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Summary

Understanding hydrological processes is of fundamental importance for the Vietnamese national
food security and the livelihood of the population in the Viethamese Mekong Delta (VMD). As a
consequence of sparse data in this region, however, hydrologic processes, such as the controlling
processes of precipitation, the interaction between surface and groundwater, and groundwater
dynamics, have not been thoroughly studied. The lack of this knowledge may negatively impact the
long-term strategic planning for sustainable groundwater resources management and may result in
insufficient groundwater recharge and freshwater scarcity. It is essential to develop useful methods
for a better understanding of hydrological processes in such data-sparse regions. The goal of this
dissertation is to advance methodologies that can improve the understanding of fundamental
hydrological processes in the VMD, based on the analyses of stable water isotopes and monitoring
data. The thesis mainly focuses on the controlling processes of precipitation, the mechanism of
surface—groundwater interaction, and the groundwater dynamics. These processes have not been
fully addressed in the VMD so far. The thesis is based on statistical analyses of the isotopic data of
Global Network of Isotopes in Precipitation (GNIP), of meteorological and hydrological data from
Vietnamese agencies, and of the stable water isotopes and monitoring data collected as part of this

work.

First, the controlling processes of precipitation were quantified by the combination of trajectory
analysis, multi-factor linear regression, and relative importance analysis (hereafter, a model-based
statistical approach). The validity of this approach is confirmed by similar, but mainly qualitative
results obtained in other studies. The total variation in precipitation isotopes (6180 and 6%H) can be
better explained by multiple linear regression (up to 80%) than single-factor linear regression (30%).
The relative importance analysis indicates that atmospheric moisture regimes control precipitation
isotopes rather than local climatic conditions. The most crucial factor is the upstream rainfall along
the trajectories of air mass movement. However, the influences of regional and local climatic factors
vary in importance over the seasons. The developed model-based statistical approach is a robust
tool for the interpretation of precipitation isotopes and could also be applied to understand the

controlling processes of precipitation in other regions.

Second, the concept of the two-component lumped-parameter model (LPM) in conjunction with
stable water isotopes was applied to examine the surface—groundwater interaction in the VMD. A
calibration framework was also set up to evaluate the behaviour, parameter identifiability, and
uncertainties of two-component LPMs. The modelling results provided insights on the subsurface
flow conditions, the recharge contributions, and the spatial variation of groundwater transit time.
The subsurface flow conditions at the study site can be best represented by the linear-piston flow
distribution. The contributions of the recharge sources change with distance to the river. The mean
transit time (mTT) of riverbank infiltration increases with the length of the horizontal flow path and
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the decreasing gradient between river and groundwater. River water infiltrates horizontally mainly
via the highly permeable aquifer, resulting in short mTTs (<40 weeks) for locations close to the river
(<200 m). The vertical infiltration from precipitation takes place primarily via a low-permeable
overlying aquitard, resulting in considerably longer mTTs (>80 weeks). Notably, the transit time of
precipitation infiltration is independent of the distance to the river. All these results are
hydrologically plausible and could be quantified by the presented method for the first time. This
study indicates that the highly complex mechanism of surface—groundwater interaction at
riverbank infiltration systems can be conceptualized by exploiting two-component LPMs. It is
illustrated that the model concept can be used as a tool to investigate the hydrological functioning
of mixing processes and the flow path of multiple water components in riverbank infiltration
systems.

Lastly, a suite of time series analysis approaches was applied to examine the groundwater dynamics
in the VMD. The assessment was focused on the time-variant trends of groundwater levels (GWLs),
the groundwater memory effect (representing the time that an aquifer holds water), and the
hydraulic response between surface water and multi-layer alluvial aquifers. The analysis indicates
that the aquifers act as low-pass filters to reduce the high-frequency signals in the GWL variations,
and limit the recharge to the deep groundwater. The groundwater abstraction has exceeded
groundwater recharge between 1997 and 2017, leading to the decline of groundwater levels (0.01-
0.55 m/year) in all considered aquifers in the VMD. The memory effect varies according to the
geographical location, being shorter in shallow aquifers and flood-prone areas and longer in deep
aquifers and coastal regions. Groundwater depth, season, and location primarily control the
variation of the response time between the river and alluvial aquifers. These findings are important
contributions to the hydrogeological literature of a little-known groundwater system in an alluvial
setting. It is suggested that time series analysis can be used as an efficient tool to understand
groundwater systems where resources are insufficient to develop a physical-based groundwater
model.

This doctoral thesis demonstrates that important aspects of hydrological processes can be
understood by statistical analysis of stable water isotope and monitoring data. The approaches
developed in this thesis can be easily transferred to regions in similar tropical environments,
particularly those in alluvial settings. The results of the thesis can be used as a baseline for future
isotope-based studies and contribute to the hydrogeological literature of little-known groundwater
systems in the VMD.
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Zusammenfassung

Ein fundiertes Verstandnis der hydrologischen Prozesse im vietnamesischen Mekong Delta (VMD)
ist von grundlegender Bedeutung fir den Lebensunterhalt der Bevélkerung im Mekong Delta, und
darlGber hinaus auch fiir die nationale Ernahrungssicherheit. Aufgrund des Fehlens einer
belastbaren Datenbasis konnten bislang eine Reihe von wichtigen hydrologischen Prozessen nur
unzureichend untersucht und quantifiziert werden. Dazu zdhlen unter anderem die Analyse des
Ursprungs des Niederschlages im Delta, die Interaktion zwischen Oberflachen- und Grundwasser,
sowie die Grundwasserdynamik. Diese Licken im Wissensstand verhindern eine solide
datenbasierte Wasserwirtschaftsplanung, was unter Berlicksichtigung der derzeitigen Trends
mittelfristig zu weiter fallenden Grundwasserstanden und Wasserknappheit fihren wird. Daher ist
es von grofBer Bedeutung, Methoden und Werkzeuge zu entwickeln, die auch unter der
bestehenden Datenknappheit belastbare quantitative Ergebnisse fir eine nachhaltige
Wasserbewirtschaftung liefern kdnnen. Das Ziel dieser Dissertation ist es, solche Methoden zu
entwickeln und zu testen, um grundlegende hydrologische Prozesse im VMD besser verstehen und
qguantifizieren zu kénnen. Hierzu werden die existierenden Messdaten sowie im Rahmen dieser
Arbeit gesammelte Daten zum Gehalt an stabilen Wasserisotopen verwendet. Mit Hilfe dieser

Daten wurden folgende Prozesse untersucht:

Der Ursprung und die Fraktionierung des Niederschlages im VMD.
Die Interaktion zwischen Oberflachen- und Grundwasser mit einem besonderen Fokus auf
die ufernahen Gebiete.

3. Die groRflachige Dynamik in den verschiedenen Grundwasserleitern der letzten Jahrzehnte.

Die Prozesse, die den Ursprung und die Verteilung des Niederschlagsbestimmen, wurden mittels
einer Kombination aus Isotopendaten, Trajektorienanalyse, multifaktorieller Regression, und
relativer Wichtigkeitsanalyse untersucht. Diese Kombination ist nachfolgend ,modelbasierter
statistischer Ansatz” betitelt. Hierbei wurde festgestellt, dass die Varianz im Isotopengehalt des
Niederschlags (6'80 and &2H) mit der multifaktoriellen Regression zu 80% erklart werden konnte,
was im Vergleich zu einer einfachen Regression mit 30% erklarter Varianz eine deutliche
Verbesserung darstellt. Die Wichtigkeitsanalyse ergab zudem, dass groRskalige atmosphérische
Feuchtigkeitsverteilungen einen weitaus groferen Einfluss auf die Isotopenverteilung im
Niederschlag haben, als lokale klimatische Bedingungen im VMD. Der hierbei wichtigste Faktor ist
die Regenmenge entlang der Trajektorien der Luftmassenbewegungen. Die Wichtigkeit der
Faktoren variiert jedoch saisonal zwischen Regen- und Trockenzeit. Der in dieser Dissertation
entwickelte modelbasierte statistische Ansatz ist ein robustes Werkzeug zur Analyse und
Interpretation der Isotopenverteilung im Niederschlag, der auch auf dhnliche Fragestellungen in

andere Regionen Ubertragbar ist.
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Im zweiten Teil der Dissertation wurden Zweikomponentenmodelle (LPM) in Verbindung mit
Isotopenmessungen im Niederschlag, Oberflichen- und Grundwasser verwendet, um die
Interaktion zwischen Oberflachen- und Grundwasser qualitativ und quantitativ zu beschreiben.
Verschiedene Modellansatze wurden hierbei in einem automatischen Kalibrieransatz getestet, und
deren Unsicherheit bestimmt. Hierbei hat sich das lineare KolbenflieBmodell (linear piston flow
model) als das am besten geeignetste herausgestellt. Die Modellierungsergebnisse ermoglichten
daraufhin eine modellbasierte Abschatzung der Grundwasserschwankungen und -fliisse, der
Grundwasserneubildung und der rdumlichen Variabilitat der Grundwasserlaufzeiten. Hierbei zeigte
sich, dass Grundwasserneubildung und deren Quellen raumlich variabel ist, und sich mit
zunehmender Entfernung vom Fluss die Neubildung von primar Uferinfiltration hin zu Neubildung
durch Niederschlage andert. Analog dazu erhéhen sich die Grundwasserlaufzeiten mit der Lange
der horizontalen FlieRwege (= Entfernung vom Vorfluter) und mit sinkendem Gradienten zwischen
Grundwasserstand und Wasserstand im Fluss. Flusswasser infiltriert ber das Flussufer in den
wasserleitenden Aquifer, mit mittleren Transferzeiten (mTT) von < 40 Wochen fiir Bereiche mit
weniger als 200 m Entfernung zum Fluss. In groReren Entfernungen findet die Neubildung im
Wesentlichen durch Versickerung von Regenwaser statt. Da der betrachtete holozdne
Grundwasserleiter mit einer schwerdurchlassigen Deckschicht Uberlagert ist, liegen die mTT in
diesen Bereichen mit > 80 Wochen wesentlich hoher. Es konnte mit dieser Studie gezeigt werden,
dass die komplexe Interaktion zwischen Grund- und Oberflaichenwasser mittels eines
konzeptionellen Modells in Verbindung mit aus Wasserproben bestimmten Isotopendaten
konzeptionalisiert und quantifiziert werden kann. Der Ansatz empfiehlt sich daher als Werkzeug fiir
die Untersuchung der Mischungsprozesse der Ufer- und Regenwasserinfiltration, sowie der

FlieBwege des Grundwassers in dhnlichen Gebieten.

Im letzten Teil der Dissertation wurden Trends in den Grundwasserstianden im gesamtem VMD
untersucht. Hierzu wurde eine Reihe von Methoden zur Zeitreihenanalyse angewandt. Der Fokus
der Untersuchungen lag auf =zeitvariablen Trends in den Grundwasserstanden, der
Wasserspeicherdauer (memory effect), und der hydraulischen Reaktionszeit zwischen dem
Oberflachenwasser und den verschiedenen Aquiferen im VMD. Die Analyse ergab, dass die
verschiedenen Schichten von Aquiferen und Aquitarden wie ein Tiefpassfilter auf die hydraulischen
Signale des Oberflachenwassers wirken, was wiederum die Grundwasserneubildung in den tieferen
Aquiferen stark reduziert. Die Zeitreihenanalyse ergab, dass die Entnahmemengen an Grundwasser
insbesondere in den tieferen, stark genutzten Aquiferen die Neubildung im gesamten
Analysezeitraum 1997 — 2017 lberschritten hat. Dies fiihrte zu Absenkung des Grundwasserspiegels
von 0.01 — 0.55 m pro Jahr in den verschiedenen Aquiferen des VMD. Die Speicherdauer variiert
zwischen den verschiedenen Regionen und Aquiferen des VMD. In den flacheren Aquiferen und in
der Region mit tiefen Uberflutungen wihrend der Hochwassersaison sind die Speicherdauern
kiirzer, wahrend sie in den tieferen Aquiferen und in den kiistennahen Regionen wesentlich langer
sind. Die Reaktionszeit variiert ebenfalls im Raum, wobei die wichtigsten Einflussfaktoren der
Abstand des Grundwasserspiegels zur Oberflache, die Saison und die Lage, hier besonders die

Entfernung zum Fluss oder der Kiste, sind. Diese qualitativen wie quantitativen Ergebnisse fligen
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wichtige und wesentlich Erkenntnisse zum Wissensstand liber das Grundwasser im VMD hinzu. Die
verwendeten Methoden empfehlen sich darliber hinaus fiir die Analyse von
Grundwasserdynamiken in alluvialen Aquifersystemen im Generellen, wenn Daten und Ressourcen
flr ein physisches numerisches Grundwassermodell fehlen.

Die vorliegende Dissertation zeigt, dass wichtige hydrologische Prozesse auch Uber statistische
Analysen von Mess- und Isotopendaten quantitativ analysiert werden konnen. Die Ergebnisse
stellen eine Basisanalyse der Grundwasserdynamik und der sie beeinflussenden Prozesse im VMD
dar, und sollten in weiteren Studien ausgebaut werden. Die Analyse der Isotopendaten liefert
darlber hinaus die Basislinie fir hydrologische Analysen mit stabilen Isotopen im VMD und
aufgrund der ahnlichen klimatischen und geografischen Lage auch fiir weite Teile Slidostasiens. Die
entwickelten Methodenkombinationen kénnen aufgrund ihrer generellen Natur auch problemlos

auf andere tropische Regionen, insbesondere solche mit alluvialen Aquiferen, Gbertragen werden.
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Chapter 1 General introduction

1.1 Background

The Vietnamese Mekong Delta (VMD) is located in the southern tip of Vietnam and covers an area
of 3.9 million ha. The delta has a multi-layer alluvial basin structure, of which the plain is divided
by a dense network of rivers, human-made channels and waterways. It is the home of more than
17 million people who mainly live in rural areas and depend on agriculture or aquaculture as their
primary source of income (Renaud and Kuenzer, 2012). Food production has significantly
increased in the VMD since the mid-1990s and become the leading sector in the export industry
of Vietnam. The delta contributes approximately 50% of the national food production and 85% of
the annual rice export (GSO, 2016), positioning Vietnam as one of the largest rice exporters in the

world.

Water resources management is a crucial driver for the socio-economic development in the VMD.
Despite the improvements in agricultural systems and the rapid economic growth in the region,
farmers and communities directly depend on water resources for their livelihoods and daily
subsistence. The delta is globally seen as one of the key hotspots of climate change related risks
due to its exposure to floods, salinization and potential sea-level rise (Birkmann et al., 2012). The
hydraulic constructions (e.g., dykes and sluice gates systems) have been rapidly developed to
improve food production (Tri, 2012). Groundwater exploitation has also increased as a result of
urbanization and industrial development (Danh and Khai, 2015). These human activities have a
direct impact on hydrological manipulation, placing the VMD on many water-related challenges
(Renaud and Kuenzer, 2012). Therefore, a thorough understanding of hydrological processes is

one of the prerequisites for sustainable development in the delta.

Many reports on the hydrology of the VMD have been recently published, with the majority of the
studies dealing with the dynamics of surface water as well as the associated sedimentation and
salinity intrusion. Studies on climatic or sub-surface flow processes are, however, rare. The
hydrologic and hydraulic features denoting the increasing trends in water level (Dang et al., 2016;
Fujihara et al., 2016), floodplain hydrology (Apel et al., 2012; Hung et al., 2012), the flood dynamics
(Dung et al., 2011; Dang et al., 2016; Triet et al., 2017), sedimentation (Kummu and Varis, 2007;
Hung et al., 2014b; Hung et al., 2014a; Manh et al., 2014, Darby et al., 2016; Tu et al., 2019), and
salinity intrusion (Nguyen and Savenije, 2006; Toan, 2014; Renaud et al., 2015; Smaijgl et al., 2015;
Eslami et al.,, 2019) have been well studied. Based on large-scale hydrological and hydraulic
modelling (e.g., Dung et al., 2011), the dynamics of future food (e.g., Triet et al., 2020) and future
sediment (e.g., Manh et al., 2015) can be projected. Also, the impacts of upstream hydropower
dams, climate change and sea-level rise on food security, hydrological alterations, and coastal
erosion have been quantified for the VMD (e.g., Wassmann et al., 2004; Lauri et al., 2012; Arias et
al., 2014; Anthony et al., 2015; Dang et al., 2018).
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In contrast to the numerous hydrological studies, studies on groundwater dynamics have been
limited. Most of the groundwater studies have targeted local areas (e.g., provinces or cities) rather
than the whole delta. These studies have mainly focused on groundwater recharge sources (Ho et
al.,, 1991; An et al.,, 2014), the arsenic contamination of aquifers (e.g., Shinkai et al., 2007,
Buschmann et al., 2008; Kocar et al., 2008; Erban et al., 2013; Huang et al., 2016), groundwater
quality (e.g., Wilbers et al., 2014; An et al.,, 2018; Tran et al., 2019). At the larger scale,
groundwater has been reported to be considerably controlled by the river system (Wagner et al.,
2012) and closely connected to the surface water in the floodplains (Kazama et al., 2007). The
recently large-scale groundwater exploitation for socio-economic and industrial development has
been proposed as the primary driver of groundwater depletion (Ha et al., 2015) and land
subsidence (Minderhoud et al., 2017) in the VMD. However, information on the declining
groundwater levels (e.g., Wagner et al., 2012; Erban et al.,, 2014) or the surface water —
groundwater interaction based on numerical modelling (e.g., Vermeulen et al., 2013; Shrestha et
al.,, 2016; Hung Van et al.,, 2019) has been scarce. The mechanism of flow conditions in the
groundwater system of the VMD remains poorly understood due to the complexity of the
hydrogeological subsurface system (Wagner et al., 2012) and the sparsity of groundwater level

and lithological data (Johnston and Kummu, 2012).

