataset consists of evapotranspiration (ET), latent heat flux (LE), 

potential ET (PET), potential LE (PLE) at the resolution of 1 km2 for the 109.03 Million km2 global 

vegetated land areas. This data is provided in 8-day, monthly and annual temporal resolution and 

covers the time period of 2000-2014. The ET algorithm is based on the Penman-Monteith 
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(Monteith, 1965) equation (Heinsch et al., 2003; Running et al., 2004). Mod16 data upscaled from 

0.05 degree to 1 degree, and all monthly data was summed over the study area. To get the real 

evapotranspiration MOD16 values were multiplied by 0.1 which was done using raster calculator 

tool in ESRI ArcGIS. 

The other component which is present in water budget equation is discharge. Preparing this 

parameter was more complicated than the other two components since there are not enough stream 

gauges with continuous data record for whole study period of time in all the basins. In order to 

overcome this limitation the Area-Discharge relationship was developed to calculate the discharge 

changes in the study area (Govers, 1992). The precise scaling relationship between drainage area 

and discharge is influenced by precipitation distribution and climate, but generally is defined by 

the empirical relationship as shown in Eq. (14): 

( 14 ) 

𝑄 = 𝑘𝐴𝑐 

where Q is river discharge [m3/s], k is a measure of discharge behavior but it can be affected by 

hydrologic variables such as precipitation characteristics and antecedent moisture conditions and 

its units depends on values of A and Q. “A” represents drainage area [m2], and c denotes for the 

scaling power dependency. Simple geometric scaling from area [m2] to discharge [m3/s] predicts 

that c should be 1 or close to 1. This linear scaling appears to hold in catchments with uniform 

hydrology, precipitation distribution and runoff generation (Dunne & Leopold, 1978). In order to 

establish Area-Discharge relationship, watershed delineation process was performed in a GIS from 

Digital Elevation Model (DEM). 30-meters DEM was downloaded and watershed delineation 

process in several steps took place. Eight main rivers in the study area were recognized (see table 

3) and the stream gauges, with continuous discharge records, were selected on those rivers and 
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added to map. To establish the Area-Discharge relationship, 85 stream gauges were selected. The 

relationship between Area of the catchments and discharges were tested by the regression analysis 

to evaluate the strength of relationship between two parameters. 

National Snow and Ice Data Center (NSIDC) provides the Snow Water Equivalent data with a 25 

km spatial resolution and 24-hour temporal resolution which were used in this study. This dataset 

covers the daily snow depth from 1998 to 2015, and the estimated monthly snow water equivalent 

average up to 2012 (Sturm et al., 1995; Brown & Mote, 2009). Daily values are averaged over 1 

by 1 degree pixels and converted to monthly values, and then averaged over the study area. 

After providing the above components, Total Water Storage (TWS) was estimated using the water 

budget equation. All anomalies recorded were compared with the changes in TWS, which were 

derived from GRACE. In fact, the monthly Total Water Storage anomalies derived from water 

budget were compared with GRACE TWS anomalies. Changes in the two sources simply were 

calculated by Eq. (15): 

( 15 ) 

∆𝑇𝑊𝑆 = 𝑇𝑊𝑆(𝑡2) − 𝑇𝑊𝑆(𝑡1) 

where: 

∆𝑇𝑊𝑆 is the change in total water storage anomalies from water budget or GRACE, 𝑇𝑊𝑆(𝑡1) and 

𝑇𝑊𝑆(𝑡2) are the total water storage at time period one and time period two respectively. Water 

budget TWS anomalies were compared with GRACE TWS variations: 

∆𝑇𝑊𝑆𝐺 ⟺ ∆𝑇𝑊𝑆𝑊 

Where ∆𝑇𝑊𝑆𝐺 is GRACE Total Water Storage anomalies and ∆𝑇𝑊𝑆𝑊 is water budget Total Water 

Storage anomalies. To test the relationship between GRACE-derived TWS and water budget TWS, 
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the null hypothesis, which assumes there is no relationship between two samples, was used and a 

T-test was implemented (Eq. (16)): 

𝐻𝑜: 𝑟1,2 = 0 

( 16 ) 

𝑡∗ =
𝑟1,2√𝑛 − 2

√1 − 𝑟1,2
2

 

where 𝑟1,2 is the correlation between ∆𝑇𝑊𝑆𝐺 and ∆𝑇𝑊𝑆𝑊, n is the total number of samples and 𝑡∗ 

is the calculated t (Neter & Wasserman, 1974). 

Different measures of error have been used to compare the results between GRACE TWS and water 

budget TWS. The first measure used in this study is Root Mean Square Deviation (RMSD) which 

is also referred as RMSE in other literature as shown in Eq. (17) (Jamieson et al., 1998). This 

measure shows the mean distance between simulated and target values: 

( 17 ) 

𝑅𝑀𝑆𝐷 =  √
1

𝑛
∑(𝑥𝑖 − 𝑦𝑖)2

𝑛

𝑖=1

 

where RMSD is the root mean square deviation, n is the number of samples, 𝑥𝑖 and 𝑦𝑖 are simulated 

and target values respectively (in here GRACE TWS and water budget TWS). 

Another measure used in this study is often called bias (MD), and is calculated as represented in 

Eq. (18) (Retta et al., 1996). The MD shows the difference between the averages of simulation and 

measurement and represents the different aspects of overall deviation: 

( 18 ) 
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𝑀𝐷 =  
1

𝑛
∑(𝑥𝑖 − 𝑦𝑖)

𝑛

𝑖=1

 

The difference between simulated and measured values can be expressed in Mean Squared 

Deviation (MSD) which is in fact the square of the RMSD and can be written as below in Eq. (19): 

( 19 ) 

𝑀𝑆𝐷 =  (�̅� − �̅�)2 +
1

𝑛
∑[(𝑥𝑖 − �̅�) − (𝑦𝑖 − �̅�)]2

𝑛

𝑖=1

 

where �̅� and �̅� represent the means of 𝑥𝑖 and 𝑦𝑖 respectively (i = 1, 2, 3 … n). The first term on the 

right hand side expresses the bias of simulated from the measured values (SB) and the second term 

in this equation is denoted as Mean Squared Variation (MSV) and represents the difference between 

the simulated and measures values with reference to the deviation from the means (Eq. (20)). As 

the MSV increases the model fails to simulate the variability of target value around the mean 

(Kobayashi & Salam, 2000): 

( 20 ) 

𝑀𝑆𝑉 =  
1

𝑛
∑[(𝑥𝑖 − �̅�) − (𝑦𝑖 − �̅�)]2

𝑛

𝑖=1

 

In this study 72 monthly GRACE data samples from January 2004 to December 2009 were used. 

Based on the Eq. (21) groundwater storage changes were computed in order to compare them with 

observational well data which is explained below: 

( 21 ) 

𝐺𝑊𝐺 = 𝑇𝑊𝑆𝐺 − (𝑆𝑊𝐸 + 𝑆𝑀) 

where 
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𝐺𝑊𝐺 denotes groundwater storage anomaly derived from GRACE 

𝑇𝑊𝑆𝐺 is the total water storage anomaly derived from GRACE 

𝑆𝑊𝐸 represents snow water equivalent storage anomaly, and 

𝑆𝑀 is the soil moisture storage anomaly 

In this research, biomass, surface water (reservoirs) and anthropologic changes have been ignored 

due to their negligible changes in water budget calculation in respect to other components 

(Strassberg et al., 2009). In order to validate the results from Eq. 18, the groundwater storage 

anomalies were calculated using time series from 53 wells across the High Plains Aquifer for 

January 2004 to December 2009 (Figure 15). Table 3 represents more details about the wells used 

in the study area, such as: well ID, depth and altitude of the wells, the states in which the wells are 

located, and the formation in which they are completed. These wells were selected based on their 

continuous data records for the whole study period of time. Calculated groundwater storage 

changes from well data were compared to GRACE derived groundwater storage changes to assess 

the capability of GRACE in detecting groundwater changes: 

𝐺𝑊𝐺 ⟺ 𝐺𝑊𝑜 

where 𝐺𝑊𝐺 represents the groundwater storage changes derived GRACE satellite data, NOAH, 

and MODIS data, and 𝐺𝑊𝑜 represents the groundwater changes from observational well data. 
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Table 3. The characteristics of wells used in the study (D stands for depth, and Alt for 

altitude). 

Well ID D (ft) St Alt (ft) Formation Well ID D (ft) St Alt (ft) Formation 

375814097324702 129 KS 1,402 Pleistocene 430923099461001 30 SD 2,301 Ogallala 

375642097385305 84 KS 1,432 Pleistocene 430638099520801 45.7 SD 2,246 Ogallala 

375259097252901 48.5 KS 1,368 ND 430521101223401 78.2 SD 3,071 Ogallala 

380510097580401 ND KS 1,548 ND 430037099535601 185 SD 2,288 Arikaree 

380931097410603 211 KS 1,455 ND 431022101570101 305 SD 3,335 Arikaree 

391801100273801 100 KS 2,677 ND 431022101555001 565 SD 3,327 Arikaree 

392329101040201 175 KS 3,177 Ogallala 430928101532401 382 SD 3,287 Arikaree 

342059102280701 301 TX 3,816 Ogallala 430835101554601 382 SD 3,284 Arikaree 

334404102414301 168 TX 3,724 Ogallala 430715101444701 345 SD 3,199 Arikaree 

352540101314401 767 TX 3,545 Ogallala 430642101455801 443 SD 3,199 Arikaree 

333515101202701 300 TX 3,052 Ogallala 430524101481601 279 SD 3,230 Arikaree 

354736102355001 326 TX 3,876 Ogallala 431530101264101 261 SD 2,933 Arikaree 

323430101525304 191 TX 2,855 Ogallala 325730103213901 212 NM 3,926 Ogallala 

354325100560301 466 TX 3,110 Ogallala 332115103403301 110 NM 4,363 Ogallala 

341146101555701 ND TX 3,513 Ogallala 401703101394801 180 NE 3,317 Ogallala 

430813100100001 51 SD 2,240 Ogallala 401401101510701 205 NE 3,458 Ogallala 

431018101152001 181 SD 2,998 Ogallala 400852101352701 180 NE 3,265 Ogallala 

430932100390001 163 SD 2,772 Ogallala 402757101591201 180 NE 3,513 Ogallala 

430010099580601 76 SD 2,380 Ogallala 403516101560601 192 NE 3,506 Ogallala 

425956101424101 164 SD 3,297 Ogallala 404519101170301 298 NE 3,245 Ogallala 

425956099520501 65.7 SD 2,348 Ogallala 404620101433401 225 NE 3,413 Ogallala 

430310100245501 125 SD 2,620 Ogallala 405732100531201 720 NE 3,081 Ogallala 

430154100411801 44.4 SD 2,800 Ogallala 405744100403701 760 NE 3,068 Ogallala 

431519099520301 42 SD 2,264 Ogallala 405137099085201 240 NE 2,262 Ogallala 

431330099484501 85 SD 2,332 Ogallala 403235101395501 230 NE 3,290 Ogallala 

431156099472601 65 SD 2,362 Ogallala 420204101200502 18 NE 3,437 Windblown 

Sand 
430924100460601 204 SD 2,868 Ogallala 
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Figure 15. The location of the wells used on the HPA. 

