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Abstract

The Gravity Recovery And Climate Experiment (GRACE) satellite mission provides a unique

opportunity to monitor the monthly global gravity variations, which can be converted to the

total water storage anomalies (TWSAs). Monitoring TWSAs is an essential way to study and

understand the hydrological cycle, which plays a crucial role in multiple fields, such as climate

change, ecological systems, and water resource management. However, the coarse resolution of

GRACE TWSAs impedes its regional application. In this study, we develop a deep learning model

to fuse GRACE measurements and the WaterGAP Hydrological Model (WGHM) simulations.

In addition, the precipitation, evapotranspiration, and runoff data from the Global Land Data

Assimilation System (GLDAS) are considered additional features. The proposed deep learning

model has an encoder-decoder structure, combining the principles of convolutional neural

networks and residual learning. A novel loss function is designed to maximize the similarities to

the WGHM TWSAs while minimizing the average deviations from the GRACE TWSAs within

an area. Therefore, the optimizing process can be self-supervised, which means no additional

ground truth is required. The final model is a global model that can produce TWSAs over all

the land areas except Greenland and Antarctica with a high resolution of 0.5�. Our validations

prove that the super-resolved TWSAs have a better agreement with the GRACE TWSAs on larger

scales while keeping a high spatial correlation to the WGHM TWSAs. Compared to the GRACE

TWSAs, the spatial correlation with the WGHM TWSAs is improved from 0.51 to 0.83. On the

other hand, the basin- and continent-wise average TWSAs of our super-resolved solutions agree

better with the GRACE TWSAs with RMSEs lower than 20 mm in most continents, equal to

improvements of more than 50% compared to the WGHM simulations. Moreover, our method can

estimate the trends and seasonal signals in the TWSA time series more accurately without sensing

any temporal information. The correlation with the GRACE TWSA trends has been improved

from 0.34 (WGHM TWSAs) to 0.80 (our model) over 160 basins globally, and the annual and

semi-annual amplitudes reach high correlations over 0.9.

Keywords: GRACE, Gravity Field, Total Water Storage Anomaly, Deep Learning, Super

Resolution, Global Model
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Chapter 1

Introduction

1.1 Gravity Field

1.1.1 Theoretical Principles

The gravity �eld is one of the three pillars of modern geodesy, which describes the physical prop-

erty of the Earth in detail. The static gravity �eld is essential for widespread applications in the

�elds of geoscience, navigation and aerospace engineering, whereas the temporal variations of the

gravity �eld are the key to understanding the global changes in Earth's climate and environment.

The conventional way to represent the gravity �eld is the expansion of gravitational potential

in spherical harmonic function:

V (r, q, l ) =
GM
R

¥

å
n= 0

�
R
r

� n+ 1 n

å
m= 0

Pnm (cosq) [Cnm cosml + Snm sin ml ] (1.1)

where r, q, l describe the position in the Earth-centered spherical coordinate system. r is the dis-

tance between the object and the center of the Earth. q and l are the co-latitude and longitude,

respectively. G denotes the gravitational constant. M and R are the mass and the radius of the

Earth, respectively. Pnm(� ) is known as the Legendre function with n and m denoting the de-

gree and order. Therefore, the gravitational potential can be fully described by the dimensionless

coef�cients Cnm and Snm, known as spherical harmonics coef�cients. Besides, if the normalized

associated Legendre functions Pnm(� ) are used, the spherical harmonics coef�cients come to the

normalized form Cnm and Snm and Eq. (1.1) comes to:

V (r, q, l ) =
GM
R

¥

å
n= 0

�
R
r

� n+ 1 n

å
m= 0

Pnm (cosq)
�
Cnm cosml + Snm sin ml

�
(1.2)

which is more commonly used. Besides, since the Earth is rotating, we should also take the cen-

trifugal potential into account to obtain the gravity potential:

W (r, q, l ) =
GM
R

¥

å
n= 0

�
R
r

� n+ 1 n

å
m= 0

Pnm (cosq)
�
Cnm cosml + Snm sin ml

�
+

1
2

w2r2 sin2 q (1.3)

1



1.1. Gravity Field

By developing Eq. (1.3) we can solve the gravity estimation problem by solving the param-

eters Cnm and Snm using inverse theory. This problem is highly non-linear, so we need a good

knowledge of a global and consistent set of approximate a priori values (Rothacher & Rummel,

2021). Therefore, the International Association of Geodesy (IAG) regularly publishes the conven-

tion of the normal gravity �eld, namely the Geodetic Reference System (GRS). The most recent one

is GRS80 (Moritz, 2000), which is a part of the World Geodetic System 1984 (WGS84) de�nition.