Environmental isotopes as tracers have become an effective tool to understand different
hydrological processes (Clark and Fritz, 1997; McGuire and McDonnell, 2008; Kendall and
McDonnell, 2012). In paleoclimate-reconstruction studies, stable isotopes (680 and §2H) offer the
possibility to identify the sources of precipitation and the contribution of regional and local
climatic parameters (Gat, 1996). In the Asian monsoon region, the isotopic signature of
precipitation has been found to correlate with large-scale climatic parameters such as sea surface
temperature and relative humidity of the air masses (Dansgaard, 1964; Merlivat and Jouzel, 1979;
Clark and Fritz, 1997; Lachniet, 2009), ENSO (Ichiyanagi and Yamanaka, 2005; Tan, 2014; Yang et
al., 2016) and the vertical wind shear index (Vuille et al., 2005). Furthermore, tracer application
can be used to gain insights in hydrological processes such as streamflow generation (e.g. Kendall
and Caldwell, 1998), and in rainfall-runoff studies (e.g. Genereux and Hooper, 1998). In catchment
hydrology, analyzing water isotopes within the hydrological cycle can provide valuable
information on the water budget and the runoff generation (e.g., McGuffie and Henderson-
Sellers, 2004; Fekete et al., 2006; Bowen et al., 2011), as well as enable a quantitative separation
of individual water components (e.g., Weiler et al., 2003b; Wenninger et al., 2010; Klaus and
McDonnell, 2013; Klaus et al., 2014). In groundwater studies, time-domain tracers have frequently
been used to examine recharge pattern (McGuire and McDonnell, 2008) and groundwater transit
time (Matoszewski and Zuber, 1982). For example, tracer application can reveal the origin of
groundwater (Weyhenmeyer et al., 2002; Blasch and Bryson, 2007), the groundwater-surface
water interactions (Stichler et al., 1986; Stichler et al., 2008), subsurface flow conditions (McGuire
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et al., 2002), groundwater mixing processes (Stewart and Thomas, 2008), groundwater transport
(Maloszewski et al., 2002; Kabeya et al., 2007; Stewart et al., 2007), and recharge mechanisms
(Koeniger et al., 2016). Hence, tracer-based studies promise to close knowledge gaps on

hydrological processes in the VMD.

1.2 Motivation

To the best of the author’s knowledge, there is no long-term sampling campaign that provides
high-resolution isotopic measurements to generate a basic dataset for isotope-based studies in
the VMD. Most of the isotope-based studies in this region (e.g., Ho et al., 1991; Kabeya et al.,
2008; An et al., 2014; An et al., 2018) are based on low isotopic data quality, thus the results are
stained with high uncertainty. Therefore, it is highly recommended to set up pilot areas for
isotopic data generation and the installation of long-term gauging station. Based on these
datasets, baseline isotopic studies can be conducted. For example, the local meteoric water line
or the groundwater transit time of a focused region can be estimated and used as reference
baselines for the whole VMD.

Regarding the choice of methodological tools, although hydrological modelling using
mathematical simulation can provide a wealth of results, it is not always straightforward to
develop and calibrate a numerical model, due to missing data and limited resources to set up or
run a numerical model (Johnston and Kummu, 2012). Statistical analyses can often provide
invaluable insights into the temporal and spatial dynamics of hydrological processes with much
less effort, given sufficient data availability. In groundwater studies, statistical-based analysis (e.g.,
time series model) can, to a certain extent, be of greater value than numerical groundwater
models (Bakker and Schaars, 2019). It can be used to clean up the data, identify the major stresses
on the aquifer, determine the most important processes that affect flow in the aquifer, and give
an indication of the sub-surface flow conditions. Therefore, it is surely worthwhile to develop
statistic- and isotope-based approaches to enhance the understanding of hydrological processes
in the VMD.

1.3 Aims and scope of the study

This thesis used a statistical multi-method approach based on the analyses of long-term isotope
measurement and hydrometric monitoring data to gain insights into hydrological processes in the
VMD. The main objective is to advance existing methodologies that can improve the
understanding of (1) the controlling processes of precipitation, (2) the mechanism of surface—
groundwater interaction, and (3) the groundwater dynamics in the VMD. The study area was
selected because knowledge about these processes is lacking, but required for a sustainable use
of groundwater resources. The VMD can be seen representative for an alluvial and density

populated tropical delta, and the results could thus be transferred to a certain extent. To address
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the main objectives, this work developed methodologies to answer the following research

questions:

1. Where do the moisture sources of precipitation in the VMD origin from? (Chapter 2)
2. Which factors control the precipitation isotopes in the VMD? (Chapter 2)

3. What are the subsurface flow conditions in riverbank infiltration areas in the VMD?
(Chapter 3)

4. What is the level of infiltration of river water and precipitation to shallow groundwater

and their age variations in riverbank areas in the VMD? (Chapter 3)

5. What changes in groundwater levels in the VMD can be detected over the last two
decades? (Chapter 4)

6. What is the length of groundwater memory effect (the time that an aquifer holds water)
in the VMD? (Chapter 4)

7. What is the response of alluvial aquifers to surface water in the VMD? (Chapter 4)

Based on these research questions, this thesis applied the following methodologies:

A model-based statistical approach to identify the potential moisture sources of
precipitation (Question 1) and factors controlling the precipitation isotopes (Question 2)
in the VMD.

A concept of two-component lumped parameter models to examine the subsurface flow
conditions (Question 3), the infiltration of river water and precipitation to shallow
groundwater, and their age variations (Question 4) in riverbank areas in the VMD.
Time-series analysis (e.g., trend analysis, correlation analysis, moving-window approach)
to evaluate the trend of groundwater levels (Question 5), the memory effect of
groundwater (Question 6), and the hydraulic response between surface water and alluvial
aquifers (Question 7) in the VMD.

1.4 Features of the study area

The VMD covers an area of 3.9 million hectares between 8.5-11.5 2N and 104.5-106.8 2E (Figure

2.1). Located in a tropical monsoon region, the climate of the VMD has a distinct seasonality with

two seasons: the rainy season (May to November) resulting from the flow of moisture from the

Indian Ocean and Western North-Pacific Ocean accounting for approximately 80-90% of the

annual rainfall (Tri, 2012), and the dry season (December to April) controlled by high-pressure

systems over the Asian continent (Wang et al., 2001). Precipitation from the Indian monsoon is

forced by the convective heat sources over the Bay of Bengal (Wang et al., 2001) and arrives earlier

than precipitation from the Western North-Pacific monsoon (Delgado et al., 2012), forced by a

convective heat source over the South China Sea — Philippine Sea. The average annual rainfall is

4
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1400-2200 mm, characterized by an uneven distribution, both spatially and temporally (Renaud
and Kuenzer, 2012; GSO, 2016).

The annual average temperature is 27°C with the small interannual variability of about 1°C.
Monthly variation of temperature throughout the year is between 25°C and 29°C. The annual
relative humidity ranges from 82% to 85%, with a seasonal variation of 80% to 88% during the
rainy season and 77% to 83% during the dry season. The mean annual evaporation is 984 mm with
a significant difference between the rainy season and the dry season. The monthly evaporation
rate ranges from 67 to 80 mm and 76 to 109 mm in the dry and rainy season, respectively. Daily
sunshine duration is about 8.7 to 9.6 hours in the dry season and 5.5 to 5.9 hours in the rainy
season (Renaud and Kuenzer, 2012; GSO, 2016).

The delta has an extremely low mean elevation (~0.8m above sea level) (Minderhoud et al., 2019).
During the flood season (July-November), 35-50% of the delta is flooded, mainly by river discharge
exceeding bank level. The resulting inundation reaches depths of up to 4.0 m for 3 to 6 months
(Toan, 2014), constituting inundation areas that recharge water to alluvial aquifers. These
inundation areas cover a territory of approximately 2.0 million hectares in the northern part of
the VMD (Triet et al., 2017).

The subsurface structure and hydrogeological units in the VMD are classified according to their
geological formation: the Holocene, the Pleistocene, the Pliocene, and the Miocene aquifer
systems. The multi-layered aquifer system in the delta has an alluvial basin structure, forming by
sediment deposited during transgression and regression events around 6,000-5,000 yr BP (Lap
Nguyen et al., 2000). The deepest area of the basement is located below the Mekong and Bassac
Rivers and rises to the Northeast, North, and Northwest borders (Anderson, 1978). These age units
can be sub-divided into eight hydrogeological aquifer systems (Wagner et al., 2012), including
Holocene (gh), Upper Pleistocene (qps3), Middle Pleistocene (qp2-3), Lower Pleistocene (qp1),
Middle Pliocene (n,? ), Lower Pliocene (n2' ), Upper Miocene (n13), and Middle Miocene (n1?73).
Each unit consists of two layers: (i) a low-permeable aquitard layer composed of silt and clay; and

(ii) a high-permeable aquifer layer composed of fine to coarse sand and gravel.

1.5 Monitoring and sampling campaigns

The Plain of Reeds in VMD (Figure 3.1) is chosen as a pilot area for the monitoring and sampling
campaigns. For the sampling campaigns, the study site An Long in the Plain of Reeds (Figure 3.1)
was selected, primarily considering logistic constraints. This area was already covered by the
WISDOM project carried out by GFZ Potsdam for many years. Six field campaigns in the VMD were
carried out between 2015 and 2018 to collect water samples for isotope analysis. The isotopic
data covered by the WISDOM project between 2009 and 2014 were also collected. The result of

water samples is shown in Table 3.1.
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The stable isotope samples were analyzed at the Alfred-Wegener-Institute (AWI) in Potsdam,
Germany. All samples were stored in 30 mL plastic sample bottles with tight screw caps and kept
in the dark before the isotopic analysis to avoid evaporation effects. The measurements were
performed with a Finnigan MAT Delta-S mass spectrometer using equilibration techniques to
determine the ratio of stable oxygen (*¥0/'®0) and hydrogen (?H/H) isotopes. Analytical results
were reported as 6°H and 680 (%o, relative to Vienna Standard Mean Ocean Water - VSMOW)
with internal 1o errors of less than 0.8%o for 8’H and 0.1%o for 6'80. The detailed measuring

procedure is described in Meyer et al. (2000).

Additionally, surface and groundwater levels were recorded every 15 min by automatic pressure
sensors (HOBO U20 Fresh Water Level Data Logger). The duration of monitoring was from June
2015 to December 2017. A terrestrial survey was carried out in 2016 to put the recorded water
groundwater level measurements into the context of the river water levels at the gauge in An

Long.

1.6 Thesis outline and author contribution

The thesis has five chapters, including three journal articles, to present the major findings of this
doctoral study. The manuscripts were reformatted to form a cumulative dissertation to answer
the research questions. All manuscripts are the result of the collaboration between the author of
this thesis (Nguyen Le Duy) and several co-authors (initials). The following paragraph highlights

the contribution of authors in each manuscript.
Chapter 1 provides a general introduction to the thesis.

Chapter 2: What controls the stable isotope composition of precipitation in the Mekong Delta?

A model-based statistical approach
Author: Nguyen Le Duy, Ingo Heidblichel, Hanno Meyer, Bruno Merz, and Heiko Apel
Journal: Hydrology and Earth System Sciences (HESS).

NLD contributed to Conceptualization, Methodology, Resources, Software, Visualization, Writing
- original draft; HM supported data analyses; all authors (NLD, IH, HA, BM and HM) contributed to

the interpretation of Results and finalizing the paper.

This chapter developed a model-based statistical approach to identify the factors controlling the
precipitation sources and distribution in the VMD. The assessment was based on the dataset of
climatic parameters (daily precipitation, temperature, relative humidity) and stable precipitation
isotopes (680 and 8?H) between 2014 and 2015. Back trajectory modelling by HYSPLIT model was
computed to investigate the seasonal variations of moisture sources. Multi-factor linear
regression analysis was applied to examine the influence of local and regional meteorological

factors on precipitation isotopes. Lastly, relative importance analysis was utilised to quantify the
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power of individual predictors in the linear regression. The approach was evaluated for the reliable
interpretation of precipitation isotopes in the VMD and a potential pathway for improved

reconstruction of paleoclimates based on isotopic records.

Chapter 3: Identification of groundwater mean transit times of precipitation and riverbank

infiltration by two-component lumped parameter models

Author: Nguyen Le Duy, Nguyen Viet Dung, Ingo Heidblichel, Hanno Meyer, Markus Weiler, Bruno
Merz, and Heiko Apel

Journal: Hydrological Processes.

NLD contributed to Conceptualization, Methodology, Resources, Software, Visualization, Writing
- original draft; HM supported data analyses; NVD and IH supported Methodology and Software;
IH, HA, BM and MW discussed the Results, revised the full text. All authors contributed to finalizing
the paper.

This chapter examined a novel concept of two-component lumped parameter models (LPMs) that
were inversely solved using 880 records. The model concept was tested to quantify the mixing
processes, the contribution of river and precipitation components to shallow groundwater, and
their age variations in the riverbank infiltration areas. Six transit time distributions, including the
exponential, linear, exponential-piston flow, linear-piston flow, advection-dispersion, and the
gamma model were tested. It was assumed that the best-suited TTD could describe the subsurface
flow conditions in the study site. Monte Carlo solution was applied to find the best parameter sets
of a model. The generalized likelihood uncertainty estimation (GLUE) method was used to quantify
the uncertainty of model predictions. Three model set-ups were also defined to get deeper
insights into the model behaviour, parameter identifiability, and uncertainties. The uncertainty
analysis was attributed to (1) the modified input functions, (2) the mass balance analysis, and (3)
the assumed nonstationary or steady-state conditions during the calibration. The findings on the
subsurface flow conditions, the recharge contributions, and the transit time of river and
precipitation infiltration were used to develop a conceptual mechanism of surface—groundwater

interaction for riverbank infiltration in the VMD.

Chapter 4: Groundwater Dynamics in the Viethamese Mekong Delta: Trends, Memory Effects,
and Response Times

Author: Nguyen Le Duy, Nguyen Van Khanh Triet, Nguyen Viet Dung, Tran Tuan Anh, Nguyen Thi
Ha, Ingo Heidblichel, Bruno Merz, and Heiko Apel

Journal: Journal of Hydrology — Regional Studies.

NLD contributed to Conceptualization, Methodology, Software, Visualization, Writing - original
draft; NVKT, TTA and NTH contributed to Resources and Visualization; NVD supported



Chapter 1: General introduction

Methodology and Software; IH, HA, BM contributed to the interpretation of Results and
Discussions.

This chapter evaluated the usefulness of time series techniques to investigate groundwater
dynamics. The assessment was based on an update set of groundwater level data (1996-2017)
which has not been published beforehand. Variabilities of GWL trends, the groundwater memory
effect, and the response of alluvial aquifers to surface water were quantified on the basis of this
dataset for the VMD. A trend analysis and a moving-window approach were applied to evaluate
the time-variant trends of groundwater level over the last two decades. Auto-correlation was used
to identify the groundwater memory effect, and moving-window cross-correlation analysis was
applied to quantify the response time between aquifers and surface water. This chapter
highlighted the usefulness of time-series techniques for a better understanding of groundwater
behaviours in alluvial settings. Findings in this chapter also contribute useful information on the
potential recharge and the conceptualization of groundwater system that are essential for

groundwater resources management in the VMD.