 

5.3 RESULTS 

To establish the area-discharge relationship 8 major rivers in the study area were identified and 

85 stream gauges were selected. These stream gauges were chosen based on the continuous data 

record and being in the same sub-watershed. In Figure (16) the location of stream gauges are 

indicated on the map which are used to establish the area-discharge relationship.  
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Figure 16. The location of stream gauges used to establish the area-discharge relationship. 

The relationship between Area and discharge for each of major river basins was established and it 

was examined by correlation coefficient as you can see in Table 4. The value of the C was almost 

1 in all of the cases and the value of k was case-dependent and varied in each sub-basin. 
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Table 4. Correlation coefficient calculated for each month in Area-Discharge relationship. 

River 
R 

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec 

Niobrara-Missouri 0.99 0.97 0.98 0.99 0.98 0.98 0.99 0.99 0.99 0.98 0.98 0.99 

P level 0.0005 0.005 0.0005 0.0005 0.0005 0.0005 0.0005 0.0005 0.0005 0.0005 0.0005 0.0005 

Platte 0.81 0.8 0.8 0.77 0.72 0.71 0.43 0.52 0.71 0.79 0.82 0.82 

P level 0.0005 0.0005 0.0005 0.005 0.005 0.005 0.1 0.05 0.005 0.0005 0.0005 0.0005 

Republican 0.62 0.71 0.7 0.49 0.71 0.78 0.73 0.72 0.66 0.73 0.71 0.5 

P level 0.05 0.025 0.025 0.1 0.025 0.01 0.01 0.01 0.025 0.01 0.025 0.1 

Arkansas 0.64 0.65 0.66 0.69 0.71 0.63 0.52 0.64 0.63 0.68 0.64 0.67 

P level 0.025 0.025 0.025 0.025 0.025 0.05 0.1 0.025 0.025 0.025 0.025 0.025 

Cimarron 0.82 0.81 0.75 0.78 0.74 0.78 0.73 0.7 0.77 0.74 0.78 0.81 

P level 0.01 0.01 0.025 0.025 0.025 0.025 0.025 0.05 0.025 0.025 0.025 0.01 

Beaver- N Canadian 0.83 0.93 0.79 0.84 0.85 0.86 0.81 0.64 0.75 0.7 0.83 0.95 

P level 0.01 0.0005 0.01 0.005 0.005 0.005 0.01 0.05 0.025 0.05 0.01 0.0005 

Canadian 0.66 0.73 0.67 0.58 0.59 0.63 0.57 0.68 0.66 0.65 0.63 0.67 

P level 0.05 0.025 0.05 0.1 0.1 0.05 0.1 0.05 0.05 0.05 0.05 0.05 

Southern rivers 0.56 0.6 0.76 0.63 0.61 0.63 0.52 0.63 0.63 0.83 0.69 0.57 

P level 0.05 0.05 0.01 0.05 0.05 0.05 0.1 0.05 0.05 0.005 0.025 0.05 

 

PRISM and MOD16 pixel values extracted, upscaled, converted, and averaged monthly over the 

study area for the period of 2004-2009. These datasets were combined with discharge values (Eq. 

13) to compare with the GRACE ΔTWS. Figure (17) represents three months of PRISM, MOD16, 

and discharge outputs as an example. 
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Figure 17. PRISM (first row), MOD16 (second row), and discharge (last row) outputs after 

converting and upscaling. 

Using the Eq. (10) datasets were combined to obtain the TWS for water budget for 2004-2009 to 

calculate the anomalies and compare with ΔTWS derived from GRACE. Figure (18) illustrates the 

integrated maps of HPA only for 3 months in 2004 as an example. These maps were produced for 

all months for the period time of 2004 to 2009 and then averaged over the aquifer area to compare 

with GRACE TWS. 
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Figure 18. Total Water Storage calculated from water budget for first 3 months of 2004. 

Comparing water budget equation ΔTWS and GRACE-derived ΔTWS: 

In order to compare the ΔTWS calculated from water budget, anomalies were calculated using the 

Eq. (12) and values for each month were compared with the corresponding value from ΔTWS of 

GRACE. The average monthly value for whole aquifer was calculated and compared to the 

corresponding value of GRACE ΔTWS as shown in Figure (19). Also Figure (20) represents the 

comparison between these two outputs in 3 separate regions of High Plains Aquifer.  

 

 

Figure 19. Comparison between GRACE-derived and water budget-derived TWS. 
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Figure 20. Comparison between GRACE and water budget TWS for northern (a), central 

(b), and southern (c) High Plain Aquifer. 

Comparing groundwater storage change and observational data to detect the seasonal change in 

storage: 

Groundwater storage changes were estimated using GRACE TWS, soil moisture calculated from 

Noah land surface model, discharge and snow water equivalent. The results were averaged over the 

study area and the seasonal changes were calculated then compared with the observational well 

data to test the capability of GRACE in detecting groundwater storage changes. Figure (21) shows 

the comparison between two datasets.  
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Figure 21. Comparison between groundwater storage anomalies derived from GRACE and 

in situ measurements. 

 

5.4 DISCUSSION AND CONCLUSION 

One of the goals of this study is to evaluate the TWS derived from GRACE satellite in comparison 

to the results from a water budget whose components mainly derived from remotely sensed data 

and hydrological models which are independent from GRACE’s TWS equation. Discharge changes 

were calculated using area-discharge relationship, and to test this relationship the Spearman’s 

correlation coefficient was used and results were shown in table 4. As we expected all the sub-

basins show a high correlation coefficient. The null hypothesis (H0: r=0) was rejected for all sub-

basins, Niobrara-Missouri (P = 0.0005-0.005), Platte (P = 0.0005-0.1), Republican (P = 0.025-0.1), 

Arkansas (P = 0.025-0.1), Cimarron (P = 0.01-0.05), Beaver- North Canadian (P = 0.0005-0.05), 

Canadian (P = 0.025-0.1) and Southern rivers (P = 0.005-0.1). Niobrara-Missouri sub-basin 

contains the highest and Arkansas sub-basin yields the lowest correlation coefficient. The reason 

for the lower correlation coefficient related to the Arkansas sub-basin can be linked to controlled 
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streamflow by reservoirs and dams; but for the remaining sub-basins a satisfactory correlation 

coefficient was obtained. 

All components of water budget have been upscaled, combined, and averaged over the study area 

to obtain the TWS. Anomalies were calculated and compared to the TWS anomalies derived from 

GRACE. In water budget equation (Eq. 13), precipitation was the biggest input among the others 

and surface water discharge changes had the least effect on the output in comparison to the other 

components. Using correlation coefficients a comparison was made between GRACE TWS and 

water budget TWS. Results showed an average correlation coefficient of 0.55. To test the 

relationship between Water budget and GRACE TWS the T-test was implemented. The null 

hypothesis was rejected which means there a relationship between two samples and based on the t-

test outcome, we conclude that the 2 datasets were correlated at the level of significance P < 0.005.  

Results in Figure (19) show how the anomalies between these two datasets change. The graph 

shows that the magnitude of both datasets are almost in the same range, although the peaks and 

valleys are different at multiple regions. GRACE-derived TWS with the maximum amplitude of 

~6.4 cm and water-budget-derived TWS with maximum amplitude of ~6.3 cm agree well with each 

other. The variation in GRACE TWS is less than the water budget derived TWS (this finding is 

agreed with Strassberg et al., 2009) which can be related to the fact that more inputs are considered 

in the water budget equation and the variation associated to inputs could affect the output variation. 

In general the seasonality of TWS in both datasets follow the same pattern, wet cold seasons and 

dry hot seasons.  

To compare the differences between TWS derived from GRACE and water budget different 

statistical measures were calculated. The RMSD calculated was about 2.42 cm and it represents the 

mean distance between GRACE and water budget TWSs which shows that the data points are not 
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so far from the fitted line. The MD achieved for these datasets was about -0.27 cm and it tells us 

how close the averages of the two samples are. This number suggests that the means of the two 

datasets are in a similar range, and in general the two methods estimate the same average of TWS. 

Also the two terms calculated as MSD were SB = 0.73 cm and MSV = 58.2 cm and they represent 

the difference between GRACE TWS and water budget TWS with respect to the deviation from 

the means, and an obtained value for the MSV is mostly due to the fluctuations found in water 

budget estimations.  

Comparing the variations of groundwater from GRACE TWS and water budget in three 

distinguished parts of the High Plains Aquifer shows diverse results. The northern part of the HPA 

represents R = 0.61 which is higher than central HPA (R = 0.42) and southern HPA (R = 0.32), and 

the main reason for this finding is due to the fact that the area of the northern part of the HPA is 

closer to the footprint of GRACE, so it can detect the changes in TWS better than the two other 

regions. But by considering all the graphs we can conclude that the GRACE has detected the 

changes in all regions well since the magnitude and seasonality agree in most of the study area. 

By comparing the groundwater storage changes derived from GRACE and in situ measurement in 

Figure (21) similar behavior can be found in both datasets. The change in magnitude illustrates 

approximately the same range and the seasonality also follows the same pattern, even though at 

some points lag has been influencing the prediction of groundwater change by GRACE in declining 

parts of the graph. GRACE overestimates the peaks in most of the study period which likely results 

from the irrigation process that is not considered in the model. The drawdown in measurement 

wells, which are located mainly in irrigated areas, are biased due to their close proximity to those 

areas where it is expected to observe high drawdowns. This finding is agreed with Strassberg et al., 

2009. A correlation coefficient of 0.71 (P = 0.0005) between two datasets was found which 
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indicates a strong relationship between GRACE seasonal groundwater changes and the 

observational well data. 

The main conclusion of this study is that GRACE derived groundwater storage and in situ 

measurements both in magnitude and timing of peaks and valleys corresponded a mutual agreeance 

to support the observed data. The overall correlation coefficient of 0.55 in TWS comparison and a 

0.71 correlation coefficient in GWS comparison show the worthiness of incorporating GRACE 

satellite data in hydrologic component calculation, especially groundwater storage change 

estimation, in large scales. Also the comparison within 3 parts of the High Plains Aquifer showed 

the capability of GRACE in detecting groundwater changes decreases as the scale of the study area 

decreases. 