Since the normal gravity �eld is well de�ned, the real gravity �eld can be represented by the

disturbing potential:

T (r, q, l ) =
d(GM)

r
+

GM0

R

¥

å
n= 2

�
R
r

� n+ 1 n

å
m= 0

Pnm (cosq)
�
DCnm cosml + DSnm sin ml

�
(1.4)

with GM0, R regarding the de�nition of GRS80. Notice that the centrifugal term is removed since

it is also de�ned in the normal gravity �eld. To this stage, the problem of gravity �eld estimation is

converted to the inversion of the potential coef�cients DCnm and DSnm. For a given global gravity

anomalies g (q, l ), we can estimate the coef�cients:

DCnm

DSnm

)

=
1

g (n � 1)
�

1
4p

ZZ
Dg (q, l ) Pnm (cosq)

(
cosml

sin ml

)

sin qdqdl (1.5)

The prerequisite for the Eq. (1.5) is the availability of highly accurate global mean gravity anoma-

lies, which is unrealistic. Therefore, we can only compute potential coef�cients to a certain maximal

degree nmax. As a result, the spatial details of the represented gravity �eld are also limited. The

minimum resolvable full wavelength can be roughly computed using the following equation:

l min =
2p R
nmax

= 2s (1.6)

where sis the highest spatial resolution, also related to the block size of the mean gravity anomalies.

Some numerical examples of this relationship is shown in Table 1.1 Rothacher & Rummel (2021).

Table 1.1: Relationship between block sizes, maximal degree nmax, and wavelength l

Maximal degree nmax Wavelength l Block size s

36 1100 km 5� � 5� (556 km)

60 660 km 3� � 3� (330 km)

180 220 km 1� � 1� (110 km)

3600 11 km 30� 50(5 km)

Nowadays, the state-of-the-art gravity model is EGM2008 (Pavlis et al., 2012), which provides

normalized spherical harmonic coef�cients up to degree and order of 2159 with additional coef�-

cients up to degree 2190 and order 2159 by combining terrestrial gravimetry (better resolution) and

satellite gravimetry (better global coverage). Since the following parts of this thesis focus on the

2



1.1. Gravity Field

satellite gravimetry mission, the principle of terrestrial gravimetry and the combination methods

are omitted.

1.1.2 Satellite Gravimetry

One of the principal ways to determine the spherical harmonic coef�cients is from the observa-

tions of the potential or its derivatives in space outside the Earth. When satellites �y around the

Earth, it is affected majorly by the Earth's gravitational �eld accompanied by the non-gravitational

perturbations. Therefore, we can retrieve the Earth's mass anomaly by analyzing the satellite orbit

perturbation, which is the primary task of dynamic satellite geodesy (Rothacher & Rummel, 2021).

From Eq. (1.2) we can �nd that the gravitational potential decreases dramatically w.r.t. the satellite

altitudes, especially for high degrees. Thus, the lower the satellite is, the higher its sensitivity is

to the mass anomalies. At the same time, the position of the satellites should be determined as

precisely as possible to enable the recovery of highly degraded gravitational signals from satellite

orbit perturbations.

The satellite orbits information has been used successfully for global gravity �eld measure-

ments for several decades. However, the satellites with the primary aim of mapping Earth's grav-

ity �eld were �rst launched starting from 2000. The �rst gravity satellite mission is the CHAMP

mission (Challenging Mini-Satellite Payload for Geophysical Research and Application, Reigber

et al. (2002)) with the concept of satellite-to-satellite tracking in high-low mode (SST-HL, Fig. 1.1a).

In this concept, the satellite orbits can be determined by using GNSS technologies. Besides, the

satellite also has an on-board accelerometer that can measure the non-gravitational accelerations.