Chapter 5 summarizes the main findings from individual chapters and discusses them concerning
the overall aim of the thesis. It also suggests the methodological implications and limitations that
should be considered to gain insights into the hydrological process in similar settings. This chapter

ends with concluding remarks for the doctoral study.
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This chapter has been published as:
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Sciences, 22(2): 1239-1262. DOI: https://doi.org/10.5194/hess-22-1239-2018

Abstract

This study analyzes the influence of local and regional climatic factors on the stable isotopic
composition of rainfall in the Vietnamese Mekong Delta (VMD) as part of the Asian monsoon
region. It is based on 1.5 years of weekly rainfall samples. In a first step, the isotopic composition
of the samples is analyzed by local meteoric water lines (LMWL) and single-factor linear
correlations. Additionally, the contribution of several regional and local factors is quantified by
multiple linear regression (MLR) of all possible factor combinations and by relative importance
analysis. This approach is novel for the interpretation of isotopic records and enables an objective
guantification of the explained variance in isotopic records for individual factors. In this study, the
local factors are extracted from local climate records, while the regional factors are derived from
atmospheric backward trajectories of water particles. The regional factors, i.e. precipitation,
temperature, relative humidity and the length of backward trajectories, are combined with
equivalent local climatic parameters to explain the response variables 680, 6§2H, and d-excess of

precipitation at the station of measurement.

The results indicate that (i) MLR can much better explain the isotopic variation of precipitation (R?
= 0.8) compared to single-factor linear regression (R? = 0.3); (ii) the isotopic variation in
precipitation is controlled dominantly by regional moisture regimes (~70%) compared to local
climatic conditions (~30%); (iii) the most important climatic parameter during the rainy season is
the precipitation amount along the trajectories of air mass movement; (iv) the influence of local
precipitation amount and temperature is not significant during the early rainy season, unlike the
regional precipitation amount effect; (v) secondary fractionation processes (e.g. sub-cloud
evaporation) can be identified through the d-excess and take place mainly in the dry season, either
locally for 880 and &2H, or along the air mass trajectories for d-excess. The analysis shows that
regional and local factors vary in importance over the seasons and that the source regions and
transport pathways, and particularly the climatic conditions along the pathways have a large

influence on the isotopic composition of rainfall. While the general results have been reported



Chapter 2: Controls on the precipitation isotopes in the Viethamese Mekong Delta

qualitatively in previous studies (proving the validity of the approach), the proposed method
provides quantitative estimates of the controlling factors, both for the whole data set and for
distinct seasons. Therefore, it is argued that the approach constitutes an advancement in the
statistical analysis of isotopic records in rainfall that can supplement or precede more complex
studies utilizing atmospheric models. Due to its relative simplicity, the method can be easily

transferred to other regions, or extended with other factors.

The results illustrate that the interpretation of the isotopic composition of precipitation as a
recorder of local climatic conditions, as for example performed for paleorecords of water isotopes,
may not be adequate in the Southern part of the Indochinese Peninsula, and likely neither in other
regions affected by monsoon processes. However, the presented approach could open a pathway
towards better and seasonally differentiated reconstruction of paleoclimates based on isotopic
records.

2.1 Introduction

Precipitation is typically composed of regional contributions, where atmospheric moisture has
been transported over large distances, and local contributions, where the moisture has been
provided by evapotranspiration within the close vicinity. Understanding the sources of
precipitation and their relative contribution is critical for basin-wide water balance studies
(Ingraham, 1998). Stable isotopes (620 and &2H) offer the possibility to identify the sources of
precipitation and to quantify the contribution of regional and local sources (Gat, 1996).
Furthermore, they can be used to investigate hydrological processes such as mechanisms
responsible for streamflow generation (e.g. Kendall and Caldwell, 1998), in groundwater studies

(e.g. Gonfiantini et al., 1998) and rainfall-runoff studies (e.g. Genereux and Hooper, 1998).

Isotopic variation in precipitation has been correlated with climatic parameters such as
precipitation amount, air temperature, and air mass history (Dansgaard, 1964; Rozanski et al.,
1992; Gat, 1996), termed amount effect, temperature effect (Dansgaard, 1964), and circulation
effect (Tan, 2009; Tan, 2014), respectively. The circulation effect describes the changes in isotopic

composition in precipitation because of air moisture originating from different areas of the ocean.

Delineating the present-day relationship between climatic factors and stable isotope variation in
precipitation can also help to understand past climatic conditions at regional and global scales.
However, the factors controlling isotopic variation of precipitation are numerous and complex;
hence a better understanding of the climatic influences on isotopic values would improve the use

of precipitation isotopes as a proxy to reconstruct paleoclimates (Yang et al., 2016).

In the Asian monsoon region, the isotopic signature of precipitation has been found to correlate
with large-scale climatic parameters such as sea surface temperature and relative humidity of the
air masses (Dansgaard, 1964; Merlivat and Jouzel, 1979; Clark and Fritz, 1997; Lachniet, 2009),
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ENSO (Ichiyanagi and Yamanaka, 2005; Tan, 2014; Yang et al., 2016) and the vertical wind shear
index (Vuille et al., 2005). Other processes were also identified as relevant for monsoon regions:
distillation during vapor transport (Araguas-Araguas et al., 1998; Yoshimura et al., 2003; Vuille et
al., 2005; Dayem et al., 2010; Lee et al., 2012; Liu et al., 2014), re-evaporation and rain-vapor
interactions (Risi et al., 2008b; Chakraborty et al., 2016).

Relations between climate and water isotopes have been analyzed by univariate statistical
regression methods (e.g. Araguas-Araguds et al., 1998; Bowen, 2008), isotope-enabled global
climate models (GCMs) (Yoshimura et al., 2008; Risi et al., 2010b; Yoshimura et al., 2014; Okazaki
and Yoshimura, 2017), isotope-incorporated Lagrangian models (Pfahl and Wernli, 2008;
Sodemann et al., 2008), or the combination of GCMs (or Lagrangian models) with statistical
analysis (Vuille et al., 2003; Vuille et al., 2005; LeGrande and Schmidt, 2009; Tindall et al., 2009;
Ishizaki et al., 2012; Conroy et al., 2013). Statistical models are not able to explain the actual
processes causing a phenomenon (e.g., the physical controls of isotope variations in precipitation),
in contrast to the physical model representation of the processes like e.g. GCMs or Lagrangian
models. They can, however, detect the results of a process, and thus help to identify the
responsible processes. Both approaches, statistical and physical models, have their advantages
and disadvantages and hence coexist supplementing each other. We argue that taking into
consideration the limitations and benefits of both statistical and physical models can enhance

their power to interpret the relations between climate and water isotopes.

As illustrated in previous studies (e.g. Noone and Simmonds, 2002) and discussed in Sturm et al.
(2010), the inherent limitations of empirical (or statistical) climate reconstructions from
precipitation isotopes can lead to incorrect paleoclimate reconstructions. A significant limitation
is the assumption that a single climatic factor controls the isotopic signal and that the stationary
relationship (e.g., between temperature and §*20) remains valid over the entire proxy record. This
mono-factorial relationship does not consider the interplay of different climatic factors and is
possibly biased. Another limitation is the assumption of a constant precipitation source or similar
isotopic signatures of different moisture sources throughout the study period when using only
local parameters (e.g., local precipitation) to interpret precipitation isotopes. In real cases, these
assumptions are rarely fulfilled and often unrealistic because of the changes in seasonality and
atmospheric circulation patterns. This is particularly true in those parts of the Asian monsoon
region located in the transition zone between the Indian and Western North-Pacific monsoons,
where precipitation originates from both the Indian and Pacific Oceans (Delgado et al., 2012). The
isotopic signatures of air masses arising from the Indian Ocean differ considerably from those of
the Pacific Ocean, where the average 60 of the latter is about 2.5%0 more negative (Araguas-
Araguas et al., 1998). Seasonally varying sources of precipitation have also been observed in China
(Tan, 2014, and references therein), India (e.g. Breitenbach et al., 2010; Chakraborty et al., 2016),
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Korea (Lee et al., 2003), Thailand (Ishizaki et al., 2012), and elsewhere (Araguds-Araguas et al.,
1998).

Additionally, many studies have presented evidence that large-scale monsoon circulation is the
primary driver of variations in precipitation isotopes instead of local controls (e.g., local
precipitation amount or temperature) in some parts of the Asian monsoon region. This evidence
has been found at different temporal scales including daily isotopic variability (Yoshimura et al.,
2003; Yoshimura et al., 2008), seasonal isotopic variability (Araguds-Araguas et al., 1998; Kurita et
al., 2009; Dayem et al., 2010; Peng et al., 2010; Baker et al., 2015), and/or interannual isotopic
variability (Vuille et al., 2005; LeGrande and Schmidt, 2009; Ishizaki et al., 2012; Tan, 2014; Kurita
et al., 2015). This means that the isotopic composition of rainfall cannot be described adequately
by mono-factorial statistical approaches. Quantitative multi-factorial statistical studies of the
isotopic composition are, however, rare. Only Ishizaki et al. (2012) present a multi-factorial
analysis, which is limited to two factors (local precipitation amount and distillation of the moisture
along its transport trajectories). To our best knowledge, there is no study considering the interplay
of several local and regional factors available quantitatively, whereas the need for a simultaneous
consideration of local and regional factors for the explanation of isotopic signatures has already
been formulated in other studies (Johnson and Ingram, 2004). Therefore, a quantitative multi-
factorial statistical approach is developed in this study, utilizing Multiple Linear Regression (MLR)
and Relative Factor Importance Analysis to determine the most important drivers of isotopic

composition in rainfall and their individual contributions.

We hypothesize that using multiple factors in a single linear model can explain a more significant
share of the observed variance in isotopic composition, compared to mono-factorial analyses.
Furthermore, we also hypothesize that through importance analysis of the factors considered in
the MLR models the most important factors can be identified and their contribution quantified,
thus enabling a better process understanding. Such a multi-factorial statistical method could also
be applied in paleoclimate studies, separating and quantifying the impacts of local and regional
factors on the isotopic composition of local precipitation (Sturm et al., 2010), thus overcoming the
shortcomings of single factor analysis. The advantages of the statistical models are their simplicity
and ease of interpretation, in contrast to complex circulation models (e.g. GCMs), which can also
distinguish between local and regional drivers, but which require more extensive expertise and
are more difficult to interpret. Circulation models can simulate the fractionation processes along
the transport pathways of water in the atmosphere, but they cannot be used in a straightforward
way to extract the impact of dominant factors and weight their relative importance for the
variability of the observed isotopic signal. For this statistical techniques are required, in order to
qguantify the correlation between observed isotopic signal variability and regional climate change

patterns (Sturm et al., 2010). Thus using statistical models straight away might be an attractive
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alternative to obtain first indications about the dominant processes controlling the isotopic

composition of rainfall, both for contemporary and paleoclimate studies.

This study uses the Vietnamese Mekong Delta (VMD) as a test case, for which isotopic data in
precipitation has been collected for the first time. The rainfall samples (6'80 and 6%H) were
collected comparatively frequently (bi-weekly to weekly) over a period of 18 months. This dataset
enables a better analysis of the temporal dynamics of the isotopic composition as compared to
the typical monthly Global Network of Isotopes in Precipitation (GNIP) data (IAEA/WMO, 2016).
The sampled data was used to test the proposed approach for the identification and quantification

of the controls on the isotopic variation of precipitation.

2.2 Study area

The study area, the Plain of Reeds (Figure 2.1), is located in the northern part of the Vietnamese
Mekong Delta (VMD), between latitudes 10°42’7"N to 10°48’9"N and longitudes 105°22’45"E to
105°33’54"E. With an area of 697,000 ha, it accounts for 17.7% of the total area of the VMD. About
95% of the Plain of Reeds is primarily used for rice paddy, but also vegetable cultivating, shrimp
and fish farming (Hung et al., 2014b). The average elevation ranges from 1-4 m above sea level.
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Located in a tropical monsoon region, the climate of the VMD has a distinct seasonality with two
seasons: the rainy season (May to November) resulting from the flow of moisture from the Indian
Ocean and Western North-Pacific Ocean accounting for approximately 80-90% of the annual
rainfall (Tri, 2012), and the dry season (December to April) controlled by high-pressure systems
over the Asian continent (Wang et al., 2001). Precipitation from the Indian monsoon is forced by
the convective heat sources over the Bay of Bengal (Wang et al., 2001) and arrives earlier than
precipitation from the Western North-Pacific monsoon (Delgado et al.,, 2012), forced by a
convective heat source over the South China Sea — Philippine Sea. The average annual rainfall is
1400-2200 mm, characterized by an uneven distribution, both spatially and temporally (Renaud
and Kuenzer, 2012; GSO, 2016).

The local climate of An Long is described by data from Cao Lanh station. Cao Lanh is the closest
national meteorological station to An Long with continuous climate records, located
approximately 37 km Southeast of An Long. It is assumed that the climatic conditions of An Long
and Cao Lanh are similar. The proximity of the two locations without any orographic obstacles in
between, the same elevation, and the similar geographical setting (flat topography, located at the

Eastern bank of the Mekong river) justify this assumption.

The two distinct seasons were defined by the monthly precipitation amounts and the monthly
number of days with precipitation recorded at Cao Lanh (Figure 2.2). The dry season is set as the
months with rainfall amount smaller than the overall average (blue line in Figure 2.2), and a
monthly number of days with precipitation smaller than the overall average (red line in Figure
2.2). All other months are included in the rainy season. The definition used here is mainly
developed for the local climatic conditions, the problem to be solved, and the data available. Other
definitions could cause some data points to be assigned to the other season. However, those data
points will most likely be from the transition period from one season to the other, i.e., other
definitions would affect samples that have the least explanatory value for the actual dry and wet
seasons. The data indicates that the rainy season in 2014 lasted from May to November, and in
2015 from June to November. The dry season is thus defined from December 2014 to May 2015
and starts again in December 2015. The study period was somewhat dry with an annual rainfall of
985 mm compared to the long-term average of 1550 mm at the station Cao Lanh. This anomaly

needs to be considered in the interpretation of the results.

The annual average temperature is 27°C with the small inter-annual variability of about 1°C.
Variation of temperature throughout the year is small with monthly averages in the range of 25°C
to 29°C (Figure 2.3). The average annual relative humidity ranges from 82% to 85%, with a seasonal
variation of 80% to 88% during the rainy season and 77% to 83% during the dry season (Figure
2.3). The mean annual evaporation is 984 mm with a significant difference between the rainy
season and the dry season. The monthly evaporation rate ranges from 67 to 80 mm and from 76
to 109 mm in the rainy and dry season, respectively. Daily sunshine duration is about 8.7 to 9.6

14



Chapter 2: Controls on the precipitation isotopes in the Viethamese Mekong Delta

hours in the dry season and 5.5 to 5.9 hours in the rainy season (Renaud and Kuenzer, 2012; GSO,
2016).
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Figure 2.2: Monthly precipitation (mm) and a monthly number of days with precipitation for Cao
Lanh station. Light blue background indicates rainy season.
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Figure 2.3: Climate data from the Cao Lanh meteorological station for the study period. Daily
temperature (T) is given together with monthly and daily precipitation (P) and daily relative
humidity (H). Weekly and bi-weekly 6§80 (%o VSMOW) values of rainwater are presented as red
circles.
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2.3 Methodology

An overview of the methodology is given in Figure 2.4. For the derivation of local factors relevant
for the isotopic composition of precipitation climate data from the nearby meteorological station
of Cao Lanh were collected (section 2.3.1). At the test location, precipitation samples were
analyzed for their isotopic composition (section 2.3.2 and 2.3.3). Local meteoric water lines
(LMWL) were derived from the isotopic data (section 2.3.4). The regional factors were derived
from atmospheric back trajectory modeling (section 2.3.5). All possible combinations of local and
regional predictors were included in multiple linear regressions, and their ability to explain the
observed variance of the isotopic composition of precipitation was determined with performance
statistics (MLR, section 2.3.6). Finally, the influence of the different factors on the explained

variance of isotopic composition was determined by relative importance analysis (section 2.3.7).

2.3.2 Precipitation 2.3.1 Climatic data 2.3.5 Back trajectory modeling
sampling collection -HYSPLIT model (PC version)

- At An Long - At Cao Lanh station - 10-day backward trajectories
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- Jun. 2014 — Dec. 2015 - Precipitation (P) -01/06/2014 and 31/12/2015
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Figure 2.4: Methodology used in the study. Local precipitation (P_AL), air temperature (T_AL), and
relative humidity (H_AL) at An Long. Precipitation amount (P_hysplit), mean temperature
(T_hysplit) and relative humidity (H_hysplit) along the transport pathways, and the length of
backward trajectories (D_hysplit).
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2.3.1 Climatic and isotopic data collection

Daily precipitation, air temperature, and relative humidity were obtained from the National
Centre for Hydro-Meteorological Forecasting (NCHMF) of Vietnam at Cao Lanh for the period
2012-2015. Long-term (more than 30 years) climatic data at this station was provided by SIWRP
(2014). Precipitation isotopic data from six selected GNIP stations (IAEA/WMO, 2016) located in
the Indochinese Peninsula (Figure 2.1) was collected for comparison with the isotopic data
sampled in this study in order to investigate regional similarities or differences in isotope
composition in rainfall in SE-Asia. This was tested by the Levene test (Levene, 1960) for equality
of variances of the isotopic data of the different stations, and the comparison of Local Meteoric

Water Lines.