 

5.5 APPENDIX A-1 

 

This section represents the figures and maps related to the Area-Discharge steps, and upscaling the 

PRISM, and MOD16. 

 

5.5.1 AREA-DISCHARGE 

 

To establish the Area-Discharge relationship, the process of watershed delineation from Digital 

Elevation Model of the study area is fulfilled in the ArcGIS environment. Using 30-meters DEM, 

watershed delineation process in several steps as listed below is performed: 

 Fill the sinks: Using “fill tool” all the imperfections (sinks) available in the digital 

elevation model was eliminated. 
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 Direction grid creation: A flow direction grid allocates a value to each cell of the grid to 

indicate the direction of flow (in the other words it assigns a direction that water will flow 

from that particular cell based on the underlying topography of the landscape). This is an 

important step in hydrological modeling since it determines the ultimate destination of all 

the water flowing from upstream to downstream. 

 Flow accumulation grid creation: This tool by identifying the upstream cells that may 

flow to a particular cell calculates the flow into each downstream cell.  

 Outlet point assigning (pour point): Pour point placement is another important step in the 

process of watershed delineation. A pour point must be located in high flow accumulation 

areas because it is used to estimate the total contributing water flow to that point. 

 Snapping pour points: By using “snap pour point tool” any error during the pour point 

placement has occurred will be corrected since it snaps the pour points created in 

previous step to the closest cell of high flow accumulation and it converts the those pour 

points to raster format. 

 Delineate watersheds: And finally using “watershed tool”, the watershed delineation 

process would be completed. 

Figure (22) shows the classified elevation in the study area and figure (23) represents the steps 

toward watershed delineation process. 
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Figure 22. Representation of the elevation change in High Plains Aquifer. 
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Figure 23. Top-left: flow direction map, top-right: stream orders based on Strahler 

numbering, down-left: streams and assigned pour points, and down-right: delineated 

basins. 

5.5.2 PRISM AND MOD16 
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PRISM and MOD16 pixel values are extracted, upscaled, and averaged monthly for the current 

study. These datasets are combined with discharge values to validate the GRACE ΔTWS. Figures 

24 to 35 represent the results from PRISM and MOD16. 

 

Figure 24. PRISM and MOD16 results from Jan 2004 to Jun 2004. 
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Figure 25. PRISM and MOD16 results from Jul 2004 to Dec 2004. 

 



103 
 

 

Figure 26. PRISM and MOD16 results from Jan 2005 to Jun 2005. 
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Figure 27. PRISM and MOD16 results from Jul 2005 to Dec 2005. 



105 
 

 

Figure 28. PRISM and MOD16 results from Jan 2006 to Jun 2006. 
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Figure 29. PRISM and MOD16 results from Jul 2006 to Dec 2006. 
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Figure 30. PRISM and MOD16 results from Jan 2007 to Jun 2007. 
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Figure 31. PRISM and MOD16 results from Jul 2007 to Dec 2007. 
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Figure 32. PRISM and MOD16 results from Jan 2008 to Jun 2008. 
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Figure 33. PRISM and MOD16 results from Jul 2008 to Dec 2008. 
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Figure 34. PRISM and MOD16 results from Jan 2009 to Jun 2009. 
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Figure 35. PRISM and MOD16 results from Jul 2009 to Dec 2009. 
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6. APPENDIX B. DOWNSCALING GRACE SATELLITE TERRESTRIAL 

WATER STORAGE USING ARTIFICIAL NEURAL NETWORKS 

Davood Ghasemian, C Larrabee Winter, David Phillip Guertin 

ABSTRACT 

Using remotely sensed data in groundwater sciences started with the launching of GRACE satellite 

in 2002 and it has opened a new chapter of monitoring groundwater from space; although there are 

some challenges toward using GRACE satellite data such as coarse spatial and temporal 

resolutions. In this study different datasets from models and satellite data are used as input to 

develop Artificial Neural Network. The input data is divided into 3 sections: 60% training, 20% 

validation, and 20% testing. A single-layer neural network is developed to predict the groundwater 

level changes in 21 wells located in the High Plains Aquifer. Results have shown about 67% of the 

developed networks have an “acceptable” to “very good” performance based on Nash-Sutcliff 

Efficiency measure. Also by analyzing the relative importance of the inputs, it is revealed that 

GRACE satellite data plays a significant role in predicting the groundwater level changes. 

 

6.1 INTRODUCTION 

 Groundwater could be considered as a “Hidden asset” to every society. Lots of people are not 

aware of its existence and the worth of this source to human civilization. As a consequence taking 

proper care of this resource (e.g. monitoring, management and protection) in some regions are 

neglected. The most accessible fresh water (excluding ice caps and glaciers) on the planet is 

groundwater (Quevauviller et al., 2009); but unfortunately excessive groundwater withdrawals 

from wells for different purposes, especially for agricultural irrigation, causes a noticeable decline 

(in some places up to 200 m) in groundwater levels all over the world (Rodell & Famiglietti, 2002; 
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Wang et al., 2006; Scanlon et al., 2012a, 2012b; Famiglietti, 2014). In order to achieve a sustainable 

resource management it is required to monitor and manage groundwater resources properly. Since 

the conventional methods of monitoring aquifers, like drilling observational wells, are limited in 

space and time, using new technologies could help to create a comprehensive monitoring system; 

technologies such as remote sensing. The capability of directly measuring groundwater changes 

from space is not possible yet (Becker, 2006; Brunner et al., 2007) but using Gravity Recovery and 

Climate Experiment (GRACE) satellites these changes are indirectly detectable. The use of 

GRACE satellites data in measuring water storage changes in large basins is increasing. The 

GRACE satellites were launched in 2002 to measure the time-variable gravity field of the Earth 

(Tapley et al., 2004). Two identical satellites of GRACE mission are orbiting Earth at the elevation 

of about 450 km and records the changes in Terrestrial Water Storage (TWS) in monthly intervals 

(Bettadpur, 2007; Bruinsma et al., 2010). Most of the changes in gravity recorded by GRACE is 

related to change in redistribution of water in the land atmosphere system (Wahr et al., 1998; Tapley 

et al., 2004). The change in GRACE TWS is mostly used in reference to changes in groundwater 

storage, soil moisture storage, surface water reservoirs storage, and snow water storage as shown 

in equation 22 (Schmidt et al., 2006; Wada et al., 2010). 

( 22 ) 

∆𝑇𝑊𝑆 =  ∆𝐺𝑊𝑆 + ∆𝑆𝑀𝑆 + ∆𝑆𝑊𝑅𝑆 +  ∆𝑆𝑊𝑆 

where: 

∆𝑇𝑊𝑆 is the change in Terrestrial Water Storage 

∆𝐺𝑊𝑆 refers to change in groundwater storage 

∆𝑆𝑀𝑆 denotes the change in soil moisture storage 
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∆𝑆𝑊𝑅𝑆 represents the change in surface water reservoir storage, and 

∆𝑆𝑊𝑆 is the change in snow water storage. 

The changes in these components are expressed in terms of Water Equivalent Height (WEH) which 

simply represents the volume of water over an area. The development of 1°× 1° gridded GRACE 

data has increased its application in water studies (Landerer & Swenson, 2012). But this grid size 

still is too large to be considered in local groundwater assessment studies. On the other hand the 

point measurements of groundwater can be limited to a small area around it and cannot reflect the 

spatial variation of groundwater level in regional scales. GRACE satellite data potentially can solve 

this limitation but unfortunately because of the coarse resolution of GRACE data, the application 

of this data in regional hydrological researches is challenging. One of the solution to this problem 

is to downscale GRACE TWS to a finer scale (Ning et al, 2014) which is the main objective of this 

study. 

One of the definitions of downscaling is to reconstruct the variation of a value at a given scale with 

the assumption that these values at the larger scale represent the average of those values at the finer 

scale (Becker & Braun, 1999). Different downscaling methods in various fields of study have been 

performed but they are generally grouped in two categories which are stochastic and deterministic 

downscaling. Stochastic downscaling uses the statistical distribution functions based on empirical 

relationship between datasets while deterministic downscaling uses physically based models to 

estimate the spatial patterns (Hay & Clark, 2003). In order to achieve a successful application of 

downscaling, it is essential to investigate the relationship between large and small scale values 

(Yirdaw et al., 2011). 

Most of the works that have been done using GRACE satellite data are related to application of 

those data for different purposes such as: estimating groundwater storage changes, evaluating 
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evapotranspiration estimates, drought, change in terrestrial water storage, and variation in Antarctic 

ice sheets. (Horwath et al., 2012; Ndehedehe et al., 2016; li & Rodell, 2015; Billah et al., 2015; 

Freedman et al., 2014; Naranjo et al., 2014; Scanlon, et al., 2012a; Song et al., 2014; Wang et al., 

2014; Sun et al., 2012). There are multiple studies dealing with the capability of downscaling 

GRACE satellite data such as Yirdaw et al. (2011) who developed an Artificial Neural network to 

explore the feasibility of downscaling GRACE satellite data for regional hydrological models over 

the Assiniboine Delta Aquifer, Manitoba. They found a correlation coefficient of 0.5 to 0.85 

between downscaled and measured groundwater storage. Kuss et al. (2012) downscaled the 

GRACE TWS using the C2VSIM hydrological model over the California’s Central Valley. It was 

found at the regional level the results were comparable with the C2VSIM model outputs. Sun 

(2013) investigated the feasibility of the GRACE TWS for predicting groundwater level changes 

in different regions across the United States. The Artificial Neural Network was used to predict 

monthly and seasonal groundwater level changes. It was found that the GRACE TWS is a 

significant parameter in the performance of Artificial Neural Network ensembles. In the current 

study the capability of GRACE TWS as a predictor to simulate the groundwater level change in 

High Plains Aquifer is tested. 