The second concept is satellite-to-satellite tracking in low-low mode (SST-LL, Fig. 1.1b). The

�rst realization of this concept is the GRACE mission (Gravity Recovery and Climate Experiment,

Tapley et al. (2004b)) launched in 2002, with a successor called GRACE follow-on (GRACE-FO)

launched in 2018. In this concept, the measurements of the orbit perturbations are enhanced by the

additional measurements of inter-satellite distances. Therefore, the two satellites �y in the same

orbit with a distance of about 220 km. Then, we can measure the differences in orbit perturbations

to increase the sensitivity to gravity changes further. Bene�ting from the SST-LL mode, GRACE(-

FO) can provide us information about monthly variations of the gravity changes with a spatial

resolution of around 330 km, which has signi�cant meaning for global climate monitoring. More

details about GRACE(-FO) are introduced in Section 1.2.

The last concept is satellite gravity gradiometry (SGG, Fig. 1.1c), which is the only method to

observe gravity acceleration directly. The �rst gravity satellite with the concept of SSG is GOCE

(Gravity Field and Steady-State Ocean Circulation Explorer, Drinkwater et al. (2003)), launched

in 2009. GOCE has an on-board gradiometer with six highly sensitive accelerometers that can

measure the gradients of the gravitational accelerations. GOCE has a remarkably low altitude

of around 224 km to gain highly sensitive direct observations and reaches a spatial resolution of
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around 100 km (degree and order up to 200). The cost is its limited lifetime of 4.5 years due to

much more signi�cant impacts of non-conserved forces like air drags.

(a) Satellite-to-satellite tracking in the high-low

mode (SST-HL).

(b) Satellite-to-satellite tracking in the low-low

mode (SST-LL).

(c) Satellite gravity gradiometry (SGG).

Figure 1.1: The three major satellite gravimetry concepts (GGOS, 2022).

1.2 Gravity Recovery and Climate Experiment Satellites

1.2.1 Mission Overview

The Gravity Recovery and Climate Experiment (GRACE) mission is a collaborative mission be-

tween the US space agency (NASA JPL) and the German space agency (DLR), which aims to re-

cover the details of the global gravity �eld changes. The GRACE mission was launched in March

2002 and provided more than 15 years of measurements until October 2017. Half years later, the

successor called GRACE Follow On (GRACE-FO) was launched in April 2018 to continue the same

task with additional tests on new technologies. Since the basic principles between GRACE and

GRACE-FO are the same and this thesis mainly focuses on GRACE data, we will use GRACE to

indicate both GRACE and GRACE-FO.

4



1.2. Gravity Recovery and Climate Experiment Satellites

The GRACE mission contains two twin LEO (low Earth orbit) satellites with an altitude of

around 450 km. Both of these two satellites are on the same near-polar orbits with an inclination of

89.5� , and separated from each other by approximately 220 km (Tapley et al., 2004b). The distances

between the twin satellites are measured by a highly accurate inter-satellite K-Band microwave

ranging system, as shown in Fig. 1.2. The twin satellites will be in�uenced sequentially when they

pass a mass anomaly like huge mountains. The �rst satellite will be �rst accelerated and the inter-

satellite distance will enlarge. Then, the latter satellite will sense this mass anomaly and accelerate,

whereas the former satellite will decelerate since it has already passed the mass anomaly. There-

fore, the inter-satellite distances shorten. In the end, the distance will be pulled again once the latter

satellite passes the mass anomaly. Thanks to the high accuracy of the K-Band microwave ranging

system, the mentioned process can be observed with great detail, which enhances the measure-

ments of variations of gravity �elds. As a result, the GRACE mission can provide monthly gravity

changes with a spatial resolution of around 330 km (degree and order up to 60).

Figure 1.2: The GRACE-FO mission (NASA/JPL-Caltech, 2022).