2.3.2 Precipitation sampling at An Long

Precipitation at An Long in the Plain of Reeds (Figure 2.1) was sampled on a weekly basis between
June 2014 and May 2015 and twice a week between June 2015 and December 2015. The rain
collector was a dip-in sampler type as described in the guidelines of the IAEA technical procedure
for precipitation sampling (IAEA, 2014). It consists of a 5 L accumulation glass bottle fitted with a
vertical 14 cm diameter plastic funnel that reaches almost to the bottom to prevent evaporative
losses, and a pressure equilibration plastic tube (2 mm in diameter and 15 m in length) to minimize
evaporation. All collected samples were stored in 30 mL plastic sample bottles with tight screw
caps to avoid evaporation effects. Between collection and laboratory analysis, the samples were

stored in the dark.

2.3.3 Isotopic laboratory analysis

All stable isotope samples were analyzed at the laboratory of the Alfred-Wegener-Institute (AWI)
in Potsdam, Germany. The measurements were performed with a Finnigan MAT Delta-S mass
spectrometer using equilibration techniques to determine the ratio of stable oxygen (180/160)
and hydrogen (2H/1H) isotopes. Analytical results were reported as 8*H and 680 (%o, relative to
Vienna Standard Mean Ocean Water - VSMOW) with internal 1o errors of better than 0.8%. and
0.1%o for 8H and 60, respectively. The measuring procedure is described in detail in Meyer et
al. (2000). The deuterium excess (d-excess) was calculated following Equation 2.1 (Dansgaard,
1964):

d-excess = §%H - 8*5%80 (2.1)

2.3.4 Development of local meteoric water lines

Local meteoric water lines (LMWL) were derived by least-squares regression of 6§30 against 6?H
values of the samples. The quality of fit of the LMWLs was evaluated based on the coefficient of
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determination R? (also referred to as explained variance), the standard error SE, and the statistical
significance value (p-value). The regression model indicates a good fit to the data when RZis close
to 1.0, the standard error is small in relation to the magnitude of the data, and the p-value is
smaller than 0.0001 (Helsel and Hirsch, 2002). The slope and intercept of LMWL of An Long were

compared to those of GNIP stations to put the data from An Long in a regional context.

2.3.5 Back trajectory modeling

The potential locations of atmospheric moisture sources and the direction of the air mass causing
precipitation before reaching An Long station were investigated via back-trajectory analysis. This
investigation was performed using the PC Windows-based HYSPLIT (Hybrid Single Particle
Lagrangian Integrated Trajectory) model developed by NOAA (National Oceanic and Atmospheric
Administration) at the Air Resources Laboratory (ARL) (www.arl.noaa.gov/HYSPLIT info.php). The
model builds on the Lagrangian approach, using a moving frame of reference for the advection
and diffusion calculation as the air parcels move from their initial location (Draxler and Rolph,
2003; Stein et al., 2015).

The 1°x1° climatic dataset generated by the global data assimilation system (GDAS) was used as
input to the HYSPLIT model. 10-day backward trajectory analysis was performed every 6 hours
between 01-JUN-2014 and 31-DEC-2015 at the sampling site (10.72°N, 105.24°E) for three levels
at 1000, 1500, and 2000 m above ground (corresponding to barometric surfaces of approximately
900, 850, and 800 hPa). These barometric surfaces were chosen because the 850-hPa vorticity is
highly indicative of the strength of the boundary layer moisture convergence and rainfall in regions
away from the equator (Wang et al., 2001), hence rainfall is expected to mostly originate from
these altitudes. Consequently, the combination of 800 hPa and 850 hPa barometric surfaces
accounts for the fact that rainfall is expected to mostly originate between 1500 and 2000 m above
ground level. Correspondingly, the combination of the barometric surfaces of 800, 850 and 900
hPa means that rainfall is expected to mostly originate between 1000 and 2000 m above ground
level. In total, 6948 backward trajectories were computed. The HYSPLIT outputs, i.e., precipitation,
temperature, relative humidity along the backward trajectories, and the length of trajectories (the
distance of moisture sources travelled), were used as regional factors potentially controlling the
variation of the isotopic composition of precipitation at An Long. Accumulated precipitation, mean
values of temperature and humidity of the hourly HYSPLIT output were calculated along the
trajectory, as well as the length of the trajectory. All these factors were used as predictors in the
MLR.

A cluster analysis of a large number of trajectories arriving at the study site was applied to group
similar trajectories and thus source regions, in order to better interpret the trajectories and to
confirm the accuracy of the trajectory analysis. More information about the HYSPLIT cluster
analysis can be found at https://ready.arl.noaa.gov/documents/Tutorial/html/.
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2.3.6 Analysis of factors controlling isotopic variation in precipitation

Multiple linear regression (MLR) was used to assess how the isotopic variation in precipitation is
related to regional and local controlling factors. As indicators of regional factors the output of the
HYSPLIT model was used consisting of the accumulated precipitation amount along the transport
pathways (hereafter P_hysplit), mean temperature (T_hysplit) and mean relative humidity
(H_hysplit) along the trajectory, and the distance of moisture sources travelled within the time
frame of 10 days (D_hysplit). The local climatic factors are weekly precipitation amount (P_AL) at
An Long station, and weekly mean air temperature (T_AL) and weekly mean relative humidity
(H_AL) taken from the nearby Cao Lanh station during the sampling period. These seven predictors
were related to isotopic values (680, §2H, and d-excess) defined as response variables in the MLR.
Pearson linear correlation coefficients were computed to show inter-correlations between
response and predictor variables and then used to determine the importance of predictors in the
MLR.

All possible subset regression models consisting of all possible combinations of predictors (27-1 =
127 models) were applied separately for 6180, §?H and d-excess. The coefficient of determination
R? for the MLR was calculated for each subset regression. The goodness of each MLR model was
evaluated based on the Prediction Residual Error Sum of Squares (PRESS) (Eq. 2.2) and adjusted
R? (R2) (Eq. 2.3) (Helsel and Hirsch, 2002).

n

(2.2)
PRESS = Ze(i)z
i=1
p
R2=R?>-(1-R?>)—— 2.3
a SR ey 23

In Equation 2.2, the PRESS residuals are defined as e;) = y; — J(;) where J;) is the regression
estimate of y; based on a regression equation computed leaving out the it" observation. The
process is repeated for all n observations. The selection of best models with PRESS is equivalent
to a leave-one-out cross-validation, which tests the regression models for robustness and reduces
the chances of model over-fitting, i.e., the chances of finding spurious regression models that

provide good results for the given combination of factors and selected period only.

In Equation 2.3, p is the total number of predictors in the MLR model and n is the number of
observations. The statistical significance of all linear regression was evaluated based on the p-
value for the F-test as part of a one-way ANOVA analysis. A good MLR model is thus characterized
by:
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(i) PRESS approaching zero,
(ii) Adjusted R? (R%,) approaching 1.0,
(iii) a p-value smaller than 0.0001.

For each response variable, six pressure layers (800 hPa, 850 hPa, 900 hPa, and mean values of
their combinations) and 10 durations of backward trajectories (from 1-day to 10-day backward)
were used. The different pressure levels and combinations were chosen to tackle the inherent
uncertainty regarding the pressure levels from which the rainfall actually stems. Similarly, various
durations of the trajectories were chosen in order to avoid fixing the a-priori unknown travel time
of precipitation reaching An Long. Overall, this resulted in 7620 MLR models for each response
variable 80, 6?H and d-excess (6 pressure levels times 10 trajectory durations times 127
predictor sets). The best MLR model was then identified by the smallest PRESS value (Eq. 2.2).
Furthermore, the goodness of fit of the MLR models was characterized based on the adjusted R?

values.

2.3.7 Relative importance analysis

Relative importance analysis determines the proportion of the variance explained by the
individual predictors in the regression. However, this is difficult when predictors are correlated,
since multicollinearity can lead to a high sensitivity of regression coefficients caused by small
changes in the model. This means that the importance can strongly shift from one predictor to
another well correlated one if the data set is changed even only slightly. The leave-one-out cross-

validation may be particularly vulnerable to this effect.

While several methods such as zero-order bivariate correlation (e.g. Pearson correlation),
standardized regression weights (B weights), structure coefficient (the correlation between an
observed predictor and the predicted criterion scores), or all possible subsets regression can be
applied to interpret and understand the contributions of predictors playing in forming regression
effects, these traditional estimates of importance fail to appropriately partition variance to the
various predictors when they are correlated (Tonidandel and LeBreton, 2011). In response, two
useful techniques for interpreting a regression equation and for quantifying predictor importance
are available: dominance analysis (Budescu, 1993) and relative weight analysis (Johnson, 2000),
which has been developed for more accurately quantifying the power of predictors when they are
correlated. Both these methods are advantageous over traditional measures of importance
(LeBreton et al., 2007). Although both these methods yield qualitatively similar results, Johnson ‘s
relative weight analysis is much more computationally efficient, especially with large numbers
(>10) of predictors (Johnson, 2000). For a review of approaches to estimate predictor importance,
readers are referred to Tonidandel and LeBreton (2011); Kraha et al. (2012).

20



Chapter 2: Controls on the precipitation isotopes in the Viethamese Mekong Delta

Because of its computational efficiency the relative weight analysis (Johnson, 2000) was applied
in this study to quantify the proportion of the variance explained by the individual regression
factors in the MLR, and thus identifies the dominant controls on the isotopic composition of
rainfall. Specifically, relative weight analysis approximates the relative importance of a set of
predictors by creating a set of variables that are highly related to the original set of variables but
are uncorrelated with each other. The response variable is then regressed on the uncorrelated set
of predictors to approximate the relative weight of the original set of predictors, defined as the
relative contribution of each predictor to R?. Relative weights of correlated predictors are
therefore analogous to squared standardized regression coefficients when predictors are
uncorrelated. Details are given in Johnson (2000) and Tonidandel et al. (2009). In this study,

relative weights were also reported as percentages of the regression R2.
2.4 Results and discussion

2.4.1 Variability of moisture sources

Single backward trajectory computations by the HYSPLIT model are not definite, but can contain
quite some uncertainty. The horizontal uncertainty of the trajectory calculations by HYSPLIT has
been estimated to be 10-20 % of the travel distance (Draxler and Hess, 1998). Errors in trajectory
calculation computed from analyzed wind fields seem to be typically in the order of 20% of the
distance travelled (Stohl, 1998). However, the statistical analysis of a large number of trajectories
arriving at a study site would increase the accuracy of the trajectory analysis (Cabello et al., 2008).
In this study, several quality control measures were applied, as recommended in Stohl (1998), to
increase confidence in the HYSPLIT-generated back trajectories and to improve the validity of the
air mass history. Firstly, trajectories were computed for three pressure levels (900, 850, and 800
hPa). Similar origins of atmospheric moisture for these pressure levels suggest that resolution
errors and atmospheric shearing instabilities are negligible, which increases the confidence in the
results. Secondly, we use the shortest possible integration time step (i.e., one hour) and a small
value for the parameter TRATIO (0.25), which is the fraction of a grid cell that a trajectory is
permitted to transit in one advection time step. Smaller values of TRATIO help to minimize the
trajectory computation error using the HYSPLIT model. Thirdly, the statistical analysis of a large
number of trajectories (e.g., trajectory cluster analysis) arriving at the study site was applied to
confirm the accuracy of the trajectory analysis. The trajectory cluster analysis is conducted by the
HYSPLIT model to group trajectories with similar pathways. The cluster analysis merges these
trajectories that are near each other and represents those clusters by their mean trajectory.
Differences between trajectories within a cluster are minimized while differences between
clusters are maximized. Computationally, trajectories are combined to decrease the number of
clusters until the total spatial variance (TSV) starts to increase significantly. This occurs when
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disparate clusters are combined. This number of clusters is then selected as the optimal cluster

number for sorting and combining similar trajectories.

Figure 2.5 shows back-calculated trajectories of atmospheric moisture prior to rainy days at An
Long for the sampling period from June 2014 to December 2015. Left and right panels show the
results of 850 hPa trajectories for 2014 and 2015, and the upper, middle, and lower panels show
the results for the early (June — September) and late (October — November) rainy season and dry
season (December — May), respectively. Figure 2.6 shows the spatial distribution of vapour
trajectories (cluster means) for precipitation days at An Long for 3 barometric surfaces (800, 850,
900 hPa) between June 2014 and December 2015, and the change in total spatial variance (TVS)
for different cluster numbers. The TSV was used to identify the optimum number of clusters. The
similarity of back-calculated trajectories (Figure 2.1) and trajectory cluster analysis (Figure 2.6) at
three barometric surfaces (900, 850, and 800 hPa) illustrates that the trajectories and thus the
source regions do not differ between different atmospheric layers. This indicates a barotropic
atmosphere, with the consequence that it is unlikely that the selection of the pressure layer for
the HYSPLIT trajectories modifies the results of the MLR significantly.

Figure 2.5 and Figure 2.6 demonstrate that the dry-season precipitation (from December to May)
in the Plain of Reeds mainly originates from the moisture sources of the Asian continental air
masses and the oceanic air masses carried by the equatorial easterlies. Whereas during the rainy
season (from June to November) air masses travel a longer distance over the tropical Indian Ocean

(from June to September) and the South Pacific Ocean (October to November).

These findings for An Long agree with the general characterization of monsoonal circulation and
precipitation over the Southeast Asia region, with moisture from the Indian Ocean dominating
during the initial stage of monsoon evolution, and the Pacific Ocean dominating in the later stages.
This indicates that the HYSPLIT model provides valid trajectories to be used in the MLR.

The mean 6%0 values for the 5 clusters are noted in Figure 2.6 (in blue). The mean cluster values
are similar for the three pressure levels. Also, the mean values of the two clusters from the Indian
Ocean, as well as the two clusters from the Pacific, are similar. For a fingerprinting one also has to
consider the variation of the values within the clusters, which partly overlap. This means that the
580 values of precipitation in the Mekong Delta cannot be used to uniquely identify the origin of

the trajectory. However, they provide a coarse indication of their origin.
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Figure 2.5: Back-trajectories indicating potential moisture sources of precipitation (plotted only
for days with precipitation) at An Long station for the barometric surfaces at 850 hPa between
June 2014 and December 2015. Left panels show the results for 2014, right panels for 2015; top
row (a, d) early rainy season (June — September), middle row (b, e) late rainy season (October —
November), bottom row (c, f) dry season (December — May). In January, February and March 2015

no rainfall was recorded.
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Figure 2.6: Spatial distribution of vapor trajectories (cluster means) for precipitation days at An
Long for 3 barometric surfaces (800, 850, 900 hPa) between June 2014 and December 2015, and
change in total spatial variance (TVS) for different cluster numbers. The TSV was used to identify
the optimum number of clusters (hereby 5 clusters). Red texts indicate the cluster number (1-5)
and the percent of all trajectories assigned to each of the five clusters. Blue texts and bar charts
indicate the mean 680 values for each cluster plus/minus the standard deviation of each cluster.
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2.4.2 Isotopic composition of precipitation
2.4.2.1 Meteoric water lines

The ordinary least squares linear regression (OLSR) of 74 pairs of 6§80 and 6%H values at An Long
yield the following LMWL for the Plain of Reeds:

82H = (7.56 +0.11) * 5180 + (7.26 +0.67)
(SE = 2.26; r2 = 0.99; p < 0.0001; n = 74)

The numbers in brackets indicate the estimates of slope and intercept plus/minus the standard
deviation, indicating the parameter uncertainty. The regression is stable against different

regression techniques, as shown in the Appendix Al.

The close fit of all considered regressions indicates a very good linear relationship between 6§20
and 62H in the study. On large temporal scales, a good linear relationship between §80 and &°H
is usually observed at sites where secondary fractionation processes, e.g. sub-cloud evaporation,
are insignificant (Crawford et al., 2014). The LMWL for An Long is slightly different from the global
meteoric water line (GMWL; defined by &§2H = 8*6'80 + 10 (Craig, 1961) (Figure 2.7) and the
LMW.Ls derived for six selected GNIP stations (IAEA/WMO, 2016) located in the Indochinese
Peninsula (Table 2.1). The small difference in slope between the LMWL compared to that of
GMW.L, and the distribution of isotope values along the GMWL indicate that evaporative isotopic
enrichment during rainfall is not significant. However, the less positive intercepts of the LMWL
(<10%o0) may reflect smaller kinetic effects during evaporation (Ingraham, 1998) over the Mekong

Delta compared to the worldwide average.