 

6.2 MATERIAL AND METHODS 

 

6.2.1 STUDY AREA 

The study area has been explained in appendix A, so please refer to section 5.2.1 for more details.  
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6.2.2 METHODS 

The data employed in this research includes monthly gridded GRACE TWS based on Release-05 

of GRACE Level-3 for the period 01/2004-12/2009 and is accessible from Jet Propulsion 

Laboratory’s (JPL) ftp (JPL, 2016). These gridded datasets give users who have no background in 

GRACE data processing to access the TWS time series (Sun, 2013). Precipitation, minimum and 

maximum temperature are the other components which were estimated from Parameter elevation 

Regression on Independent Slopes Model (PRISM). PRISM, with a spatial resolution 4km × 4km, 

is a dataset that includes monthly, yearly, and single-event gridded data products of precipitation, 

mean, maximum and minimum temperatures, and dew points, which are provided mostly for the 

United States (Daly et al., 2008). The soil moisture estimation used in this study was obtained from 

Land Surface Models (LSMs) (Ek et al., 2003; Koster & Suarez, 1992; Liang et al., 1994) which 

are accessible through NASA Global Land Data Assimilation System (GLDAS) (Rodell et al., 

2004, 2009). The monthly soil moisture storage values for the High Plains Aquifer from 2004 to 

2009 were estimated using NOAH land surface model. All the values for this dataset were extracted 

at the location of wells for the study period. Also groundwater level data, which was obtained from 

U.S. Geological Survey’s National Water Information System, are used in this study as output to 

ANN.  

Before downscaling GRACE satellite data, the relationship between GRACE TWS and in situ 

measurements was tested to select the wells with correlation coefficient higher than 0.4. This 

relationship was tested by t-test represented in equation (23). Also the chosen wells must have 

continuous record data during study time span. Based on these characteristics 21 wells were 

selected to participate in ANN development. Figure (36) represents the location of chosen wells on 

the aquifer map. Table (5) represents information about the wells used in this study. 

( 23 ) 



127 
 

𝑡∗ =
𝑟1,2√𝑛 − 2

√1 − 𝑟1,2
2

 

where 𝑟1,2 is the regression between GRACE TWS and well anomalies, n is the total number of 

samples and 𝑡∗ is the calculated t (Neter & Wasserman, 1974). 

 

Figure 36. The location of wells on the aquifer map. 
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The capability of GRACE TWS for downscaling was tested using the well data in the High Plains 

Aquifer. As seen in figure 36, some of the 1-degree-cell-size GRACE cells contains several 

measuring wells, which can be used to evaluate the worth of GRACE TWS for downscaling 

purposes since there are multiple sites located in the same pixel of GRACE (Sun, 2013).  

 

Table 5. Wells used in the study (D stands for depth, ST for state and Alt for altitude). 

 Site ID Well name D (ft) ST Alt (ft) Formation 

1 430524101481601 Z 279 SD 3,230 Arikaree 

2 430835101554601 P 382 SD 3,284 Arikaree 

3 430928101532401 O 382 SD 3,287 Arikaree 

4 431022101555001 L 565 SD 3,327 Arikaree 

5 431022101570101 K 305 SD 3,335 Arikaree 

6 430154100411801 G 44.4 SD 2,800 Ogallala 

7 430310100245501 F 125 SD 2,620 Ogallala 

8 430932100390001 N 163 SD 2,772 Ogallala 

9 425956099520501 E 65.7 SD 2,348 Ogallala 

10 430638099520801 X 45.7 SD 2,246 Ogallala 

11 430813100100001 B 51 SD 2,240 Ogallala 

12 431156099472601 J 65 SD 2,362 Ogallala 

13 431330099484501 Y 85 SD 2,332 Ogallala 

14 431519099520301 H 42 SD 2,264 Ogallala 

15 420204101200502 U 18 NE 3,437 Windblown Sand 

16 405744100403701 R 760 NE 3,068 Ogallala 

17 405137099085201 T 240 NE 2,262 Ogallala 

18 391801100273801 C 100 KS 2,677 ND 

19 375642097385305 S 84 KS 1,432 Pleistocene 

20 380931097410603 A 211 KS 1,455 ND 

21 323430101525304 D 191 TX 2,855 Ogallala 

 

The approach taken in this study to downscale GRACE satellite data is Artificial Neural Network 

which is used as statistical downscaling technique. This approach has been widely employed in 

stream water forecasting and other water-related approaches (e.g., ASCE, 2000a, 2000b; Chang & 

Chang, 2006; House-Peters & Chang, 2011; Hsu et al., 1995; Maier et al., 2010; Moradkhani et al., 
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2004, Tolika, 2007; Hassan, 2015). Artificial Neural Network is a nonlinear statistical modeling 

tool which declares complicated relationships between a set of input data (Predictors) and outputs 

(Predictants). One of the biggest advantages of ANNs, to derive transfer functions between 

predictors and predictants, is that it is not necessary to have a well-defined algorithm process to 

convert the independent variables to dependent variables. In order to ANN regenerate the desired 

outputs, it needs a simple collection of representative examples of desired translations (Freeman & 

Skapura, 1991). 

 

Architecture of ANN 

Determining the best architecture of ANN is always challenging, and finding the most suitable 

structure usually can be achieved by repetitive trial and error process during which various 

architectures are tested and compared to other architectures (Khaw et al., 1995; Maier & Dandy, 

1998a, 1998b; Benardos & Vosniakos, 2002). Generally a Multi-Layer Perceptron (MLP) consists 

of an input layer, one or more hidden layer(s), and an output layer. The number of inputs in the 

developed ANN in this study is 5 and there is only 1 output. One of the most common ANN 

architectures used in many aspects is the feedforward multilayer perceptron using the error 

backpropagation weight update rule (Dawson & Wilby, 2001) which is employed in this study. The 

input data developed ANN moves forward through the hidden layers and after processing moves 

to the output layer. This forward movement of data processing is called feedforward method. By 

passing the weighted inputs through an activation function the value of outputs will be calculated. 

The selection of activation function depends on the chosen training algorithm and the type of 

network; however the sigmoid function is the most popular function (about 64%) (Dawson & 

Wilby, 2001) which is employed in this study. Figure 37 shows the schematic representation of the 

ANN developed for this study.  
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The inputs used in developing ANN were precipitation, minimum temperature, and maximum 

temperature (estimated from PRISM), GRACE-derived TWS, and soil moisture (estimated from 

NOAH land surface model). Before training, all the datasets need to be linearly standardized 

(between 0.01 and 0.99) in order to ensure all the variables receive equivalent consideration during 

the process of training. The number of hidden layers used in this study was 1 which was less than 

half of the number of inputs (the rule of the thumb in choosing the number of hidden layers is that 

it should be about half of the number of predictors and it should never exceed than twice the number 

of them) (Berry & Linoff, 2004; Minns & Hall, 1996). But practically the optimum number of 

hidden layers would be selected based on trial and error in which the number of hidden layers 

would be increased slowly until achieving the minimum RMSE in the training dataset. And finally 

there was a single output which is the groundwater level changes at the well point locations. Input 

data is divided into 3 parts which 60% was dedicated to training step, 20% to validation, and 20% 

to test the trained models. 

To account the uncertainty of ANN models and improve generalization and stability of these 

models different ensemble methods such as bagging (Breiman, 1996), randomization of initial 

weights (Dietterich, 2000; Opitz & Maclin, 1999), and boosting (Freund & Schapire, 1997) are 

suggested. In fact an ANN ensemble is defined as the number of ANNs that are trained for a specific 

goal whose predictions are combined to produce a unique output (Sharkey, 1999). Shu and Burn 

(2004) found that in terms of creating ANN ensemble methods, the randomization of initial weight 

results are comparable with more complicated techniques such as boosting and bagging, thus in 

this study this method was employed for ANN ensemble generating. 
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Figure 37. Multi-Layer Perceptron architecture developed in this study. 

 

Relative Importance of predictors 

Different methods for quantifying the relative importance of the predictors have been suggested in 

various papers (Olden et al., 2004; Coppola et al., 2003; Gevrey et al., 2003). Olden et al., (2004) 

suggest that a connection weight method, in which raw input-hidden layer and hidden-output layer 

weights are being used, obtains a good indicator of relative importance of predictors. The order of 

the relative importance of the input variables can be obtained by the connection weight method, 

which is detailed as follows. Let W(ih)N×M and W(ho)1×N denote the input-hidden and the hidden-

output respectively, in which N represents the number of hidden layers neurons and M represents 

number of the input variables. Product matrix CN×M is obtained by element-wise multiplication of 

“ih” and “ho” matrices. The importance vector is obtained by adding all the elements of “C” over 

the row dimension. The relative importance of the ith variable is given by equation (24). 

( 24 ) 

𝑅𝐼𝑖 =
|𝑣𝑖|

∑ |𝑣𝑖|𝑖
                               𝑖 = 1,2, … 𝑁 

Where RI denotes the relative importance and {𝑣𝑖}𝑖=1
𝑁  are elements of the v. 



132 
 

 

Model performance evaluation 

Computed outputs are compared with the expected values to calculate the model’s error. Different 

error measures are implemented to evaluate the model’s performance. 

 

Correlation coefficient 

The most often used measure to quantify pattern similarity is the correlation coefficient which is 

shown in equation 25. In fact this index (correlation coefficient) is a measure of model performance 

to investigate how future results are likely to be anticipated and it is equal to the sample cross 

correlation between observed and predicted data. 

( 25 ) 

𝑅 =
∑ (𝑦𝑖 − �̅�)(𝑜𝑖 − �̅�)𝑁

𝑖=1

√∑ (𝑦𝑖 − �̅�)2𝑁
𝑖=1 √∑ (𝑜𝑖 − �̅�)2𝑁

𝑖=1

 

Where N is the number of target data used for testing, �̅� and �̅� are the mean of predicted and 

observed values, 𝑦𝑖 and 𝑜𝑖 are the ith predicted and observed value, and √∑ (𝑦𝑖 − �̅�)2𝑁
𝑖=1  and 

√∑ (𝑜𝑖 − �̅�)2𝑁
𝑖=1  represent standard deviation of predicted and observed values respectively. The 

maximum value for correlation coefficient is 1 and it occurs when: (𝑦𝑖 − �̅�) = (𝑜𝑖 − �̅�).  This 

means the two datasets have the same centered pattern of variation but they are not identical. Thus, 

it is not possible to conclude whether the two datasets have a similar magnitude of variation from 

the correlation coefficient alone (De Lannoy et al., 2007). 

 



133 
 

Root Mean Squared Error (RMSE) 

The Root Mean Square Error (RMSE) measures the difference between predicted and observed 

values as shown in equation (26). These individual differences, which also called residuals, are 

aggregated into a single measure of predictive power by RMSE. In fact Root Mean Square Error 

quantifies the global fitness of a model. 

( 26 ) 

𝑅𝑀𝑆𝐸 = (
1

𝑁
∑(𝑦𝑖 − 𝑜𝑖)2)1/2

𝑁

𝑖=1

 

Where N is the number of sample data used for testing, �̅� and �̅� are the mean values of predicted 

and observed values, 𝑦𝑖 and 𝑜𝑖 are the ith predicted and observed value (Kobayashi & Salam, 2000). 