1.2.2 Contribution to Global Water Monitoring

The GRACE mission provides new opportunities to study the global mass redistribution and trans-

port, which bring a vast amount of applications in widespread �elds, including monitoring ter-

restrial water storage, studying the glacier mass balance, and analyzing the deformation of the

Earth (Tapley et al., 2004a, 2019; Chen et al., 2022). By design, the GRACE mission can collect suf�-

cient measurements to estimate a model of the Earth's gravity �eld. Therefore, the primary goal of

the GRACE mission is aggregating measurements of the gravity �eld to track mass changes in the

hydrosphere, cryosphere, and oceans at a monthly scale Tapley et al. (2004a).
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With the monthly temporal resolution, the major contribution to the global mass variations is

caused by the changes in terrestrial water storage (TWS, also known as total water storage) after

removing the in�uence of the ocean and atmosphere. The TWS embodies the sum of all forms

of water in a region, including surface water, groundwater, canopy water, soil moisture, ice, and

snow (Girotto & Rodell, 2019). Besides, the changes in TWS can be described using the water

balance equation:
ds
dt

= P � ET � R (1.7)

where ds
dt denotes the total water storage change (TWSC). P, ET, and R denote precipitation, evapo-

transpiration and runoff, respectively.

The GRACE mission also provides the products describing the changes of TWS directly, in

the form of total water storage anomaly (TWSA). The TWSA is the derivations of TWS relative to

a time-mean baseline as described by Wahr et al. (1998). For GRACE, this time interval is 2004.0

to 2009.999 (Landerer & Cooley, 2021). The TWSA data are given with the unit called equivalent

water height (EWH, also known as equivalent water thickness), namely the necessary height per

unit area to be �lled purely with water to cause a certain gravity change (Angermann et al., 2022).

This is only a hypothetical concept and does not describe real height changes since the water is

stored in different forms.

1.3 Problem Statement

Although the GRACE mission has achieved tremendous successes, multiple challenges remain.

Among them, its coarse spatial resolution and limited accuracy are among the key factors affect-

ing the applications in related �elds (Chen et al., 2022). The problem of the low spatial resolution

mainly comes from two origins. First, the design of the orbits and accuracy of the instruments

inherently limit the possible spatial resolution, as described in Section 1.1. Second, the temporal

gravity variations measured by GRACE satellites suffer from strong errors, including both ran-

dom errors related to the spherical harmonic spectral degree and certain systematic errors within

a particular spectral order (Wahr et al., 2006). Therefore, the unconstrained spherical harmonic so-

lutions need postprocessing, including destriping (Swenson & Wahr, 2006) and smoothing (Wahr

et al., 1998). Those postprocessing approaches remove not only the noise, but also hurt the real

geophysical signals. As a result, �nding some proper way to reconstruct those geophysical signals

is vital, also known as downscaling approaches.

Some of the of�cial GRACE products already include downscaling algorithms. Landerer &

Swenson (2012) bene�t from the high resolution of hydrological models. They proposed a method

to estimate the grid-point gain factors by minimizing the mismatches between un�ltered and �l-

tered TWS estimates from the GLDAS-NOAH hydrological model (Rodell et al., 2004) and applied

them to GRACE products to extrapolate them from 3 � � 3� to 1� � 1� . Save et al. (2016) applied
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Tikhonov regularization in a geodesic grid domain and developed a GRACE-only solution on an

equal-area geodesic grid of resolution of 1 � without help from any external geophysical model or

data. However, they emphasized again that this is not the true resolution since it is limited by the

band-limited nature of GRACE.

In order to improve the resolution in a reasonable way, the incorporation of additional infor-

mation at a higher resolution is necessary. In the speci�c task of downscaling GRACE TWSAs,

the most promising high-resolution information come from hydrological models and measure-

ments. Not only modeled TWSAs themselves but also other parameters like precipitation are help-

ful, regarding Eq. 1.7. Multiple studies have proved the feasibility of assimilating data to down-

scale some speci�c products at a local scale (Houborg et al., 2012; Mehrnegar et al., 2021; Gemitzi

et al., 2021). Another idea is using GRACE measurement to calibrate the high-resolution hydro-

logical model so that we can naturally have the same resolution as the used hydrological model.