Isotopic composition in precipitation at An Long
T T T T
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Figure 2.7: The LMWL of An Long in comparison to the GMWL
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2.4.2.2 Seasonal variation and spatial homogeneity of isotope composition

The 74 precipitation samples at An Long showed that 680 ranges between -12.6%o and -1.0%o,
with an arithmetic mean value and standard deviation of -5.8%o + 2.5%0, and 62H ranges between
-89.3%0 and 0.9%o, with an arithmetic mean value and standard deviation of -36.2%o. * 18.7%o.
Generally, less negative isotopic values are observed in the dry-season precipitation samples. The
most negative values occur in the second half of the rainy season (September and October),
whereas the least negative values are observed in the late dry season in April and May (Figure 2.7
and Figure 2.8). This shows that the isotopic composition of precipitation at An Long station
exhibits marked seasonal variations, which in turn indicates different dominant moisture sources
and/or processes in the different seasons. A comparison of the seasonal variation of 680 with the
short-term (2014-2015) and long-term (1968-2015) monthly averages of Bangkok (Figure 2.8)
reveals very similar seasonality, both in terms of timing and magnitude. The small differences
between 680 for An Long and Bangkok are likely caused by the exceptional low rainfall in the
study period compared to the long-term monthly values, particularly during May and July. But
considering the similarity of the isotopic signatures and general factors controlling stable isotopic
composition of precipitation between the two stations, i.e. annual rainfall amount, air
temperature, altitude and latitude (Dansgaard, 1964; Ingraham, 1998), it can be concluded that
the isotopic variations of An Long and Bangkok follow the same dynamics and controls, both on
an annual and seasonal scale. Moreover, the overall similarity suggests an important role of

regional or larger-scale controls on An Long precipitation isotope ratios.

—=5'%0 AnLong (2014-2015) -Precipitation AnLong (2014-2015) ]—\Precipilation Bangkok (2014-2015)
—--5"%0 Bangkok (2014-2015) -Precipitation Caolanh (2014-2015) -Precipitation Bangkok (1968-2015)
—--5'%0 Bangkok (1968-2015) Precipitation CaoLanh (1978-2013)

450 T T T T T T T T T T T T 0

5130 (% VSMOW)

Jan Feb Mar Apr May Jun Ju Aug Sep Oct Nov Dec
Date

Figure 2.8: Seasonal variation of the average monthly precipitation for An Long and Cao Lanh and
580 values of precipitation for An Long (for the period of observation (red)) and Bangkok (both
for the period of observation (blue) and the long-term mean (black)).
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Figure 2.9: Seasonal monthly mean 880 values for An Long and GNIP data from the Indochinese
Peninsula. The data is grouped according to similar variability tested with the Levene test. The p-
values given in (b) to (d) are the test statistics. High values indicate similar variance. The time series
of Bangkok is plotted for short-term (2014-2015) and long-term (1968-2015) periods.

In order to test the representativeness of the An Long data for a wider area, the variability of the
monthly mean &80 data of An Long was compared to the available GNIP data of the Indochinese
Peninsula (Table 2.1). As shown in Figure 2.9, the test results in four distinct groups of data series
with similar variances: the Northern part of the Indochinese Peninsula (Hanoi and Luang Prabang),
the Southern part of the Indochinese Peninsula (Bangkok and An Long), the islands in the Gulf of
Thailand (Ko Samui and Ko Sichang), and finally Kuala Lumpur showing only little seasonal
variability. The Northern and Southern parts of the Indochinese Peninsula generally show a similar
seasonal behavior with a distinct higher depletion during the rainy season, but in the Northern
part the highest depletion is one month earlier (August) than in the Southern part, and the
magnitude of the depletion is larger. The seasonal 60 variability in precipitation on the islands
is much lower than on the stations located on the continent. This is likely due to the maritime

setting and could indicate a continental effect in the data of the mainland stations. In addition,
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the short-term time series of Bangkok and An Long (i.e., 2014-2015) show similar variances,
resulting in a highly significant Levene test statistic of 0.98. The variation of the short-term time
series of Bangkok and An Long is also very similar to the long-term time series, again shown by a
highly significant Levene test statistic of 0.90. This indicates that the variability of the isotopic
signature of the An Long time series is almost identical to the one from Bangkok. In summary, the
analyzed GNIP data suggests that the data and results from this study are likely to be

representative of the Southern continental part of the Indochinese Peninsula.

2.4.3 Factors controlling isotopic composition of precipitation

Prior to the MLR, the correlation of the predictors was analyzed (Table 2.2). The absolute values
of the correlation coefficients between local (P_AL, T_AL, H_AL) and regional (P_hysplit, T_hysplit,
H_hysplit, D_hysplit) climatic parameters are relatively small and mostly not significant (|r| < 0.4,
Table 2.2b). However, the correlation coefficients between regional predictors are in most cases
high and significant (Table 2.2c). Highest correlations are found between temperature and
humidity for local factors, and between humidity and precipitation for regional factors.
Interestingly, the correlation between P_AL and H_AL is quite low. This indicates that the local
precipitation is influenced by other factors than local humidity (which is rather uniform
throughout the year), as e.g. large-scale circulation. The correlation between the predictors
underlines the necessity to consider multicollinearity when investigating how the predictors

control the response variables §'0 and 6%H.
2.4.3.1 Local factors and isotopic composition in precipitation

Typically, in tropical regions subject to a monsoon climate the correlation between §*20 and 62H
values of precipitation and air temperature is virtually non-existent, whereas a strong relation
between 680 and amount of precipitation has been observed (Rozanski et al., 1992; Araguds-
Araguas et al., 1998). Our data show that the correlation of local precipitation amount (P_AL) and
local temperature (T_AL) with isotopic values (680 and 6%H) are both low (|r| < 0.45, Table 2.2a).
This suggests that 680 and 82H variation is neither dominated by local precipitation amount nor
by local temperature during the sampling period. This lack of a significant correlation (|r| < 0.5)
between 680 and local rainfall amount was also observed in other regions affected by the Asian
monsoon climate such as Bangkok, Hong Kong, New Delhi (Ishizaki et al., 2012), and Cherrapuniji,
India (Breitenbach et al., 2010). This again supports the statement that §®0 may not be an
adequate proxy for local climatic conditions (e.g., temperature or rainfall amount) in the Asian

monsoon region (Aggarwal et al., 2004; Vuille et al., 2005).

Secondary fractionation processes such as sub-cloud evaporation or secondary evaporation from
open water bodies tend to decrease d-excess in the residual rainwater (Stewart, 1975) and enrich
it in the heavy isotopes (Guan et al., 2013). The negative correlation of humidity (H_AL) with 6§80
and 8%H (r = -0.53, Table 2.2a) combined with a positive correlation with d-excess (r = 0.2, Table
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2.2a), indicates that some secondary fractionation processes (Risi et al., 2008b; Crawford et al.,
2017) may occur during some months at An Long. To examine in which month secondary
fractionation processes are likely significant, amount-weighted mean and arithmetic mean, for
both 680 and d-excess are compared. The rationale is that if secondary fractionation processes
are important (with the assumption that the moisture sources of different events within the
month are the same), the arithmetic mean should have a 680 value that is more enriched in heavy
isotopes, and a much smaller d-excess than the weighted mean (Guan et al., 2013). Figure 2.10
shows that secondary fractionation processes may take place mainly during the dry season, in
December 2014, and in April, May and November 2015, because in these months a) less negative
580 values and lower d-excess values compared to the overall arithmetic mean are observed,
while at the same time the monthly arithmetic means are higher for 680, and lower for d-excess

compared to the monthly weighted means.

Table 2.2: Pairwise correlation coefficients between regional factors (P_hysplit, T_hysplit,
H_hysplit, D_hysplit) and local factors (P_AL, T_AL, H_AL) and stable isotopic values (620, &%H,
and d-excess). Bold and italic numbers denote significance at the 0.01 and 0.05 level (2-tailed),
respectively. The meteorological data are aggregated to weekly values corresponding to the

precipitation sampling at An Long.

(a) P_hysplit |H_hysplit |T hysplit |D _hysplit |P_AL |H AL |T_AL Isotopi
ic

6180 -0.74 -0.45 -0.38 0.24 -0.34 |-0.53 |0.45 values V.
6 2H -0.76 -0.47 -0.39 0.20 -0.32 |-0.53 |0.45 Regional and

Local factors
d-excess [0.18 0.04 0.07 -0.36 0.27 0.20 -0.15
(b) P_hysplit |H_hysplit |T _hysplit |D_hysplit
P_AL 0.13 0.23 0.04 0.03

Regional factors vs. Local factors
H_AL 0.38 0.17 0.21 0.10
T AL -0.21 0.05 0.17 -0.33
(c) P_hysplit |H_hysplit |T_hysplit | D_hysplit
P_hysplit |1
H_hysplit [0.77 1 Regional factors vs. Regional factors
T_hysplit | 0.59 0.67 1
D_hysplit |-0.10 -0.17 -0.49 1
(d) P_AL H_AL T AL
P_AL 1
Local factors vs. Local factors

H_AL 0.20 1
T AL -0.14 -0.78 1
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To further corroborate this finding, linear regression was performed for different seasons to derive
seasonal LMWL's and relations between local humidity and 680 and d-excess. Table 2.3 suggests
that secondary fractionation processes are likely to take place in the dry season between
December 2014 and May 2015. This is depicted by a slope of lower than 8 (slope = 6.9) for the dry
season, the slightly negative correlation between 680 and local relative humidity, and the
markedly positive correlation between humidity and d-excess. This is a distinctly different
behavior compared to the rainy season as a whole, but also for the first (early monsoon) and
second (late monsoon) parts of the rainy season. In summary, these findings indicate that
secondary fractionation processes influence the isotopic composition of precipitation primarily in
the dry season, which is characterized by lower humidity and higher temperature in the Plain of
Reeds. While this conclusion is plausible due to the climatic conditions and low rainfall amounts,
one has to consider the low number of rainfall samples during the dry season, which associates

some uncertainty to this analysis.

Table 2.3: Results of the linear regression analysis between local relative humidity (H_AL) and
isotopic values at An Long. Regressions that are statistically significant at the 0.05 level are marked
in bold.

Linear regression line r R2 p-value | n Period

62H =7.56*6180+7.26 099 |0.99 |<0.001 |74 |fullyear

62H =7.62*6180+7.74 0.99 |0.99 |<0.001 |67 |rainyseason (Jun-Nov)
&’H - 80 | 62H =7.58*6180+7.21 0.99 |0.98 |[<0.001 |42 |early monsoon (Jun-Sep)

62H =7.68*56180+8.6 099 |0.99 [<0.001 |25 |late monsoon (Oct-Nov)

62H =6.9%6180+3.98 098 |0.96 |<0.001 |7 dry season (Dec-May)

6180 =-0.51*H_AL+36.05 -0.53 |0.28 |<0.001 |74 |full year

6180 =-0.46*H_AL+32.09 -0.47 |0.22 |<0.001 |67 |rainyseason (Jun-Nov)
ﬁljaidity | 6180 =-0.33*H_AL+21.84 -0.42 |0.17 |0.006 |42 |early monsoon (Jun-Sep)

6180 =-0.83*H_AL+63.12 -0.61 |0.37 |0.001 |25 |late monsoon (Oct-Nov)

6180 =-0.56*H_AL+41.34 -0.88 |0.77 |0.010 |7 dry season (Dec-May)

d-excess = 0.2*H_AL-6.36 0.20 |0.04 |0.090 |74 |fullyear

d-excess = 0.13*H_AL-0.46 0.13 |0.02 |0.301 |67 |rainyseason (Jun-Nov)
ﬂj:quf; "| d-excess = 0.18*H_AL-5.35  |0.21 |0.04 |0.211 |42 |early monsoon (Jun-Sep)

d-excess = -0.08*H_AL+17.44 |-0.07 |0.01 |0.734 |25 |[late monsoon (Oct-Nov)

d-excess = 0.34*H_AL-19.42 |0.31 |0.10 |0.455 |7 dry season (Dec-May)

31



Chapter 2: Controls on the precipitation isotopes in the Viethamese Mekong Delta

5 Weighted mean vs. Arithmetic mean Difference between mean values

Ml - 0amO™E - maAM©®
¢ Py °® al A2 = W' - mam©18
Aq = D- D-

_ ! & H il Blas-w AMD axoss_ opM szcess

3 o -excess -excess

L - 5_'_._'_._ s a4 = MAM - MW

® e ® e g

2 L ]

%

¢ r

o 5

Monthly arithmetic mean D-excess (MAMD-#%95%) 1k
{a) —= Overall arithmetic mean D-excess (OAMD 255
* __Monthly weighted mean D-excess (MWMD'GXCESS) B‘E -‘
[¢] ————t—t—+—t —t— —t —+—+—+—+—+ <0 J
a1 ‘ J | I[
_ L 1
£ ve " s
= B =— 2
2 A | ? "
£ v ¥ :
o ®
© -10F
“= " Monthly arithmetic mean 5% (MAMDWB) at
(b) = Overall arithmetic mean §'%0 (OAMC”B) (c)

= Monthly waighted mean §'°0_(MwM'®)

-15

v T ST YT T YT oL T T v v v v o T v v v o R R R T

Figure 2.10: Monthly arithmetic mean (MAM) versus overall arithmetic mean (OAM), and monthly
arithmetic mean (MAM) versus monthly amount-weighted mean (MWM) for d-excess (a) and 680
(b) at An Long during the sampling period June 2014 to December 2015. The difference between
these mean values (c) including A = OAM*8° - MAM180, A2 = MWM 0 - MAM*8O for 6180, and A3
= MAMPexcess _ QAN Dexcess A4 = \JAMPDexcess — MWIMIPexcess for d-excess are shown to examine in
which month secondary fractionation processes are likely significant (defined by all values of A in

that month smaller than zero).
2.4.3.2 Regional factors and isotopic composition of precipitation

In comparison to other regional and local parameters, the precipitation amount along the
transport pathways of moisture sources (P_hysplit) shows the strongest correlation with §*20 and
52H as depicted by a correlation coefficient of -0.76 (Table 2.2a). Other predictors show weaker
correlations with |r| < 0.55. This, however, does not exclude that these predictors do have some
predictive power for the isotopic composition of precipitation in An Long when used in
combination with other predictors. Although 680 and 6%H are rather well correlated with some
climatic parameters, d-excess (which is a function of both) is not well correlated. This is because
of the relative difference of the variation of 80 and d-excess, which is expressed by a low
correlation coefficient between two these variables (r = -0.44). The weak correlation between d-
excess and all climatic parameters (|r|<0.36) indicates that the selected predictors (i.e., selected
climatic parameters) are not sufficient to explain the processes responsible for the variability of
the d-excess. On a global scale, drivers controlling d-excess variation are likely sea surface
temperature or near-surface relative humidity of moisture sources (Pfahl and Wernli, 2008;
Uemura et al., 2008; Pfahl and Sodemann, 2014), which are not considered in this study. In tropical

areas, a major contribution to the seasonal variation in d-excess can be convective processes, e.g.
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re-evaporation and rain—vapor interactions (Risi et al., 2008a; Risi et al., 2010a), or the influence
of large-scale processes, e.g. conditions at the vapor source, convection and recycling of moisture
along trajectories (Landais et al., 2010). A complete investigation of factors controlling d-excess in
precipitation is thus not possible by the presented study design and selected predictors. However,
some conclusions about the factors controlling the d-excess can be obtained with the presented

method, see below.

2.4.4 MLR and relative importance analysis

The results of the MLR with all predictor combinations indicate that 620 signal in precipitation at
An Long is best explained by moisture sources of 5-day backward trajectories (Figure 2.11). The
MLRs using the predictors of these trajectories produces the lowest PRESS and highest R? values,
indicating that about 80% of the variability of precipitation 620 (Figure 2.11) and &2H (not shown)
at An Long can be explained by the best MLR model. However, the explained variance differs only
slightly between the different pressure levels used. The best performance regarding the lowest

PRESS value was obtained by the mean backward trajectories of the 800 hPa and 850h Pa levels.

Contrary to 680 and &%H, the MLR fails to explain the variation of d-excess over the whole study
period to a large extent, with a maximal R? of 0.3 (Figure 2.11). This indicates that the climatic
parameters used in our MLR models have an only little impact on the annual d-excess variation,

which corroborates the findings of the linear correlation analysis in section 4.3.2.

In the next step, the importance of the MLR predictors was analyzed. Figure 2.12 shows the results
applying Johnson’s relative weight analysis for the best performing MLR models, i.e. using the
mean of the 800 hPa and 850 hPa 5-day backward trajectories. In general, the predictive power

of the MLR models increases with increasing number of predictors.