 

Nash-Sutcliff Efficiency 

The last measure is the Nash-Sutcliffe efficiency (NSE) which determines the relative magnitude 

of the residual variance compared to the observed data variance as defined in equation (27) (Nash 

and Sutcliffe, 1970). 

( 27 ) 

𝑁𝑆𝐸 = 1 −
∑ (𝑦𝑖 − 𝑜𝑖)2𝑁

𝑖=1

∑ (𝑜𝑖 − �̅�)2𝑁
𝑖=1

 

This coefficient can vary from -∞ to 1 and it indicates how well the plot of observed versus 

simulated data fits the 1 by 1 line. As this index gets closer to 1, it means the model is more accurate. 

Below shows the interpretation of NSE: 
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 NSE = 1 means there is a perfect match of modelled data to observed data, and indicates 

an excellent performance. 

 NSE > 0.75 shows that the model performance is very good. 

 NSE > 0.65 represents a good performance of the model. 

 NSE > 0.5 means a satisfactory performance of the model. 

 NSE = 0, indicates that the model predictions are as accurate as the mean of the observed 

data,  

 -∞ < NSE < 0, indicates that the observed mean is better predictor than the model (Moriasi 

et al., 2007). 

 

6.3 RESULTS 

The wells used as outputs in developed neural network were tested to ensure they have positive 

relationship with GRACE TWS, and it was calculated by implementing the correlation coefficient. 

The results are represented in table (6), and show that all the wells have a positive correlation with 

GRACE TWS ranging from 0.41 to 0.88.  

Table 6. Correlation coefficient calculated between wells and GRACE TWS. 

# Well Name Correlation  P Value # Well Name Correlation  P Value 

1 Z 0.88 0.0005 12 J 0.51 0.0005 

2 P 0.74 0.0005 13 Y 0.79 0.0005 

3 O 0.64 0.0005 14 H 0.8 0.0005 

4 L 0.67 0.0005 15 U 0.44 0.0005 

5 K 0.72 0.0005 16 R 0.48 0.0005 

6 G 0.41 0.0005 17 T 0.52 0.0005 

7 F 0.73 0.0005 18 C 0.55 0.0005 

8 N 0.77 0.0005 19 S 0.53 0.0005 

9 E 0.61 0.0005 20 A 0.6 0.0005 

10 X 0.58 0.0005 21 D 0.44 0.005 

11 B 0.65 0.0005     
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The inputs and output were standardized and applied in ANN. GRACE TWS, precipitation, 

maximum and minimum temperature, and soil moisture were the five inputs to ANN. The results 

from simulation using mentioned inputs for all of the wells located in the study area are shown in 

figure (38 to 58). As shown in the figures, each plot has been divided into 3 parts, training (60%), 

validation (20%), and testing (20%). 

 

 

Figure 38. Simulated and observed values for well Z. 
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Figure 39. Simulated and observed values for well P. 

 

 

Figure 40. Simulated and observed values for well O. 
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Figure 41. Simulated and observed values for well L. 

 

 

Figure 42. Simulated and observed values for well K. 
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Figure 43. Simulated and observed values for well G. 

 

 

Figure 44. Simulated and observed values for well F. 
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Figure 45. Simulated and observed values for well N. 

 

 

Figure 46. Simulated and observed values for well E. 
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Figure 47. Simulated and observed values for well X. 

 

 

Figure 48. Simulated and observed values for well B. 
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Figure 49. Simulated and observed values for well J. 

 

 

Figure 50. Simulated and observed values for well Y. 
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Figure 51. Simulated and observed values for well H. 

 

 

 

Figure 52. Simulated and observed values for well U. 
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Figure 53. Simulated and observed values for well R. 

 

 

Figure 54. Simulated and observed values for well T. 

 



144 
 

 

Figure 55. Simulated and observed values for well C. 

 

 

Figure 56. Simulated and observed values for well S. 
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Figure 57. Simulated and observed values for well A. 

 

 

Figure 58. Simulated and observed values for well D. 

 

Figure (59) represents the plot of the correlation in each step of the Artificial Neural Network model 

in case of well Z and figure (60) represents the trend of Mean Square Error (MSE) estimated during 

the training, validating and testing the simulations. The correlation coefficients for each of the wells 

in each phase were calculated and represented in table (7). 
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Figure 59. Correlation coefficient calculated in each step. 

 

Figure 60. Trend of MSE changes during 3 steps. 

 

Table 7. Correlation coefficient calculated for the developed model for each individual well 

in each step of ANN. 

# Well name R (Training) R (Validation) R (Testing) R (All) 
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1 Z 0.95 0.83 0.88 0.9 

2 P 0.94 0.73 0.7 0.87 

3 O 0.91 0.55 0.28 0.64 

4 L 0.93 0.8 0.78 0.88 

5 K 0.88 0.72 0.6 0.81 

6 G 0.78 0.72 0.94 0.8 

7 F 0.86 0.71 0.52 0.78 

8 N 0.95 0.91 0.7 0.83 

9 E 0.82 0.75 0.41 0.7 

10 X 0.51 0.52 0.56 0.48 

11 B 0.88 0.66 0.87 0.82 

12 J 0.42 0.8 0.62 0.52 

13 Y 0.86 0.85 0.58 0.77 

14 H 0.9 0.58 0.78 0.8 

15 U 0.65 0.66 0.69 0.67 

16 R 0.86 0.86 0.95 0.86 

17 T 0.66 0.5 0.54 0.6 

18 C 0.72 0.37 0.65 0.64 

19 S 0.59 0.43 0.11 0.48 

20 A 0.81 0.88 0.57 0.79 

21 D 0.94 0.86 0.5 0.8 

 

Also the Relative Importance (RI) of the predictors were calculated by estimating the weight of 

each predictor with respect to other inputs for all of the wells. The results are shown in figure (61). 
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Figure 61. Relative Importance (RI) calculated for each input to ANN. 

Mean square Error and Nash-Sutcliff Efficiency are the two indicators used to evaluate the model 

and they are reported in table (8). 

 

Table 8. RMSE and NSE calculated for each simulation. 

# Well name RMSE NSE NSE interpretation 

1 Z 0.10 0.81 Very good 

2 P 0.10 0.76 Very good 

3 O 0.17 0.38 Weak 

4 L 0.12 0.77 Very good 

5 K 0.13 0.65 Good  

6 G 0.16 0.60 Acceptable 

7 F 0.15 0.56 Acceptable 

8 N 0.11 0.65 Good 

9 E 0.14 0.50 Acceptable 

10 X 0.25 0.08 Weak 

11 B 0.12 0.66 Good 

12 J 0.28 0.29 Weak 

13 Y 0.15 0.56 Acceptable 

14 H 0.14 0.60 Acceptable 

15 U 0.22 0.35 Weak 

16 R 0.19 0.69 Good 

17 T 0.19 0.34 Weak 
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18 C 0.15 0.39 Weak 

19 S 0.21 0.05 Weak 

20 A 0.27 0.55 Acceptable 

21 D 0.21 0.60 Acceptable 

 

6.4 DISCUSSION AND CONCLUSION 

The main objective of this study was to downscale the GRACE satellite data using Artificial Neural 

Network. The main challenge of using ANNs is to come up with the best architecture and 

determining the number of hidden layers, and the number of neurons in the hidden layer. If too 

many hidden layers are used, the model might over-fit and this will increase the training time and 

network will lose its generalization ability (Xu & Li, 2002). Also, using too few hidden layers 

might lead to under-fitting, thus the number of hidden layers needs to be optimized, not too many 

or too few. General rule to determine the optimal number of hidden layers is that it should be the 

half of the number of used predictors and not exceed twice the number of inputs (Berry & Linoff, 

2004; Minns & Hall, 1996). Practically the optimum number of hidden layers would be determined 

by trial and error, by increasing the number of layers gradually till RMSE in the training phase 

starts increasing. The number of hidden layers in this study was 1 and the algorithm selected for 

backpropagation was Levenberg-Marquardt. 

Table (6) represents the Spearman’s correlation between groundwater level data and GRACE TWS. 

All of the selected wells have a positive correlation coefficient above 0.4. As seen in the table the 

wells in the northern part of the aquifer show a stronger relationship to GRACE TWS, except for 

well G which by looking closely at the trend of water level change, shows a large mismatch in two 

periods of the time series in Sep 2004 to Feb 2005 and in Sep 2007 to Feb 2008. During these 

periods the water level change in this location shows a declining trend while GRACE TWS shows 

an increasing trend and it can be related to the local effect of the well pumping since the other two 
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wells locating in the same pixel of GRACE show a similar behavior. Because the footprint of 

GRACE is too large to detect the local effects of this well, it can be one of the reasons of lower 

correlation coefficient. The middle and southern wells represent a lower correlation coefficient in 

respect to the northern wells. These wells are relatively deep and their depth ranges from 84 ft to 

760 ft and a thicker vadose zone can lead to a longer time of recharge, on the other hand the geology 

and soil structure can affect the recharge pattern and these factors might be the reason of lowering 

the correlation coefficient slightly in respect to the northern wells. 

Figures (38) to (58) show the results of the simulated models for all the wells from their individual 

developed ANN. Models for wells Z, P, L, and K which are located in the same GRACE pixel in 

south Dakota State, show a perfect match between simulated groundwater changes and the 

observational well data both in magnitude and seasonality. The groundwater level changes in these 

wells also show a high correlation coefficient with the GRACE TWS and it can be related to the 

fact that GRACE TWS plays a significant role as an input to predict the groundwater levels changes 

which will be discussed later. The simulated values for models related to the wells located in the 

middle cell of the GRACE in South Dakota (well G, F, and N) also are well matched to the observed 

data both in magnitude and seasonality. The model for well G underestimates in some periods 

which might be related to its lower correlation coefficient with the GRACE TWS. The models 

related to the wells located in the eastern cell of GRACE in South Dakota (wells E, X, B, J, Y, and 

H) have different fits. For instance the model related to wells Y, and B a good match in magnitude 

and the trend was found; but in the case of well J, and X the simulation doesn’t perform as well as 

others. This can be related to the moderate correlation coefficient of these wells with GRACE TWS 

and the fact that these wells have not received a high weight in simulation process. 