Eicker et al. (2014) have applied an ensemble-based Kalman �lter approach to calibrate the mod-

eled TWSAs and validated them in the Mississippi basin. Although many methods have proved

their capabilities at the local scale, the high-resolution global TWSA maps remain challenging due

to problems like generalization. Vishwakarma et al. (2021) achieved remarkable success in gener-

ating a global TWSA products with a resolution of 0.5 � � 0.5� by fusing GRACE TWSAs as well as

estimated hydrological parameters from multiple hydrological models using partial least squares

regression. Their validation of over 160 basins globally proved that the ef�cacy of the proposed

downscaling approach is not region-dependent.

Besides, such kind of downscaling problem is also essential for many other �elds like com-

puter vision, where the problem is usually known as super resolution. Regarding this de�nition,

people usually apply some advanced deep learning algorithms to a set of low-resolution inputs and

high-resolution labels to gain super-resolution outputs. Wang et al. (2020) have summarized the

recent achievements and problems in image super resolution with deep learning comprehensively.

The most powerful models are based on the principles of convolutional neural networks (CNN,

LeCun et al. (1998)) and generative adversarial nets (GAN, Goodfellow et al. (2014)). As argued

in Yu & Ma (2021), applications of deep learning on gravity �eld and super-resolution tasks are

two of the most important trends for deep learning in geophysics. Satellite remote sensing already

bene�ts a lot from the advantages of deep learning algorithms. For example, Lanaras et al. (2018)

have combined CNN and residual learning (He et al., 2016) to improve the images of the low-

resolution bands of Sentinel-2 based on the information of the high-resolution bands. Focusing on

the speci�c combination between deep learning and GRACE mission, many investigations have

been done. Sun et al. (2019) applied CNN to predict the mismatches between GRACE TWSAs and

hydrological model over India, which proves the capability of deep learning to calibrate the hydro-

logical model. Irrgang et al. (2020) have reconstructed the high-resolution TWSA map over South

America by combing the synthetic GRACE-like TWSAs and satellites altimetry. Besides, many
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more studies have been done with a focus on a local scale (Seyoum & Milewski, 2017; Seyoum

et al., 2019; Sahour et al., 2020). The lack of downscaling the global TWSAs using deep learning

methods may be due to the computational complexity and challenge of generalization.

In this thesis, we bene�t from the high resolution of the hydrological model and high compu-

tational capacity of deep learning methods to downscale the GRACE TWSAs from 3 � into 0.5� . The

progress is made step by step, starting from the regional scale over the continental scale and end-

ing with the global scale. With the design of a speci�c loss function, the optimizing process can be

self-supervised, allowing us to have global outputs covering the whole studied time interval with

the same quality. The used data are introduced in Chapter 2. Chapter 3 describes the proposed

deep learning methods with an elaboration of the designed loss function. We also report the key

experiments searching for the best training strategy and model structure in Chapter 4. The results

are shown and discussed in Chapter 5. Finally, we conclude this study and propose some future

work in Chapter 6.
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Chapter 2

Data

2.1 HydroSHEDS Basin Products

The HydroSHEDS database provides a wide range of global digital data layers in support of

hydro-ecological research and applications. Its secondary products include HydroBasins, which

represents a series of vectorized polygon layers that depict sub-basin boundaries at a global

scale (Lehner & Grill, 2013). All continents except Antarctica are included. HydroBASINS product

follows the Pfafstetter concept (Verdin & Verdin, 1999) and provides levels 1 to 12 globally. The

�rst level product distinguishes 9 continents, as shown in Fig. 2.1a, namely Africa, Europe, Siberia,

Asia, Australia, South America, North America, Arctic of North America, and Greenland. Then,

the second level splits each continent into 9 large sub-basins further. The level-3 products include

292 sub-basins globally, which correspond to the largest basins of each continent (Fig. 2.1b).

In this study, we mainly focus on the HydroBasins level-1 and level-3 products. All the re-

gional, continental and global maps are generated based on level-3 basins if there is no special

declaration.

(a) The HydroBASINS level-01 data. (b) The HydroBASINS level-03 data.

Figure 2.1: The HydroBASINS level-01 products with 9 continents shown in (a) and level-03 prod-

ucts with 292 sub-basins shown in (b).
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2.2 GRACE Mascon

The GRACE mission successfully measured the Earth's gravity changes for more than 15 years and

provided three different levels of products from April 2002 to June 2017. The raw measurements

and L1 products are internally analyzed by the three of�cial analysis centers: CSR, JPL, and GFZ.