The results indicate that regional factors are always more important than local factors if the R?
value is above 0.5. The local factors dominate only in MLR models with low performance, or when
no regional factors are used as predictors. This is also highlighted by the sum ratio line (black line
in Figure 2.12), defined as the fraction of R explained by regional factors normalized to the overall
R2. In the best MLR model (124™ model) with the lowest PRESS value and an R? of 0.80, which is
equivalent to an explained variance of 80%, the regional factors explain 56% of the absolute 6§80
variance (which is equivalent to 70% relative to R? = 0.80), while local factors explain only 24%
(30% relative to R% = 0.80). This result agrees with the two-factor analysis of Ishizaki et al. (2012)
who stated that distillation during transport from source regions is the dominant contributor to
inter-annual variability of §'80 precipitation in Bangkok, Bombay, and Hong Kong, accounting for
70%, 60% and 70% relative to the overall explained variance, while the amount of local
precipitation contributed the remaining 27%, 33%, and 25% of the explained variance,
respectively.
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Figure 2.11: Evaluation of multiple linear regression (MLR) models applied for 6§20 and d-excess
as response variables for different pressure levels used for three HYSPLIT backward trajectories
and their combinations (mean values of the different levels). The best MLR model is marked with

red text.

In all models where precipitation amount along transport pathways from moisture source regions
(P_hysplit) is included, this factor explains the highest proportion of R?, which is always at least
double and up to triple of the explained variance of other factors (Figure 2.12). In turn, the absence
of P_hysplit as a predictor in the MLR model considerably decreases the R?, indicating that
P_hysplit is the most dominant factor. In the best MLR model (124t model) the most important
predictor is P_hysplit, explaining 47% of the total 5§80 variance (partial R = 0.47, Figure 2.12). The
second dominant factor is T_AL, accounting for 21% of the explained the total variance. The
remaining factors account for less than 13% of the 880 variance. This result indicates that the
regional amount effect is a dominant process in controlling isotopic variation, whereas the local
amount effect is not important in the VMD. Similar findings are reported for other regions in Asia
(e.g. Rozanski et al., 1992; Araguds-Araguas et al., 1998). The local temperature T_AL, however,

can be regarded as a modulating factor for the isotopic composition on top of P_hysplit.

In a next step, the predictor importance analysis is performed for different seasons, to analyze if
seasonal differences in the dominating factors for the isotopic composition exist, as the
correlation analysis of local factors and isotopic composition suggests (section 4.3.1). The samples
were split into dry season and rainy season subsets, for which the MLR was applied individually.
The definition of the seasons follows the analysis in section 2.2, i.e., the dry season lasts from
December to May. However, due to the low number of samples during this period, the dry season
samples were taken from mid-November to mid-June in order to increase the sample number,

thus enabling a more robust MLR fitting. This selection can be justified: Because the delineation
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of the dry and wet season above is based on monthly data, the “sharp” distinction between the
rainy and dry season is forced by the temporal resolution of the data used. In reality, the transition
between rainy and dry season is somewhat gradual. Thus the delineation between the rainy and
dry season should rather be regarded as fuzzy. Using data from the last two weeks of November

and the first two weeks of June can be seen as one way to consider this.
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Figure 2.12: MLR with response variable 60 and relative importance analysis applied for all
possible subsets. The 127 MLR models are sorted according to their R? values in ascendant order.
Colors represent the relative contribution (in %) of the predictors. The sum ratio line separates
the contribution of local (in red and orange) and regional (in blue) factors. PRESS and adjusted R?
values indicate the quality of the MLR model. The best MLR model depicted by the lowest PRESS
(model 124, highlighted by the cyan dot) explains 80% of the &80 variation (R? = 0.8).

Furthermore, the rainy season was subdivided according to the different moisture source regions
shown in section 2.4.1: the Indian Ocean, dominating during the initial and high stage of the Indian
monsoon from June to September/mid-October, and the South China Sea — Philippine Sea and the
North-West Pacific Ocean from October to May during the late rainy and dry seasons, with some
contribution from continental Asia (Figure 2.5). In order to test if the factors have different
importance caused by different source regions during the rainy season, the MLR models and
relative importance analysis were applied for these two time periods in addition to the dry season.
The number of samples for the different subsets was 42, 18 and 14 for the early rainy season, late
rainy season and dry season, respectively. This reduced number of data points need to be
considered when interpreting the results of the seasonal MLR analysis, because the degrees of
freedom of the regression (i.e. the difference between the number of data points and the number
of predictors) are getting rather small, particularly for the dry season.
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Figure 2.13 shows the results of the MLR and importance analysis for the three seasonal subsets
for 8'80. The sorting of the models is the same as in Figure 2.12. On a first glance, the results for
the rainy season subsets (Figure 2.13a, b) are quite similar to each other and to the overall data
set. The best performing model in terms of the lowest PRESS value is in all cases the model 124.
However, in terms of R?, the performance of the early rainy season is somewhat lower compared
to the overall data set, while for the late rainy season it is significantly better, with R? = 0.96. This
increase in explained variance is caused by an increased contribution of the regional factors. In
the late rainy season, the regional factors alone contribute 76% to the overall R? of 0.96 of the
best PRESS model, which equals 79% of the explained variance (Table 2.4). The final best models

(both for annual and seasonal analyses) are presented in
Table 2.5.
Table 2.4: Explained variance (partial R?) of regional and local factors of the best MLR model

according to the PRESS value. The first value indicates the absolute partial R?, the second value

the relative contribution to the overall explained variance.

Whole period Early rainy season | Late rainy season | Dry season
Regional factors 0.56 | 70% 0.51 | 68% 0.76 | 79% 0.14 | 22%
Local factors 0.24 | 30% 0.24 | 32% 0.20 | 21% 0.51 | 78%
Total 0.80 | 100% 0.75 | 100% 0.96 | 100% 0.65 | 100%

This is a much larger contribution compared to the partial R? values of 56% and 51% for the whole
data set and the early rainy season, respectively. The increase stems from a more significant
importance of the other regional factors H_hysplit and/or T_hysplit. While their contribution to
the whole data set and the early rainy period is rather low and P_hysplit dominates the
contribution of the regional factors, it is raised to about 30% in the late rainy season, either
individually or in combination. For the best PRESS model marked with the cyan dot in Figure 2.13b,
T_hysplit contributes 27% to the overall R? of 0.96. It indicates that temperature and humidity
play a more significant role in the isotopic fractionation along the trajectories of water stemming
from the North-West Pacific/South China Sea and continental Asia compared to water originating
from the Indian Ocean during the boreal summer months. The broad regional and thus climatic
heterogeneity of water sources during the late rainy season offers a plausible explanation for this
result. The source regions during this period are located in oceans and continental areas of higher
latitudes outside the tropics, where vast climatic differences may occur during the transport along
the trajectories. Therefore, fractionation processes caused not only by the rainfall amount but
also evaporation and condensation are likely to have a significant effect on the final isotopic
composition of rainfall reaching An Long during this period. This climatic variability along the
transport pathways is much more substantial compared to the low climatic variability of the

tropical Indian Ocean source region, where the rainfall during the early rainy seasons originates.
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An entirely different picture reveals the MLR fitting and importance analysis for the dry seasons
shown in Figure 2.13c. While the overall performance in terms of R? is comparable to the early
rainy season, the importance of the local and regional factors is very different from the other
seasons. For the dry season, the local factors dominate. In the best performing MLR model with
the lowest PRESS value (cyan dot in Figure 2.13c), T_AL contributes 78% of the explained variance.
Similar results are obtained for almost all of the MLR models. For the models with R? > 0.5, T_AL
is the most important factor, followed by P_AL and H_AL with similar importance. The regional
factors do not contribute more than 22% of the explained variance, if R? > 0.6. This finding
corroborates the assumed higher importance of secondary fractionation processes during the dry
season in the VMD, as already hypothesized in section 4.3.1. However, in combination with other
predictors, T_AL seems to be a better predictor of the secondary fractionation processes
compared to H_AL, which was used in 4.3.1. As T_AL and H_AL are closely correlated (Table 2.2),
the findings of section 4.3.1 and the MLR of the dry season presented in this section agree well.
With regard to the low degrees of freedom for the dry season MLR models, it can be stated that
this consistent high importance of the local factors in various MLR models reduces the uncertainty

of this analysis stemming from the low number of data points to some extent.

The MLR modeling of §2H shows very similar results to §'80 leading to the same conclusions (see
Appendix A2). The MLR modeling of seasonal d-excess also shows an improved fit for the late rainy
and dry seasons (see Appendix A3), while for the early rainy season the results are not as satisfying
as for the whole dataset. In contrast to 680 and &2H, regional factors explain the bulk of the d-
excess variance also for the dry season. Among the regional factors, P_hysplit has the lowest
importance for d-excess, while the others factors T_hysplit, H_hysplit, and D_hysplit explain about
65% of the best R? of 0.66. This is also a distinctively different result compared to 680 and &82H,
where P_hysplit always dominated the regional factor contribution. The remaining explained
variance stems mainly from the local precipitation P_AL, with some contribution of T_AL. This
finding is in line with the rationale outlined in section 4.3.1, that evaporation along the transport
pathway decreases the d-excess (Stewart, 1975). This effect is much more variable during the late
rainy and dry season due to the transport pathways from higher latitudes, as compared to the
rather uniform climatic conditions along the transport pathways during the rainy season, as
already argued in the previous paragraph for the late rainy season results of §20. Particularly the
water stemming from continental Asia is very likely prone to evaporation and thus changes in d-
excess along its transport pathways as it crosses some semi-arid areas (e.g. Tibet, Mongolia, cf.
Figure 2.5). This means in summary that the MLR and relative importance analysis of d-excess for
the late rainy and dry season corroborate the hypothesis that secondary fractionation processes
caused by evaporation are relevant during the dry season, respectively for rainfall stemming from
the Pacific region and continental Asia. However, for 680 and 6%®H local factors describing

evaporation are more critical, while for d-excess regional factors and thus evaporation processes
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along the transport pathways dominate. But again, the low number of data points for the dry
season needs to be taken into account for the interpretation of the results. Although the results
are similar over a wide range of different MLR models corroborating the findings, and although
the mechanism explaining the results are plausible, the results for the dry seasons still contain

some uncertainty stemming from the low data volume.

Table 2.5: The final best models (both for annual and seasonal analyses) for §%0, &°H, and d-

excess as the response variable in MLR.

2
Multiple Linear Regression (MLR) models R2 :djust p-value | n Period

580 = (-0.116)*P_hysplit + (-0.033)*P_AL +
(0.118)*H_hysplit + (1.043)*T_AL  +|0.80 |0.79 1.9E-22 |74 |full year
(0.078)*D_hysplit - 40.64

8180 = (-0.101)*P_hysplit + (-0.041)*P_AL +
(0.311)*T_hysplit +  (1.128)*T_AL  +|0.75 |0.72  |4.3E-10 |42
5180 | (0.104)*D_hysplit - 41.42

50 = (-0.113)*P_hysplit + (-0.018)*P_AL +
(0.461)*H_AL  +  (-0.404)*T hysplit +|0.96 |0.94 |7.1E-08 |18
(1.603)*T_AL - 77.59

580 = (-0.369)*T_hysplit + (2.493)*T_AL - dry season
68.43 0.65 |0.58 3.3E-03 |14 (Dec-May)

8%H = (-0.894)*P_hysplit + (-0.224)*P_AL +
(0.826)*H_hysplit  +  (7.744)*T_AL  +|0.79 |0.78 |5.9E-22 |74 |full year
(0.513)*D_hysplit - 289.23

8%H = (-0.792)*P_hysplit + (-0.313)*P_AL +
(2.220)*T _hysplit  +  (8.390)*T_AL  +|0.74 |0.71 |9.4E-10 |42
sy | (0.679)*D_hysplit - 295.19

8%H = (-0.914)*P_hysplit + (-0.094)*P_AL +
(3.045)*H_AL  +  (-2.615)*T hysplit +|0.97 |0.95 |1.7E-08 |18

early monsoon
(Jun-Sep)

late monsoon
(Oct-Nov)

early monsoon
(Jun-Sep)

late monsoon

(12.044)*T AL - 547.97 (Oct-Nov)
62H = (-3.446)*T_hysplit + (19.923)*T_AL - dry season
290,90 067 061 [22603 |14 | T

d-excess = (0.034)*P_hysplit + (0.029)*P_AL +
(0.206)*H_AL + (-0.421)*T_hysplit + 0.33 |0.28 4.2E-05 |74 |full year
(-0.148)*D_hysplit + 3.05

d-excess = (0.346)*H_AL + (-0.311)*T_hysplit early monsoon

0.38 |0.33 3.7E-04 |42

d- +(-0.162)*D_hysplit - 8.00 (Jun-Sep)
eHeess d 0.049)*P_AL 0.532)*H_AL
- = (0. + (-0. +
excess = ( )*P_ ( ‘) . 065 |osa 6.0E03 | 18 late monsoon
(-1.989)*T_AL + (-0.228)*D_hysplit + 113.98 (Oct-Nov)
d-excess = (0.105)*P_AL + (-0.300)*H_hysplit dry season
+(1.013)*T_AL + (0.202)*D_hysplit - 6.41 0.66 051 3.18:02 114 (Dec-May)
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The MLR modeling of 8?H shows very similar results to 680 leading to the same conclusions (see
Appendix A2). The MLR modeling of seasonal d-excess also shows an improved fit for the late rainy
and dry seasons (see Appendix A3), while for the early rainy season the results are not as satisfying
as for the whole dataset. In contrast to 680 and &2H, regional factors explain the bulk of the d-
excess variance also for the dry season. Among the regional factors, P_hysplit has the lowest
importance for d-excess, while the others factors T_hysplit, H_hysplit, and D_hysplit explain about
65% of the best R? of 0.66. This is also a distinctively different result compared to 680 and &8%H,
where P_hysplit always dominated the regional factor contribution. The remaining explained
variance stems mainly from the local precipitation P_AL, with some contribution of T_AL. This
finding is in line with the rationale outlined in section 4.3.1, that evaporation along the transport
pathway decreases the d-excess (Stewart, 1975). This effect is much more variable during the late
rainy and dry season due to the transport pathways from higher latitudes, as compared to the
rather uniform climatic conditions along the transport pathways during the rainy season, as
already argued in the previous paragraph for the late rainy season results of §80. Particularly the
water stemming from continental Asia is very likely prone to evaporation and thus changes in d-
excess along its transport pathways as it crosses some semi-arid areas (e.g. Tibet, Mongolia, cf.
Figure 2.5). This means in summary that the MLR and relative importance analysis of d-excess for
the late rainy and dry season corroborate the hypothesis that secondary fractionation processes
caused by evaporation are relevant during the dry season, respectively for rainfall stemming from
the Pacific region and continental Asia. However, for §*¥0 and 6'8H local factors describing
evaporation are more critical, while for d-excess regional factors and thus evaporation processes
along the transport pathways dominate. But again, the low number of data points for the dry
season needs to be taken into account for the interpretation of the results. Although the results
are similar over a wide range of different MLR models corroborating the findings, and although
the mechanism explaining the results are plausible, the results for the dry seasons still contain

some uncertainty stemming from the low data volume.

Nevertheless, it can be stated that applying all possible subset regression, MLR models can much
better explain the isotopic variation in rainfall compared to approaches considering only one
predictor, i.e., a simple correlation analysis. Moreover, the associated relative importance analysis
enables the identification of the dominant factors, thus offering interpretation aids for the
identification of the processes responsible for the isotopic signature of local rainfall. The
presented analysis illustrates that the investigation of dominant factors controlling isotopic
composition in precipitation with simple correlation analyses may lead to wrong conclusions,
particularly when predictors are correlated. Additionally, MLR is able to consider the combination
of different local and regional factors, thus enabling a better identification and interpretation of
the manifold processes controlling the isotopic composition of rainfall.
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Figure 2.13: MLR with response variable 60 and relative importance analysis applied for all
possible subsets (127 MLR models) for different seasons: a) early monsoon from June to
September, b) late monsoon from October to mid-November, and c) the dry season from mid-
November to mid-June.
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2.5 Conclusions

This study analyzes the influence of local and regional meteorological factors on the isotopic
composition of precipitation, expressed as 680, 62H, and d-excess, in the Vietnamese Mekong
Delta (VMD). For this purpose, rainfall samples were taken on a weekly to bi-weekly basis for 1.5
years at An Long in the North-Eastern part of the VMD, and analyzed for stable water isotopes.
The regional factors potentially influencing isotopic composition were derived by back-tracing of
water particles up to 10 days from the target location using the HYSPLIT model, while the local
factors were derived from local climate records. The influence of the different factors on the
isotopic condition was quantified by multiple linear regression (MLR) of all factor combinations
combined with relative importance analysis. This method is novel for the interpretation of isotopic
records of rainfall and opens a pathway for a better understanding of the controlling processes

with a rather simple statistical method.

The MLR showed that up to 80% of the total variation of 60 could be explained by linear
combinations of the selected factors. Similar results are obtained for 62H. Contrary to this, only
about 30% of the total variation of the d-excess can be explained by the selected factors, if the
whole data series is used. General considerations regarding the controls of d-excess in tropical
areas suggest that additional factors, like sea surface temperatures of the source region, need to

be taken into account for an improved modeling of d-excess variation by MLR.