Table (7) represents the correlation coefficient toward each simulation in the training, validation, 

and testing phases. All the wells in the training phase have obtained a correlation coefficient above 
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0.65 except in 3 cases: well J (R=0.42), well X (R=0.51), and well S (R=0.59). Even during the 

validation phase these wells did not perform as well as hoped. Results would have indicated that 

there are two additional wells, C and O, which did not perform in practice as well as their training 

phase. In the testing phase all wells demonstrate a correlation coefficient of more than 0.5 except 

in the model related to wells O (R=0.28), E (R= 0.41), and S (R=0.11). In well O’s testing phase 

there is a sudden change in groundwater levels between the validation and testing phases; thus 

ANN not predicting the groundwater level changes as well as the rest of the wells in the same 

GRACE pixel. In the case of well S we can identify different behaviors in groundwater level 

changes for the training and validation phases, which makes the process of testing less effective. It 

is possible to improve the result if we increase the number of hidden layers or the number of nodes 

in hidden layers. 

Still the overall correlation coefficient shows that all of the wells have a correlation coefficient 

above the 0.6 which is considered a high correlation, except for 3 wells: X (R=0.48), J (R=0.52), 

and S (R=0.48). Well S has been completed in a “Pleistocene” formation rather than “Ogallala”, 

but the two other wells have been located in “Ogallala” formation. These wells do not show a high 

correlation coefficient with GRACE TWS as the other wells do. The model related to well X shows 

two completely different regimes exactly before the validation phase and this might be the reason 

for lower overall correlation coefficient. Among all wells, 3 of them had the best fit and the highest 

correlation coefficient. These models are related to well Z (R=0.9), well L (R=0.88) and well P 

(R=0.87). All of these wells are located in the same GRACE pixel and they were completed in the 

“Arikaree” formation in South Dakota State. These wells are relatively deep and located in a higher 

elevation than the others. They also show a strong relationship with GRACE TWS and by looking 

at the relative importance of this input we conclude that this predictor has a significant impact on 

the output of these wells. However well “D” is located in the Southern High Plains Aquifer which 
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shows a high correlation coefficient (RD = 0.8) and since it is located in a hot dry region, it is mostly 

affected by the “maximum temperature” and referring to the relative importance plot it is found 

that this model is mostly affected by the “maximum temperature” variable. The high importance of 

the temperature, which it is a good surrogate for the seasonality, for the purpose of groundwater 

level changes agrees with previous researches (Coppola et al., 2005; Feng et al., 2008) 

Figure (61) shows the relative importance of the predictors which compares the weight of each 

input with respect to the other variables. The highest weight of the GRACE is related to models for 

well Z, L, and P and, as discussed before, these models have the best fits among the other models. 

The model for well O, which has a modest correlation coefficient, receives a small weight from 

GRACE and is most impacted by the maximum temperature. By considering well X’s correlation 

coefficient, it is found that this well also receives a small impact from the GRACE predictor. In 

general, between those models with high correlation coefficient, the majority of them receive a 

relatively high weight from GRACE, and this gives this assumption that GRACE, as a predictor, 

plays an important role in the downscaling process. Among the predictors, precipitation had the 

lowest average weight in total. GRACE, maximum temperature and soil moisture have almost the 

same relative importance. 

Table (8) gives more detail about the models performances. The RMSE indicates the absolute fit 

of the model to the data, in other words how close the observed water level changes are to the 

model’s predicted values. Thus the lower the values of RMSE the better the fit. The other indicator 

is the NSE which indicates how well the plot of observed versus simulated data fits to the 1:1 line. 

The RMSE for models varies between 0.1 and 0.28 and the NSE ranges between 0.08 and 0.81. As 

expected, wells Z and P have the lowest RMSE (both 0.1) and their NSE also categorized as “very 

good” (0.81 and 0.76 respectively), shows that these models have perfect performance to predict 

the groundwater level changes, and this could be related to the fact that the water level changes 
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were strongly correlated with the GRACE TWS and as we discussed previously this predictor have 

the most relative importance in these models. The model for well L also shows RMSE of 0.18 and 

NSE value categorized as “very good” (0.76). This finding also can related to the high correlation 

coefficient between well L and GRACE TWS. Based on the NSE interpretation more than 65% of 

the models had an acceptable, good or very good performance. It is found the groundwater level 

changes could have been simulated better in the Northern High Plains Aquifer using ANN than the 

other regions. Observing the location of the wells and their associated NSE, it is revealed that most 

of the models in the upper parts of the High Plains have a good performance.  

The model for well O does not show “good” performance based on its NSE value. But by looking 

closely at the trend of groundwater change in figure 40, the pattern and magnitude of the changes 

in this well is quite different than the rest of the wells in its proximity. Models for wells N, G, and 

F have shown an acceptable to good performance based on their NSE, also their RMSE rates show 

that simulated data are well fitted with the observed data. The reason is that those wells have located 

in the same GRACE pixel and they have almost the same pattern of seasonality and change in 

magnitude; also relative importance of GRACE in those models is significant, but this is not the 

case for well O, and it can be related to the local effects on that well. 

The top right cell contains 6 wells and 6 ANN are trained to predict the groundwater level changes 

in those wells. Among those models, 4 of them provided a good or acceptable performance based 

on the NSE values. But models X and J did not perform as well as the others and the main reason 

might be that for model X from Jan 2007 to Dec 2009 a change in trend of the groundwater has 

been observed and it makes it difficult for the Artificial Neural Network to simulate a trend using 

a small number of hidden layers. And during the training phase for well J, the model did not perform 

very well and this leads to a lower NSE value. 
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For the rest of the wells which are spread throughout the aquifer and by considering their NSE 

values, it is found that three of the wells obtained an acceptable or good performance; but four of 

the models did not obtain desired results. For instance, well S represents a sharp decline in 

groundwater level change from mid-2007 to mid-2008 which can be one of the reasons that ANN 

did not perform as was expected during the training and validation phases. Well C experiences a 

sharp rise at the beginning of 2005 and a significant decline in mid-2008 and this behavior makes 

the prediction process difficult. Also well U shows the same kind of behavior but during a different 

time period. This well experiences two sharp declines in water level changes in Jan 2007 and Jan 

2008 which does not follow the regular seasonal trend. 

In another analysis after normalizing the well data a K-Means clustering is performed using 3 

distinguished clusters. It is found that in 78% of the cases of cluster (1) an “Acceptable” to “Very 

good” performance (based on NSE value) is observed. For cluster (2) in 4 cases out of the 5 (80%) 

show “Good” and “Very good” performances. Modes related to cluster (3) in 50% of the cases 

failed and show “Weak” performance, but the remaining 50% show “Acceptable” and “Good” 

performances. This finding gives the assumption that wells clustered in second class show better 

performances based on their NSE value, then wells in cluster (1), and finally wells is cluster (3). 

It is concluded that GRACE TWS has the ability to be downscaled and can be used in predicting 

groundwater change in places where continuous in situ data are not available. Also based on 

estimated relative importance it has been found that GRACE TWS as a predictor, plays a significant 

role in predicting the groundwater level changes. It is also concluded that ANN provided more 

satisfying results in the northern part of the aquifer which could be related to a more stable seasonal 

trend being present and fewer sharp declines and rises in groundwater level changes.  
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7. APPENDIX C. EVALUATING THE GLDAS SOIL MOISTURE PRODUCTS 

EFFECT IN GROUNDWATER LEVEL PREDICTION USING GRACE, AND 

ARTIFICIAL NEURAL NETWORKS 

Davood Ghasemian, C Larrabee Winter, David Phillip Guertin 

ABSTRACT 

Accurate estimation of the monthly groundwater level changes is a critical issue in managing the 

water resources. Different methods can be implemented to achieve a comprehensive and reliable 

dataset to help planning and management of aquifers such as direct measurements, hydrological 

models and numerical models. The main objective of this study is to predict the groundwater level 

changes using different inputs data and Artificial Neural Network as a tool. Also assessing the 

importance of GRACE and soil moisture is part of the objectives of this study. Using outputs of the 

Global Land Data Assimilation System for soil moisture, PRISM, and GRACE data different 

Neural Networks models have been trained for 18 wells in the Northern High Plains Aquifer. The 

results show that in 70% of the cases GRACE has been selected as the most significant input, the 

model shows robust performance. Also findings show that using CLM and Noah soil moisture leads 

to a higher correlation coefficient (on average R = 0.76 at the 95% confidence level for models 

including CLM and Noah soil moisture) and subsequently to a better performance of the model.  

 

7.1 INTRUDUCTION 

In arid and semi-arid regions the groundwater resource is the most important source of water which 

is being used for drinking, agricultural, industrial, and ecological purposes (Nourani et al., 2015). 

About 60% of the world’s extracted groundwater is used for agriculture (Jousma & Roelofsen, 

2004). Depletion of these resources is a critical issue around the world especially in regions with 
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lower recharge rate (Qiu, 2010). For instance, in regions like High Plains Aquifer or Neogene and 

Dammam Aquifers in Saudi Arabia the need for irrigation is higher than what can be supported 

sustainability (Gleeson et al., 2012). Proper management and efficient water usage are two 

important factors toward water resources sustainability (Fasakhodi et al., 2010). Thus the 

monitoring and predicting of the changes of groundwater resources plays a key factor in providing 

valuable information for sustainable management. 

In general, a Neural Network model is defined as a mathematical model that has architecture similar 

to that of the human brain. The main advantage of ANN is that it can learn and capture the 

information from input data to recognize the behavior of the system. In fact, researchers revealed 

that Artificial Neural Networks are very useful for modeling and making predictions in water 

resources variables (Maier & Dandy, 2000; Coulibaly et al., 2001a). The main advantage of ANNs 

is that they have the ability to recognize any non-linear behavior of the system, and based on Hornik 

et al., (1989) a three-layered feedforward ANN can be considered as a general non-linear 

approximator of any system. 

Artificial Neural Networks (ANNs) have been widely used in different aspects of water resources, 

such as in time series modeling as used for rainfall-runoff modeling (Dawson & Wilby, 1998; Hsu 

et al., 1995; Rajurkar et al. 2004), water quality modeling (Muttil & Chau, 2006; May & Sivakumar, 

2009), flood predictions (Chau et al., 2005), and river flow predictions (Kisi 2004; Cheng et al., 

2005; Kişi 2007; Joorabchi et al., 2007). Also in the groundwater sciences, due to the complexity 

of the system’s behavior, the use of such black box models are beneficial (Coulibaly et al., 2001b; 

Coppola et al., 2005; Lallahem et al., 2005; Daliakopoulos et al., 2005; Nayak et al., 2006; Yang 

et al., 2009; Ghose et al., 2010; Yoon et al., 2011; Taormina et al., 2012).  
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This study follows two hypotheses: (1) GRACE satellite data plays an important role in 

downscaling and predicting the groundwater level (2) using different sources of soil moisture can 

improve the prediction of the groundwater level changes in different regions of Northern High 

Plains Aquifer. Also this study examines if neural network models are capable of regenerating the 

groundwater level changes in different depths utilizing different inputs. 