After validation, L2 and L3 products are published. L2 products are noisy spherical harmonics up

to degree and order 180, which need further post-processing to result in the L3 spherical harmonics

products. The L3 spherical harmonics products are provided in the form of monthly mass grids

based on the spherical harmonics truncated at degree and order up to 60 (Landerer & Swenson,

2012). Therefore, the individual cells with resolution of 1 � � 1� in the products are correlated to

each other, with an effective resolution of around 3 � � 3� (Table 1.1).

Besides, the GRACE L3 products include another form of solution called mass concentration

(mascon) solution, where the mass variations are directly estimated by explicitly relating the inter-

satellite range-rate measurements to the mascon formulation (Watkins et al., 2015). The mascon

solutions are also provided in the grid cells with a resolution of 0.5 � � 0.5� but an effective resolu-

tion of 3 � � 3� . Following the instructions of Landerer & Cooley (2021), we should use the gridded

mascon solutions for the following reasons:

• The constrained mascon solutions do not need to be destriped or smoothed and suffer less

from leakage errors.

• The mascon solutions bene�t from the coastline resolution improvement (CRI) �lter, which

separates the land and ocean signals better.

• The mascon solutions typically have �ner resolution for small regions.

• The spherical harmonics solutions are not directly suitable for analysis of ice mass changes

or glaciers.

In this study, we focus on the mascon solutions provided by JPL (Wiese et al., 2019). Multiple

data processing steps have been applied, including the replacement of C2,0 coef�cients with the

solutions from satellite laser ranging (Cheng et al., 2011). Besides, a Glacier Isostatic Adjustment

(GIA) model has been applied (Richard Peltier et al., 2018) and the impacts of ocean, atmosphere,

and land ice masses are removed so that the remaining monthly gravity changes can provide a

precise measure of mass redistribution of Earth's water cycle (Landerer & Cooley, 2021). Besides,

the mean values from 2004.0 to 2009.999 are removed from the products to produce the TWSA in

the format of EWH, as shown in Fig. 2.2. The products used in this study are without the land-grid-

scaling gain factors described by Wiese et al. (2016) so that the data can provide us with information

that is fully independent of hydrological models.
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Figure 2.2: An example of the JPL GRACE TWSA Mascon product in August 2008.

2.3 WaterGAP Hydrological Model

WaterGAP is a global hydrological model that thoroughly describes water storage, usage and re-

sources in all land areas except Antarctica. Müller Schmied et al. (2021) have published the latest

version WaterGAP v2.2d, including the WaterGAP Hydrology Model (WGHM), in 2021. WGHM

comprehensively models daily water �ows and water storage since it includes various forms of

water such as groundwater, rivers, and snow.

As one of the standard WGHM outputs, monthly TWS is provided at a high resolution of

0.5� � 0.5� . This TWS product is the sum of ten components, including four sources of water stor-

age (canopy, snow, soil, and groundwater), global and local wetland and lake storage, reservoir

storage, and river storage. Thanks to the comprehensive modeling and high resolution, we can

clearly observe the major rivers from the simulated TWS, and the direct comparison between the

obtained TWSAs and the GRACE TWSAs is permitted (Angermann et al., 2022). We should notice

that the direct comparison is only permitted if the WGHM TWSA is generated based on the same

time interval as GRACE TWSA, namely 2004.0 to 2009.999. Therefore, we should �rst compute

the mean TWS in this time interval and remove it from the WGHM TWS products. The averaged

WGHM TWS from 2004.0 to 2009.999 is shown in Fig. 2.3 with an example of the resulting TWSAs

in August 2008 shown in Fig. 2.4. Opposite to Fig. 2.2, the river structures can be observed clearly

in Fig. 2.4 due to the high resolution of WGHM. Besides, the WGHM models TWS without assimi-

lation of GRACE measurements. Therefore, the obtained WGHM TWSAs and GRACE TWSAs are

entirely independent.

Although the global structures of the WGHM TWSAs are signi�cantly more delicate than

GRACE products, the WGHM TWSAs also has two non-negligible limitations. First, the products
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