The study showed that local climatic factors, specifically rainfall amount and temperature, play a
minor role in controlling the isotopic composition of the rainfall at An Long. However, there is
evidence that sub-cloud evaporation has a small but notable effect during the dry season. Regional
factors, on the contrary, dominate the isotopic composition of rainfall at An Long. 70% of the
explained variance, i.e., a partial R of up to 0.56, can be attributed to regional factors, among
which precipitation amount along the transport pathway can explain most of the variance. The
remaining 30% of the explained variance is attributed to local factors, among which the
temperature plays the most important role. These findings indicate that local secondary
fractionation processes like sub-cloud evaporation play a small additional role for the isotopic
composition, which is otherwise dominated by the rainout along the transport pathway of the

precipitation.

Furthermore, the analysis of transport durations implies that the moisture-producing
precipitation reaching An Long travels about 4-6 days from its source, as the best regression
results are obtained for these travel durations. For longer travel durations the explained variability
of the regression decreases, suggesting that the moisture is recycled, i.e., precipitated and

evaporated again, when the travel time exceeds six days.

If the data set is divided into seasonal subsets defined by precipitation amount and water source
regions, the MLR and importance analysis enables a better identification of factors and thus
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processes controlling the isotopic composition in the different seasons. For the late rainy and dry
seasons (i.e., October to May), the importance of regional (late rainy season) and local (dry season)
factors increases, respectively, compared to the overall dominating factor P_hysplit. Because of
this the explained variance is raised, particularly for the late rainy season. The source regions
(Pacific ocean and continental Asia) and the associated transport pathways as well as local
processes are more critical for the late rainy and dry season, indicating that secondary
fractionation processes by evaporation, either along the pathway (for d-excess) or locally (for 6§20
and 62H), are more important than the amount effect, which is dominant during the Indian
monsoon (early rainy season) period. This is reasonable, because moisture transported to the
Mekong Delta from the Pacific region and continental Asia passes through different climatic
regimes, compared to the more uniform climatic conditions along the pathway from the Indian

Ocean during the Indian summer monsoon.

In summary, it can be concluded that the proposed approach, consisting of simultaneous testing
of all possible factors by MLR combined with relative importance analysis, is able to detect the
relevant factors controlling the isotopic composition of rainfall as well as their individual
contributions. If applied to seasonal data subsets, the predictions can be improved, and the
seasonal differences in controlling factors and processes can be identified. The validity of the
approach is confirmed by similar, but mainly qualitative results obtained in other studies. The
comparable results provide a strong indication that the method is able to identify the dominant
factors responsible for the isotopic composition of rainfall records. In contrast to previous studies,
the presented approach and results provide, however, a quantitative assessment of the impact of
different factors, and thus information about the dominant processes of isotopic fractionation. It
can support the interpretation of processes responsible for observed patterns of isotopic
composition. The rather simple approach can, of course, not provide detailed information about
atmospheric dynamics, but it offers a relatively simple and easy to apply approach supplementing
or preceding more complex studies of isotopic composition with circulation models. Due to the
simplicity, the method can be easily applied to investigate factors controlling isotopic composition
in precipitation at any given study area around the world without the requirement of setting up
and in-depth knowledge about running complex numerical atmospheric circulation models.
Furthermore, the approach is easily reproducible and contains a rigorous quantitative analysis of
the interplay of different driving factors. The analysis can easily be extended to other factors and
processes of importance, e.g. in order to capture the d-excess particularly better by including sea
surface temperatures at the source regions. However, a sufficient number of data points (multiple

times of the number of predictors) is required to obtain robust regression results.

The similarity of isotopic signatures and their variability over Southeast Asia, as well as similar
general climatic conditions, allows the conclusion that the findings are representative for a larger

area. Particularly the similarity of the variability of the monthly isotopic composition of rainfall,
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and climatic conditions of the VMD and Bangkok suggests that the results are representative for
the whole Mekong Delta, and possibly for large areas of the southern tip of the continental

Indochinese Peninsula.

The results have direct implications for the interpretation of paleorecords of stable water isotopes
in terms of past climate conditions for Southeast Asia. This study shows that the factors controlling
the isotopic signature of precipitation are changing between and even within seasons, and that
regional factors have substantial impacts on the local isotopic composition of rainfall. This needs
to be considered in the reconstruction of past climates based on isotopic records: for the
presented study area 680 and 62H values are likely to be representative of the local climatic
conditions during the dry season. However, regional factors dominate during most of the rainy
season receiving the bulk of the total annual rainfall. In this case, reconstructions of past climates
based on paleo isotopic records would have to be carefully interpreted. The proposed approach
might open a pathway for an improved reconstruction of paleoclimates based on isotopic records.
It may e.g. be used for identifying suitable variables to improve the performance of proxy data
assimilation in paleoclimate reconstruction by circulation models. Moreover, assuming that the
general circulation is stable over the period considered in paleoclimate reconstruction, which is
reasonable for e.g. the Holocene, the presented findings can be used to infer moisture source
regions and the strength of the two monsoonal regimes influencing SE-Asia from paleo isotopic
records.
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Abstract

Groundwater transit time is an essential hydrologic metric for groundwater resources
management. However, especially in tropical environments, studies on the transit time
distribution (TTD) of groundwater infiltration and its corresponding mean transit time (mTT) have
been extremely limited due to data sparsity. In this study, we primarily use stable isotopes to
examine the TTDs and their mTTs of both vertical and horizontal infiltration at a riverbank
infiltration area in the Vietnamese Mekong Delta (VMD), representative of the tropical climate in
Asian monsoon regions. Precipitation, river water, groundwater, and local ponding surface water
were sampled for 3 to 9 years and analysed for stable isotopes (680 and 62H), providing a unique
data set of stable isotope records for a tropical region. We quantified the contribution that the
two sources contributed to the local shallow groundwater by a novel concept of two-component

lumped parameter models (LPMs) that are solved using 680 records.

The study illustrates that two-component LPMs, in conjunction with hydrological and isotopic
measurements, are able to identify subsurface flow conditions and water mixing at riverbank
infiltration systems. However, the predictive skill and the reliability of the models decrease for
locations farther from the river, where recharge by precipitation dominates, and a low-permeable
aquitard layer above the highly permeable aquifer is present. This specific setting impairs the
identifiability of model parameters. For river infiltration, short mTTs (<40 weeks) were determined
for sites closer to the river (<200 m), whereas for the precipitation infiltration, the mTTs were

longer (>80 weeks) and independent of the distance to the river.

The results not only enhance the understanding of the groundwater recharge dynamics in the
VMD but also suggest that the highly complex mechanisms of surface—groundwater interaction
can be conceptualized by exploiting two-component LPMs in general. The model concept could
thus be a powerful tool for better understanding both the hydrological functioning of mixing
processes and the movement of different water components in riverbank infiltration systems.
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3.1 Introduction

Environmental isotopes have been used commonly to identify the dynamics of groundwater
systems. Environmental isotope techniques can provide insights into the origin of water
(Maloszewski, 2000), the interaction between surface and groundwater (e.g., Stichler et al., 1986;
Stichler et al., 2008), subsurface flow conditions (McGuire et al., 2002), fundamental mixing
processes (Stewart and Thomas, 2008), water transport (e.g., Maloszewski et al., 2002; Kabeya et
al., 2007; Stewart et al., 2007), and recharge mechanisms (Koeniger et al., 2016) in the subsurface
system. Given that the hydraulic properties of aquifers are poorly known and spatially variable,
environmental tracer methods can provide more accurate groundwater flow velocities and
recharge rates than traditional hydraulic methods (Cook and Boéhlke, 2000). For example,
numerical flow models can over- or underestimate the flow velocity depending on the aquifer

thickness, the hydraulic conductivity, and the effective porosity (Zuber et al., 2011).

The groundwater transit time is an essential hydrologic metric that integrates the variety of
subsurface flow paths, storage capacities, and mixing processes in the groundwater system. The
mean transit time (mTT) describes the average time that water particles spend traveling through
a system (McGuire and McDonnell, 2006), and the transit time distribution (TTD) describes the
whole spectrum of transit times of those water particles transported through the system
(Maloszewski, 2000). Knowledge of the TTD and its corresponding mTT is essential for
groundwater resources management, for example, when installing groundwater extraction
systems for water supply (Hiscock and Grischek, 2002), calibrating numerical groundwater
transport models (Bethke and Johnson, 2008), evaluating the security of drinking water supplies
(e.g., Darling et al., 2005; Eberts et al., 2012), or understanding the sources of contamination (e.g.,

Morgenstern et al., 2015).

Most mTT estimation methods are based on the lumped parameter model (LPM), pioneered by
Matoszewski and Zuber (1982). The LPM does not require detailed hydrological information and
thus can be used for initial investigations of little known systems (Mook and Rozanski, 2000) where
data are insufficient, e.g., in developing countries or ungauged basins (McGuire and McDonnell,
2006). It is based on a lumped convolution integral (a black-box model), in which an input signal
is related to a specific transfer function (or a TTD) to obtain an appropriate output signal. A
common assumption for the application of LPM is the time-invariance of TTDs (see Maloszewski
and Zuber, 1996; McGuire and McDonnell, 2006). Assuming steady-state conditions, LPMs can be
set up to determine the best-fit TTD and mTT for the best representation of the local subsurface
flow conditions (Maloszewski and Zuber, 1996). In reality, however, many systems are dynamic
and stationary conditions hardly ever met (Rinaldo et al., 2011). LPMs can be applied in a moving-
window approach (e.g., Hrachowitz et al., 2009) to estimate the time-variant transit times and
examine the nonstationary of TTDs (e.g., Hrachowitz et al., 2010; Heidblichel et al., 2012; Tetzlaff
et al., 2014; Birkel et al., 2016).
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Despite the long history and high potential of hydrological applications (Leibundgut et al., 2011),
studies on mTT in tropical environments are still rare (Birkel et al., 2016; Mosquera et al., 2016),
mainly due to financial constraints and data sparsity (Bonell and Bruijnzeel, 2005). Moreover, most
of these studies have focused on water transit times in African (e.g., Jacobs et al., 2018), Australian
(e.g., Lamontagne et al., 2015; Duvert et al., 2016), and/or Central and Latin American regions
(e.g., Roa-Garcia and Weiler, 2010; Mufioz-Villers and McDonnell, 2012; Timbe et al., 2014; Farrick
and Branfireun, 2015; Timbe et al., 2015; Birkel et al., 2016; Mosquera et al., 2016; Muinoz-Villers
et al., 2016). To our best knowledge, groundwater transit times from stable isotopes have never

been quantified in Asian Monsoon regions.

Groundwater modeling in the Viethamese Mekong Delta (VMD) was pioneered by Haskoning B.V.,
DWRPIS (Boehmer, 2000) who set up a regional groundwater model. The author pointed out that
groundwater recharge in most of the delta ranges from 0.01 to 1 mm/d and is dominated by (i)
infiltration of precipitation and irrigation water, (ii) downward leakage through the semi-
permeable layers of the Holocene aquifer, and (iii) seepage from rivers, streams, and lakes. The
water balance analysis suggested that recharge from rainfall and irrigation is significant (for the
Plain of Reeds; see Figure 3.1) and slightly (for the whole VMD) smaller than that from the Mekong
river branches and the canal system. Also, the hydraulic connection between shallow and deep
groundwater is insignificant, except for the dune area along the coast of the eastern VMD
(Boehmer, 2000).

Although groundwater has been determined to be closely linked to surface water in the Mekong
floodplains (Kazama et al., 2007; Raksmey et al., 2009) or significantly controlled by rivers and
tributaries (Wagner et al., 2012), groundwater modeling is still challenging due to the sparsity of
groundwater data (Johnston and Kummu, 2012). Recent modeling studies have focused on
understanding groundwater dynamics (Nuber et al., 2009; Vermeulen et al., 2013; Nam et al.,
2017) and on evaluating land subsidence (Minderhoud et al., 2017). Despite the high demand on
groundwater resources (Wagner et al., 2012) for household and industrial consumption (Danh and
Khai, 2015), surface-groundwater interaction and groundwater recharge have not been
sufficiently quantified (Thu, 2017). Instead, there has been considerable interest in the arsenic
contamination of groundwater (Stanger et al., 2005; Shinkai et al., 2007; Buschmann et al., 2008;
Kocar et al., 2008; Erban et al., 2013; Merola et al., 2015) and general groundwater quality (Hoang
et al., 2010; Wilbers et al., 2014; Le Luu, 2017; An et al., 2018) in the VMD. Also, tracer-based
groundwater studies have primarily focused on qualitative aspects such as tracing the
groundwater recharge sources (e.g., Ho et al., 1991; An et al., 2014; Thu, 2017; An et al., 2018). In
other parts of the Mekong Delta, groundwater studies estimated the sources of recharge affected
by evaporation, for example, from the wetland and ponds to the shallow groundwater in
Cambodia (e.g., Lawson et al., 2013; Lawson et al., 2016; Richards et al., 2018).
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In this study, we primarily used stable isotope (6'80) time series to identify the mTTs of shallow
groundwater and the optimized TTDs best describing the subsurface flow conditions when
applying the two-component LPMs. The Plain of Reeds, serving as the seepage area for
groundwater infiltration in the northwest region of the VMD (Boehmer, 2000), was chosen as a
pilot area. For the sampling campaigns, the study site An Long in the Plain of Reeds (Figure 3.1)
was selected, primarily considering logistic constraints. Although this area may not be
representative for the entire Mekong Delta, the site is likely indicative of the general nature of the
near-stream subsurface flow dynamics because of the low variation of lithology and topography
(Nguyen et al., 2000) throughout the region. The information on subsurface mixing processes, the
preferred flow pathways, and the transit times of water infiltration at riverbank areas resulting
from long-term isotopic records could enhance the understanding of the groundwater dynamics

as well as groundwater vulnerabilities in the VMD.

The general objective of this work was to test the applicability of two-component LPMs to examine
TTDs and their mTTs in a riverbank infiltration system where two distinct water components are
present. Our specific objectives were to (i) identify the dominant TTDs that best describe the
subsurface flow conditions, (ii) quantify the subsurface mixing processes and the time-variant
mTTs of water near the river bank, and (iii) determine the uncertainty associated with parameter

identification and model performance.

3.2 Study area

The study area is located in the Plain of Reeds, in the VMD between latitudes 10°42’7"N to
10°48’9"N and longitudes 105°22’45"E to 105°33'54"E (Figure 3.1). The average elevation ranges
from 1-4 m above sea level. The average annual rainfall is 1400-2200 mm, characterized by a
distinct seasonal distribution (Renaud and Kuenzer, 2012; GSO, 2016)._The annual average
temperature is 27°C with monthly averages ranging from 25°Cto 29°C. The annual average relative
humidity ranges from 77% to 88%. The monthly evaporation rate ranges from 67 to 80 mm and

76 to 109 mm in the rainy and dry season, respectively (Renaud and Kuenzer, 2012; GSO, 2016).

The hydrogeological units in the VMD are classified according to their geological formation: the
Holocene, the Pleistocene, the Pliocene, and the Miocene aquifer systems. At the study site, the
target aquifer is the Holocene sediment sequence. It is characterized by the uppermost layer of
silt and clay (low-permeable aquitard), overlying a layer of fine to coarse sands (high-permeable
aquifer). The average depths of aquitard and aquifer are approximately less than 11 m and 30 m
below ground level, respectively (Wagner et al., 2012; Minderhoud et al., 2017). The grain sizes
defined for clay, silt, fine and coarse sand, and fine gravel are 1-4 um, 4-63 um, 63 um-2 mm, and
2-8 mm, respectively (Wentworth, 1922). The hydraulic conductivity of aquitard and aquifer are
0.02-0.2 m/day (for silt and clay) and 12-200 m/day (for fine to coarse sands), respectively
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(Boehmer, 2000). The effective porosity of clay and sand layers are 0.5 and 0.2, respectively

(Benner et al., 2008).
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Figure 3.1: The Plain of Reeds in the Viethamese Mekong Delta (right) and the study site (zoomed
in) of An Long (left). The screening depths of Wells A, B, and C are 15, 12, and 14 m, respectively.
The distance from Wells A, B, and C to the Mekong river is 140, 190, and 660 m, respectively. The
pond with an area of approximately 500 m? and a depth of 2 m is used for fish farming. The

distances from the pond to Well C and the Mekong river are around 40 and 700 m, respectively.
3.3 Methods

3.3.1 Water sampling and isotopic analysis

Precipitation and river water were sampled at An Long station. Groundwater was sampled at three
wells (A, B, C) closed to the AnLong station and the Mekong river (Figure 3.1). The distances from
Well A, Well B, and Well C to the Mekong river are 140 m, 190 m, and 660 m, respectively. The
screening depths of these wells are 15 m, 12 m, and 14 m, respectively. These wells are used for
household water supply only. Following the classification of aquifer systems by Wagner et al.
(2012), the groundwater samples were collected from the Holocene aquifer and representative of
the shallow groundwater in the VMD. A pond, located 700 m away from the Mekong river and
used for fish farming, was included to provide information about the isotopic fractionation of local
surface water by evaporation, characteristic for the floodplains during the monsoonal floods. The

total number of samples and the schedule of water sampling are summarized in Table 3.1.
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To avoid evaporation effects, we stored the collected samples in 30 mL plastic sample bottles with
tight screw caps and kept all samples in the dark before the laboratory analysis. The stable isotope
samples were analyzed at the Alfred-Wegener-Institute (AWI) in Potsdam, Germany. The
measurements were performed with a Finnigan MAT Delta-S mass spectrometer using
equilibration techniques to determine the ratio of stable oxygen (*¥0/*°0) and hydrogen (?H/H)
isotopes. Analytical results were reported as 8*H and 680 (%o, relative to Vienna Standard Mean
Ocean Water - VSMOW) with internal 1o errors of less than 0.8%. for 8°H and 0.1%. for 620. The

detailed measuring procedure is described in Meyer et al. (2000).