 

7.2 MATERIAL AND METHODS 

 

7.2.1 STUDY AREA 

The Northern High Plains Aquifer is located at the central part of the US, within 5 different states, 

Colorado, Kansas, Nebraska, South Dakota, and Wyoming.  The area of the whole High Plains 

Aquifer is about 175,000 mi2 and it receives on average ~500 mm of annual precipitation. The 

evapotranspiration is estimated to be between 1,500 to 2,700 mm (Dennehy, 2000). Variation of 

saturated thickness in different parts of the aquifer is about 50 to 1200 ft (McGuire et al., 2012). 

Groundwater typically flows from west to east which follows the topography trend of High Plains 

at the surface (Haacker et al., 2015). The Northern part of the High Plains is composed of 5 main 

hydraulically connected units with various ages (Ogallala Formation, Eastern Nebraska, Sand 

Formation, Brule and Arikaree Formations, and Platte River Valley) (Gutentag et al., 1984), but 

Ogallala Formation is considered the principal water-bearing geologic unit. This region has been 

under intense agricultural use for decades and based on U.S geological survey 1992 report about 

95 percent of the land in the Northern High Plains was used either for rangelands or croplands. 

Figure (62) shows the location of Northern High Plains Aquifer on the US map, and the location 

of the selected wells in this study. Also in table (9) the general information about wells are given. 
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Table 9. General characteristics of the wells (D = depth, Alt = altitude, ND = No Data). 

Well ID Name D (ft) State Alt (ft) Formation 

431022101570101 A 305 SD 3,335 Arikaree 

431022101555001 B 565 SD 3,327 Arikaree 

430835101554601 C 382 SD 3,284 Arikaree 

430928101532401 D 382 SD 3,287 Arikaree 

430524101481601 E 279 SD 3,230 Arikaree 

430154100411801 F 44.4 SD 2,800 Ogallala 

430932100390001 G 163 SD 2,772 Ogallala 

430310100245501 H 125 SD 2,620 Ogallala 

430813100100001 J 51 SD 2,240 Ogallala 

431519099520301 K 42 SD 2,264 Ogallala 

431330099484501 L 85 SD 2,332 Ogallala 

431156099472601 M 65 SD 2,362 Ogallala 

430638099520801 N 45.7 SD 2,246 Ogallala 

425956099520501 O 65.7 SD 2,348 Ogallala 

420204101200502 P 18 NE 3,437 Windblown Sand 

405744100403701 R 760 NE 3,068 Ogallala 

405137099085201 S 240 NE 2,262 Ogallala 

391801100273801 T 100 KS 2,677 ND 
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Figure 62. Location of Northern High Plains Aquifer and selected wells. 
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7.2.2 DATASETS 

In this study Global Land Data Assimilation (GLDAS) datasets have been used. GLDAS ingests 

ground-based observational measurements with satellite products and, using complex land surface 

modeling and data assimilation, produces optimum land surface states and fluxes (Rodell et al., 

2004). GLDAS drives 4 different land surface models: Noah (Chen et al., 1996; Koren et al., 1999), 

the Community Land Model (Dai et al., 2003), Mosaic (Koster & Suarez, 1996), and Variable 

Infiltration Capacity (VIC) (Liang et al., 1994). These LSMs simulate terrestrial water and energy 

states which could be used in weather and climate predictions, climate change, water resources 

management and agricultural forecasting (Qin et al., 2009). GLDAS datasets are accessible from 

NASA Goddard Earth Sciences Data and information Center, and it provides 1 degree to 0.25 

degree resolution 1979-present simulations of the Noah, VIC, CLM, and Mosaic LSMs (Kumar et 

al., 2006). The temporal resolution of these LSMs are 3-hourly and monthly (in fact the monthly 

products are the temporal average of the 3-hourly products). Basic characteristics of the GLDAS 

datasets are summarized in table (10). 

Table 10. Main properties of the Global Land Data Assimilation System. 

Contents of Data Water and energy budget components, forcing data 

Latitude/Longitude extent -60°to 90° / -180° to 180° 

Spatial resolution 0.25 degree / 1 degree 

Temporal resolution 3-hourly / monthly 

Temporal coverage 1.0° data: 01/01/1979 to present 

0.25° data: 02/24/2000 to present 

 

A precise estimation of the soil moisture component is a requirement to create an accurate 

hydrological model and it has a significant effect on basin water balance (Liang et al. 2003; Al-

Shrafany et al., 2012; Srivastava et al., 2013; Zhang et al., 2001). Capillary force and gravity are 

the main conductors between unsaturated zones and groundwater (Niu et al., 2005). So it is 

expected that a shallow aquifer has more effect to the soil moisture profile than the deep aquifer 
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(Chen & Hu, 2004). As the soil moisture is highly variable both spatially and temporally, it is 

difficult to use point observational measurement, because it requires a dense and extensive 

measuring network (Srivastava, 2013; Wang & Qu, 2009). 

The number of the layers and the thickness of the unsaturated zone for these land surface Models 

are different, which has a direct effect on the soil moisture content, and each model estimates the 

soil moisture in these layers differently. In this study the changes in soil moisture in the unsaturated 

zone has been considered for top 2 meters of soil. The Average layer soil moisture from Noah, VIC, 

CLM and Mosaic were extracted and used in this study. Table (11) shows the layers of soil in each 

model. 

Table 11. Layers of soil associated with each Land Surface Model. 

Model NUM of  layers Depths (m) 

Noah 4 0-0.1, 0.1-0.4, 0.4-1.0, 1.0-2.0 

MOS 3 0-0.02, 0.02-1.50, 1.5-3.50 

VIC 3 0-0.1, 0.1-1.6, 1.6-1.9 

CLM 10 0-0.018, 0.018-0.045, 0.045-0.091, 0.091-0.166, 0.166-0.289, 

0.289-0.493, 0.493-0.829, 0.829-1.383, 1.383-2.296, 2.296-3.433 

 

The other datasets used in this study are GRACE TWS, PRISM precipitation, maximum 

temperature and Minimum temperature which were explained in detail in previous sections. 

 

7.2.3 METHODS 

In this study the ability of GRACE for downscaling and predicting the groundwater level changes 

was tested and also the role of soil moisture in predicting the groundwater level changes using 

Artificial Neural Network for 18 wells in the Northern High Plains Aquifer was evaluated. The 

architecture used in this study is shown in figure 63. Out of the 5 inputs, 4 of them would be constant 

for each individual well and the 5th input, which is the soil moisture, would vary in each ANN. 
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Input data was divided into 3 parts, 60% for training, 20% for validation, and 20% for testing the 

developed model. 3 model performance measures were implemented to evaluate how well each of 

the models downscaled the GRACE data. Correlation coefficient, Root Mean Squared Error and 

Nash Sutcliff Efficiency are the measures used in this study. 

 

Figure 63. Schematic architecture of ANN used in this study. 

 

7.3 RESULTS 

The Artificial Neural Networks were trained for each of the 18 wells using different soil moisture 

datasets and the simulation results are illustrated in figure 64 to figure 81. 
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Figure 64. Groundwater change simulation results for well A. 

 

 

Figure 65. Groundwater change simulation results for well B. 
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Figure 66. Groundwater change simulation results for well C. 

 

 

Figure 67. Groundwater change simulation results for well D. 
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Figure 68. Groundwater change simulation results for well E. 

 

 

Figure 69. Groundwater change simulation results for well F. 
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Figure 70. Groundwater change simulation results for well G. 

 

 

Figure 71. Groundwater change simulation results for well H. 
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Figure 72. Groundwater change simulation results for well J. 

 

 

Figure 73. Groundwater change simulation results for well K. 
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Figure 74. Groundwater change simulation results for well L. 

 

 

Figure 75. Groundwater change simulation results for well M. 
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Figure 76. Groundwater change simulation results for well N. 

 

 

Figure 77. Groundwater change simulation results for well O. 
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Figure 78. Groundwater change simulation results for well P. 

 

 

Figure 79. Groundwater change simulation results for well R. 
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Figure 80. Groundwater change simulation results for well S. 

 

 

Figure 81. Groundwater change simulation results for well T. 
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Table 12. Correlation Coefficient calculated for each model in training (Tr), Validation 

(VA), Testing (Te), phases at 95% confidence level. 

Name CLM MOS Noah VIC 

Tr Va Te All Tr Va Te All Tr Va Te All Tr Va Te All 

A 0.81 0.72 0.83 0.79 0.79 0.65 0.83 0.75 0.9 0.55 0.71 0.82 0.89 0.42 0.45 0.75 

B 0.82 0.3 0.63 0.73 0.85 0.66 0.34 0.76 0.96 0.64 0.78 0.88 0.79 0.57 0.33 0.63 

C 0.86 0.9 0.8 0.86 0.7 0.68 0.78 0.7 0.9 0.61 0.65 0.85 0.92 0.78 0.2 0.8 

D 0.85 0.72 0.62 0.76 0.72 0.8 0.53 0.72 0.9 0.65 0.31 0.72 0.64 0.77 0.23 0.59 

E 0.92 0.92 0.65 0.89 0.98 0.89 0.96 0.96 0.96 0.91 0.85 0.91 0.96 0.8 0.88 0.91 

F 0.76 0.88 0.79 0.8 0.63 0.62 0.51 0.6 0.82 0.71 0.49 0.72 0.79 0.83 0.51 0.75 

G 0.9 0.76 0.73 0.82 0.92 0.63 0.84 0.86 0.71 0.83 0.48 0.74 0.87 0.91 0.61 0.8 

H 0.79 0.9 0.81 0.82 0.75 0.78 0.48 0.7 0.81 0.58 0.69 0.75 0.85 0.75 0.77 0.82 

J 0.87 0.46 0.64 0.78 0.38 0.41 0.23 0.35 0.93 0.36 0.72 0.81 0.9 0.54 0.8 0.8 

K 0.88 0.91 0.63 0.85 0.89 0.83 0.74 0.82 0.79 0.18 0.31 0.68 0.77 0.63 0.69 0.68 

L 0.9 0.74 0.89 0.88 0.92 0.76 0.83 0.88 0.93 0.83 0.81 0.88 0.9 0.87 0.72 0.86 

M 0.63 0.56 0.64 0.6 0.78 0.47 0.34 0.68 0.79 0.72 0.57 0.73 0.57 0.1 0.1 0.4 

N 0.72 0.26 0.65 0.64 0.79 0.48 0.78 0.71 0.82 0.41 0.25 0.66 0.74 0.56 0.55 0.66 

O 0.77 0.79 0.17 0.62 0.9 0.7 0.8 0.76 0.91 0.53 0.63 0.73 0.89 0.5 0.62 0.72 

P 0.66 0.29 0.77 0.58 0.74 0.62 0.53 0.69 0.89 0.45 0.44 0.76 0.78 0.77 0.59 0.72 

R 0.95 0.55 0.51 0.77 0.89 0.74 0.79 0.86 0.96 0.96 0.73 0.92 0.69 0.66 0.33 0.57 

S 0.76 0.58 0.69 0.7 0.57 0.72 0.15 0.56 0.76 0.37 0.62 0.61 0.83 0.23 0.65 0.7 

T 0.82 0.79 0.55 0.74 0.72 0.63 0.62 0.64 0.53 0.46 0.64 0.53 0.7 0.56 0.1 0.56 

 

To evaluate the performance of each model, Root Mean Squared Error, Nash Sutcliff Efficiency 

and correlation Coefficient were calculated. The correlation coefficient related to each well in 

different phases of the ANN is reported in table (12). The root mean squared values are reported in 

table (13) and NSE toward each model is shown in table (14). The relative importance of each 

variable was calculated to determine the significance of the inputs to the simulation results and are 

shown in figures 82 to 85. 

Table 13. Root Mean Squared Error calculated for each model. 

Name CLM MOS Noah VIC 

A 0.138 0.148 0.128 0.146 

B 0.172 0.160 0.115 0.192 

C 0.108 0.160 0.111 0.129 

D 0.146 0.188 0.165 0.201 

E 0.108 0.074 0.098 0.095 
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F 0.150 0.210 0.179 0.168 

G 0.108 0.099 0.137 0.123 

H 0.140 0.178 0.158 0.132 

J 0.134 0.197 0.132 0.123 

K 0.120 0.131 0.189 0.168 

L 0.107 0.108 0.106 0.115 

M 0.199 0.180 0.170 0.224 

N 0.206 0.184 0.194 0.196 

O 0.158 0.158 0.141 0.139 

P 0.265 0.205 0.174 0.186 

R 0.226 0.178 0.141 0.282 

S 0.171 0.196 0.191 0.168 

T 0.131 0.173 0.168 0.158 

 

 

Table 14. NSE calculated for each model and its interpretation. 

Name CLM MOS Noah VIC 

NSE Interpretation NSE Interpretation NSE Interpretation NSE Interpretation 

A 0.6 Satisfactory 0.54 Satisfactory 0.65 Good 0.56 Satisfactory 

B 0.5 Satisfactory 0.56 Satisfactory 0.77 Very good 0.37 --- 

C 0.73 Good  0.4 --- 0.71 Good 0.61 Satisfactory 

D 0.57 Satisfactory 0.29 --- 0.45 --- 0.18 --- 

E 0.79 Very good 0.9 Very good 0.82 Very good 0.84 Very good 

F 0.64 Satisfactory 0.29 --- 0.5 Satisfactory 0.55 Satisfactory 

G 0.68 Good 0.73 Good 0.5 Satisfactory 0.58 Satisfactory 

H 0.63 Satisfactory 0.4 --- 0.52 Satisfactory 0.67 Good 

J 0.58 Satisfactory 0.1 --- 0.59 Satisfactory 0.64 Good 

K 0.71 Good 0.66 Good 0.28 --- 0.43 --- 

L 0.77 Very good 0.77 Very good 0.77 Very good 0.74 Good 

M 0.34 --- 0.45 --- 0.52 Satisfactory 0.16 --- 

N 0.36 --- 0.5 Satisfactory 0.43 --- 0.41 --- 

O 0.37 --- 0.36 --- 0.5 Satisfactory 0.51 Satisfactory 

P 0.01 --- 0.41 --- 0.57 Satisfactory 0.51 Satisfactory 

R 0.57 Satisfactory 0.73 Good 0.83 Very good 0.32 --- 

S 0.48 --- 0.31 --- 0.35 --- 0.49 --- 

T 0.52 Satisfactory 0.16 --- 0.2 --- 0.3 --- 
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Figure 82. Relative importance of inputs in developed ANN (CLM model). 

 

Figure 83. Relative importance of inputs in developed ANN (Mosaic model). 
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Figure 84. Relative importance of inputs in developed ANN (Noah model). 

 

Figure 85. Relative importance of inputs in developed ANN (VIC model). 

 

7.4 DISCUSSION AND CONCLUSION 

The ability of the ANN to predict the groundwater level changes and the capability of GRACE to 

be downscaled using different sources of the soil moisture were tested in this study. For each well 
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four different ANN models were developed in which four inputs remain constant while the fifth 

input (soil moisture) changes.  

In figures 64 to 81 the simulated values for 4 different models are shown against the observed 

groundwater level changes. Almost all models, follow the seasonality of observed well data; 

however in magnitude, some underestimating and overestimating was observed. Although in some 

cases, models related to particular wells predicted the observed values with small differences in all 

four LSMs, as seen in wells “L” and “E”. 

The values of correlation coefficient in table (12) indicates the worth of GRACE satellite data in 

downscaling groundwater level changes. All correlation coefficients are positive and more than 

97% of all models are above 0.55. The overall correlation coefficient of the models varies between 

0.3 and 0.96. This range changes for the model including CLM from 0.58 to 0.89, for Mosaic from 

0.35 to 0.96, for Noah from 0.53 to 0.91, and in VIC from 0.4 to 0.91. By considering the overall 

average Spearman correlation coefficient, CLM and Noah models have the highest correlation 

coefficient (with R = 0.76 on average at 95% confidence level) and then Mosaic (with R = 0.72 at 

95% confidence level) and the VIC (with R = 0.71 at 95% confidence level). The higher correlation 

coefficient for Noah and CLM can be due to a more refined training phase which in the case of 

CLM, the average correlation coefficient of training phase is about 0.82 and for Noah this value 

increases to 0.85. One of the reasons for a higher rate of correlation coefficient in the first three 

models is that they are atmospheric dependent models and VIC is a semi-distributed hydrological 

model and requires calibration. 

Correlation coefficient of all four LSMs for several models are above 0.75 which are related to 

wells A, C, E, G, H, and L. The models for these wells also show a “satisfactory” to “very good” 

performance on NSE value. By observing the relative importance of the variables, it is found that 
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GRACE data in majority of these models has the most weight or at least it is counted as the second 

important variable. For instance, for wells “L”, and “H” the most weighted variable is GRACE. 

Based on figures 82 to 85 GRACE input has the most weight on average between three models of 

CLM, Noah and VIC, these models result in a more accurate simulation and represent the 

significance of the GRACE data in predicting the groundwater level changes. Figure 82 to 85 

represents the relative importance of the variables and they models are ordered in highest to lowest 

correlation coefficient (Blue higher and yellow lower). By looking at the all four major models you 

can see in general as the weight of the GRACE decreases the associated correlation coefficient 

decreases. This finding suggests the assumption that GRACE plays a significant role in predicting 

the groundwater level change, and if it is the most weighted parameter it could lead to the more 

trustworthy simulation results. 

On average, the lowest RMSE between the 4 models for each well is related to the Noah (Average 

RMSE = 0.149) and the highest RMSE is related to the VIC and Mosaic (Average RMSE of 0.163 

and 0.164 respectively). Considering the calculated RMSE conveys the assumption that in the 

Northern High Plains region using CLM and Noah soil moisture products delivers the best results 

for predicting groundwater level changes since, in most of the cases, the least mean squared errors 

are derived when using their products in simulations. 

Many studies have found that the land surface models almost always show higher simulation skills 

in more humid areas than in drier areas (Xia et al., 2014; Spennemann et al., 2015). The simulation 

skills vary with different LSMs, soil layers and study regions. Bi et al., 2016 compared the GLDAS 

LSMs with in situ measurements over the Tibetan Plateau and found that CLM and Noah in upper 

layers of soil provided the best results and Mosaic had the largest deviation, which agrees with the 

findings of this study. 
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High soil organic carbon contents in the surface leads to a higher porosity and water retention 

capacity and thus larger value of the soil moisture in the surface. This factor have not been 

considered in the Land Surface Models which can cause the error in the estimation of soil moisture 

component (Yang et al., 2009). Thus comparing the results of the Land Surface models with 

observed measurement can help to a better understanding of the use of the proper LSM in the 

simulations. 

There are other sources that can lead to different results from LSM simulations such as model 

parameters (including vegetation types, soil properties, and elevation information). Soil properties 

are the most important factors since they have a direct impact on the soil moisture. The data used 

for the soil properties originates from the Food and Agriculture Organization (FAO) (Reynolds et 

al., 2000) and includes percentage of clay, silt and sand, soil texture, porosity, etc. Several studies 

found that uncertainties toward the soil properties in FAO can lead to significant errors in LSMs 

results (Albergel et al., 2010; Su et al., 2013; Shangguan et al., 2013), and the results of the current 

study may also be influenced by that. But still derived correlation coefficient from using these 

LSMs illustrate that the groundwater level changes could be predicted using GRACE and auxiliary 

data in Artificial Neural Network. 

Li et al., 2015 compared the four GLDAS land surface models for simulated soil moisture and 

found these models are able to reflect the seasonal variations of surface soil moisture but results 

include an underestimation. Among these four LSMs Noah delivers a moderate bias and RMSD, 

Mosaic had the largest RMSD and bias, VIC showed the lowest correlation coefficient with the 

observational data and CLM had the highest correlation with observational data, which agrees with 

the results of the current study as the CLM and Noah had the best performance between the four 

Land Surface models. 
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Since the water table in shallow aquifers is affected by hydro-climatic factors such as precipitation, 

biomass, and temperature, the modeling of these aquifers are more complicated and therefore 

require more training and probably the use of more hidden layers in Artificial Neural Networks. It 

is found that slightly higher correlation coefficient have been found in the deeper wells in this 

region which is in agreement with Coulibaly et al (2001a) who found that ANNs could predict 

deeper groundwater levels with higher accuracy. 

By considering the correlation coefficient calculated for different models it is found that above 70% 

of the models with the highest correlation coefficient were from CLM or Noah LSMs. Specifically 

in our case (Northern High Plains Aquifer) using Noah as the soil moisture source in developing 

an Artificial Neural Network was the best model based on related correlation coefficients and Root 

Mean Squared Errors. This finding is in agreement with Xiao et al., 2015 who found that using 

Noah in order to detect the groundwater changes in Mid-Atlantic region of the US derives the best 

results. Also results show that the input data selection can significantly affect the accuracy of the 

prediction. 
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