Table 3.1: Water sampling at An Long

Period Frequency Number of samples

Precipitation 06.2014 - 06.2015 weekly 155
06.2015-07.2017 sub-weekly

River water 01.2009 - 05.2010 fortnightly 737
06.2010-07.2017 sub-weekly

Well A 06.2014 - 07.2017 weekly 157

Well B 06.2014 - 07.2017 weekly 157

Well C 06.2014 - 07.2017 weekly 157

Pond water 03.2016-12.2016 weekly 42

3.3.2 Hydrological measurements

Groundwater and river water levels were recorded every 15 min between June 2015 and July 2017
by pressure sensors (HOBO U20 Fresh Water Level Data Logger). River water levels were
monitored at An Long station, about 2 km upstream of the wells. Groundwater levels were
observed at two additional monitoring wells screened at a depth of 15 m below ground level, in
order to avoid disturbance of the level records by water extraction. The first monitoring well was
installed between Well A and Well B, and another one was located between Well C and the pond
(Figure 3.1). The distance from the first and second monitoring wells to Well A and Well C are 20
m and 25 m, respectively. Sediment samples taken during the installation of these monitoring
wells indicated that the upper aquitard layer (from 8 to 10 m below ground level) is dominated by
clay and silty clay, while the aquifer layer below consists mainly of coarse sand. A terrestrial survey
was carried out in June 2016 to reference all recorded water level measurements to the gauge at
An Long, a national water level monitoring station. All water levels are reported as meters above

sea level.

3.3.3 Two-component lumped parameter models

LPMs are based on the lumped convolution integral approach (Matoszewski and Zuber, 1982) to

transform the tracer input signal (Cin) into the tracer output signal (Cout), considering a distribution
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of transit times according to a transfer function. Stewart and McDonnell (1991) introduced a more
robust approximation by adding flow weights (w) to the isotopic composition of the input so that
the outflow composition reflects the mass flux of tracer leaving the system (McGuire and
McDonnell, 2006)

Iy Cin (£ = DW(t — 1) g(D)dr (3.1)
fooow(t —-1)g(™)dr

Cout ® =

where T is the transit time, t is the time of exit from the system, and (t - t) represents the time of
entry into the system; C;, and C,,; are the input and output tracer signature, respectively; g(t)
is the transfer function representing the assumed TTD of the subsurface flow system. This
modification is more flexible than other recharge adjustment techniques (e.g., Grabczak et al.,
1984; Maloszewski and Zuber, 1996) as the weighting term w(t) can include any appropriate factor

such as rainfall rates, throughfall rates, or effective rainfall (McGuire and McDonnell, 2006).

The recharge sources of shallow groundwater in the VMD are mainly river water and precipitation
(Ho et al., 1991; Boehmer, 2000; Wagner et al., 2012). The output isotopic composition (6'80) thus
stems from the water of two different sources with likely different transit times. Therefore, the
two-component LPMs were chosen for transit time modeling. We excluded a deep groundwater
component because the connection between shallow and deep groundwater is insignificant (Ho
et al., 1991; Boehmer, 2000; An et al., 2014). During the calibration, integrated parameters were
adjusted to fit the measured isotopic records for each investigated well, following Weiler et al.

(2003a). The model was re-written in a modified two-component convolution equation:

Jy Cnp = DWp(t —Dgp(DdT  (3.2)
fooo wp(t —1)gp(T)dr

Iy Cing (t = DWg(t — T)gr(T)dT
Iy wr(t = Dgr(@)dr

Cweu(® =p +(1-p)
where Ciur, Cinp is the input tracer signature of the river and precipitation infiltration,
respectively; Cyyoy; is the output tracer signature of an investigated well; gz (1), gp(7) are TTD
functions of the river and precipitation infiltration, respectively; p and (1-p) are the fractions of
the river and precipitation infiltration in the investigated well, respectively; the weighting terms

Wg, Wp are defined as follows:

_— NafQ; (3.3)
i = L
' ?]:1 ani
i NafP; (3.4)
=
l ?’:1 “zPPi
where
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(i) N is number of measurements; Q; is river discharge (m?3/s); Pi is rainfall amount at An Long

station (mm);

(i) river infiltration coefficient: a® = 1 and af = 0 for periods when the river water level is higher
(losing streams) and lower (gaining streams) than the groundwater level, respectively. In this
sense, af =1 (or a® = 0) indicates mass flux (or no mass flux) of tracer infiltrated from the river to

a well;

(iii) precipitation infiltration coefficient: a” = 1 for months with precipitation infiltration (months
in the rainy season), and a” = 0 for months without precipitation infiltration (dry season). We
assumed that rainfall infiltrating to the shallow groundwater in the dry season is not significant
due to the thickness (~9 m) of the upper low-permeable aquitard (see Section 3.2) and the small

rainfall amount during the dry season.

The fractions of the river (p) and precipitation (1-p) infiltration in each well can be derived by a

linear mixing equation using long-term averages:

Cwet — Cinp (3.5)

p =
CinR - CinP

where C,,.;; is the mean 880 value of the investigated well; C,,z and C,,,p are the weighted mean
880 values of river and precipitation infiltration (weighted by the weighting terms wg and wp,

respectively).

3.3.4 Selection and combination of transit time distributions

We tested six TTDs commonly applied in hydrologic systems: the exponential, linear, exponential-
piston flow, linear-piston flow, advection-dispersion (Maloszewski and Zuber, 1996; Cook and
Bohlke, 2000), and the gamma model (Kirchner et al., 2000). While the exponential-piston flow
and advection-dispersion models have been used in riverbank infiltration studies (e.g., Stichler et
al., 1986; Maloszewski et al., 1992; Stichler et al., 2008; Karman et al., 2014) and in groundwater
studies (e.g., Cartwright and Morgenstern, 2016; Stewart et al., 2017), the exponential and gamma
models have been widely applied for catchment mTT modeling (cf. McGuire and McDonnell, 2006;
Hrachowitz et al., 2010).

Identifying TTDs that best describe the subsurface flow conditions requires both theoretical and
experimental considerations (McGuire and McDonnell, 2006). Theoretically, the exponential
distribution can only be applied for unconfined aquifers, while the combinations of exponential
(or linear) and piston flow distributions or the advection-dispersion distribution are more
applicable for partly confined aquifers (Matoszewski and Zuber, 1982; Maloszewski and Zuber,
1996). Considering the hydrogeological setting of the Holocene aquifer, characterized by the

upper low-permeable aquitard and the lower high-permeable aquifer, the exponential
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distribution (exhibiting flow lines with extremely short mTTs) seems therefore inappropriate for
precipitation infiltration to wells screened at depth, but more adequate for riverbank infiltration
to shallow groundwater (see Zuber et al., 2011). Hence, the optimization of two-component LPMs

can be considered as an experimental approach to test the application of the selected TTDs.

Table 3.2: The TTD functions and their parameter ranges (assumed uniform distribution) for the
GLUE analysis

Model Transit time distribution g(7) Parameter(s) range
Exponential distribution (E) iex (—_T> Tm [1 — 250]
Tim P Tm
. . . . 1 _
Linear distribution (L) fort <21, Tm [1 — 250]
2T,
0 fort > 21,
Exponential piston flow | 7 ( nt ) -1 Tm [1 — 250]
—exp|——+n—-1) fort= 1,,(1 — m
distribution (EPF) T P\ Ty / mt =) n[1-4]
0fort< 1,,(1—7n"1)
. . T T —
Linear piston flow | _1 fort, - <t<q, +0 Tm [1 — 250]

distribution (LPF) 2Ty, n n n[1—4]
0 for othert

Advection — dispersion 1 (1 —1/1)? Tm [1 — 250]
distribution (AD) (4mPpt/tm) 2 Zexp | ==p = Py [0—1]
Gamma distribution (G) o1 Tm [1 — 250]
par( PP « [0.001 — 10]
B =1tm/a

Note: T, = subsurface mTT (weeks); n = parameter indicating the contribution of each flow type
(dimensionless), expressed as the total volume/volume with exponential (or linear) TTD; Pp =
dispersion parameter (dimensionless); a = shape parameter (dimensionless) and B = scale

parameter (dimensionless). I' is the Gamma function.

Typically, each TTD function requires one or two fitting parameters. Table 3.2 summarizes the
equations, the fitting parameters, and the pre-defined parameter ranges of TTDs used. The initial

parameter ranges were assumed to be bounded, uniform distributions:

(1) The range of the mTT (t,,) was limited to a maximum of 250 weeks, equivalent to
approximately the maximum 5 years that mTTs can be determined using stable isotopes of water
(Maloszewski and Zuber, 1996; McGuire and McDonnell, 2006; Stewart et al., 2010).

(2) The range of the parameter n was set to [1-4]. This parameter indicates the contribution of the
different flow types, expressed as the ratio of the total volume to the volume with an exponential
(or linear) distribution. When n is equal to 1, the mixed model becomes the pure exponential (or

linear) model. When n approaches infinity, the mixed model is a close approximation of the well-
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known but unrealistic piston-flow model represented by a Dirac function. We limited the upper
bound of n to 4 (equivalent to a maximum of 75% of piston flow in the TTD) to improve the

convergence of the Monte Carlo simulations.

(3) The dispersion parameter (Pp) in the advection-dispersion model should not exceed 2 for a
constant tracer input (Maloszewski and Zuber, 1996). To improve the convergence of Monte Carlo
simulations, we limited Pp to 1 (cf. Cartwright and Morgenstern, 2016), which is appropriate for

kilometer-scale flow systems (Mook and Rozanski, 2000).

(4) The range of the shape parameter (a) in the gamma model was limited to 10, following Timbe
et al. (2014) and Stewart et al. (2017).

To set up the two-component LPMs, the free combination of two TTDs (e.g., the exponential
combined with the dispersion model) would yield a large number of possible setups. This approach
would require a multitude of assumptions, increase computational cost, and model uncertainties.
For computational reasons, as well as to keep the model as simple as possible, we assumed that
the TTDs of precipitation and river infiltration are of the same type (e.g. exponential or linear
piston-flow TTDs). The number of models to be tested is thus equal to the number of selected
TTDs. Theoretically unreasonable models, as e.g. the double exponential model, which includes
an exponential TTD for precipitation, are also included in order to test the theoretical limitations
with observations in the model fitting. The hypothesis is that theoretically unreasonable models

should be rejected during the model fitting.

3.3.5 Model performance and uncertainty analysis

Monte Carlo experiments were used to find the best parameter sets. The generalized likelihood
uncertainty estimation (GLUE) methodology (Beven and Binley, 1992) was applied to determine
behavioral solutions (i.e., parameter sets giving acceptable predictions) and parameter
identifiability. Due to the high number of fitting parameters, the analysis consisted of 10°
iterations. For each model setup, the model performance was evaluated using the Kling—Gupta
efficiency (KGE) (Gupta et al., 2009) for describing the model performance and the root mean
square error (RMSE) for describing the mass balance. While the model performance based on KGE
can be classified as good (KGE>0.75), intermediate (0.75>KGE>0.5), weak (0.5>KGE>0), and very
poor (KGE<0), following Thiemig et al. (2013), there is no standard criterion to classify the
performance based on RMSE. The model performance was therefore classified as satisfactory for
KGE > 0.5. We finally used the solution with the Euclidean distance (De) between (1 - KGE) and
RMSE as likelihood measures (see Eq. 3.6). The best 5% solutions in terms of De were selected as
behavioral models, from which we constructed 90% confidence intervals of the estimated mTTs
(see Timbe et al., 2014; Mosquera et al., 2016). We also examined the dotty plots to check that
the selected solution provides a reasonably wide range of behavioral parameter set. In this study,
De =1 indicates a perfect fit.
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Dg =1—+/(1—KGE)? + (RMSE)? (3.6)

3.3.6 Data preparation

Since data were collected at different temporal resolutions, from fortnightly to sub-weekly, all
data were aggregated to weekly-mean values for consistency. The early fortnightly river water
samples were repeated in order to obtain a weekly time series. This simplification does not affect
the mTT analysis, as these data were used for model warm-up only. The actual model fitting was

performed for the period of sub-weekly sampling of both river water and precipitation.

Considering the different length of the input time series (nine years of river water and three years
of precipitation, cf. Table 3.1), the time series of precipitation was repeated back to January 2009
using monthly weighted means from the three years of available data. This procedure implies a
stable inter-annual variation of precipitation isotopes, a reasonable assumption in the VMD (see
Duy et al., 2018). The approach does not change the results of the mTT estimation while giving

the models more room to find stable results (Hrachowitz et al., 2011).

3.3.7 Modification of the input function

The isotopic fractionation of precipitation before infiltration (e.g., due to evaporation or mixing
processes) should be considered during the calibration of LPMs. Precipitation falling on the ground
likely mixes with local surface water (e.g., ponds, rice paddies, and irrigated, inundated, or wetland
areas) and partly evaporates before infiltrating. We considered the vertical infiltration as a mix of
local surface waters and precipitation, both affected by evaporation. This assumption is in line
with the suggestion that both river and evaporated-surface-water sources recharge groundwater
along the Mekong river (Lawson et al., 2013; Lawson et al., 2016; Richards et al., 2018). Therefore,
the input of precipitation infiltration was corrected, considering isotopic enrichment caused by

evaporation.

We modified the input functions by adding a correction factor (A) to the isotopic composition of
precipitation. This factor accounts for the isotopic enrichment due to the evaporation and mixing
processes before the infiltration. This value was assumed to be constant and was derived by
accounting for the potential evaporation in the region. However, in order to quantify the
uncertainty that is introduced by a constant correction factor, a sensitivity analysis of the model
results to the isotopic correction of precipitation infiltration was conducted (cf. Section 3.3.8). All
modified input functions are referred to as precipitation infiltration. The input of river infiltration
was not isotopically corrected, implying no isotopic fractionation before and during the infiltration

process.
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3.3.8 Model setup

In order to get deeper insights into the model behavior, parameter identifiability, and
uncertainties, three LPM setups were defined (Test 1, 2, and 3). The uncertainties were attributed

to errors:

(1) the modified input functions (correction factor A),

(2) the mass balance analysis (value of p integrated into the two-component LPMs), and
(3) the assumed non-stationary or steady-state conditions during the calibration.

We assumed steady-state conditions to be dominant in the groundwater system and estimated
time-invariant mTTs in Test 1 and 2. For Test 3, the two-component LPMs were applied in a
moving-window approach (e.g., Hrachowitz et al., 2009; Heidblichel et al., 2012) to examine the

time-variant TTDs and their corresponding mTTs. The detailed setups of these tests are:
Test 1: Modified input functions

We varied the correction values (A*®") in the range between 0%o and 5%. (with increments of 0.2)
to create 26 modified input functions. A¥" = 0%o indicates no isotopic enrichment and A¥?" = 5%
(mean value + standard deviation) represents the likely maximum isotopic enrichment before
infiltration. The upper limit is derived from the distribution of differences between isotopic
content of rainfall and pond water. It represents the mean value + 1 standard deviation, i.e., the
84% quantile. Because we could not use another tracer (e.g., Cl) to independently assess the
uncertainties of the mass balance analysis, the fraction of river infiltration was considered a fitting
parameter (p<) and calibrated accordingly. Depending on the assumed TTD function, three or five
parameters were fitted during the calibration with each of the 26 modified input functions. In this
test, 9-year records of 680 were used (the first six years for a warm-up and the last three years

for analysis).
Test 2: Mass balance

We fixed a correction value (A = 1.81%o), defined by the isotopic difference between the
arithmetic mean value of the pond water and the weighted mean value of precipitation. The aim
was to match the mean values of the modified input function and the pond water, implying that
the precipitation ponding on the ground is mixed with preexisting local surface water and partly
evaporates before infiltrating to the groundwater. In this test, the fraction of river infiltration was
pre-defined by Equation 3.5 and used as a fixed parameter (p). The motivation for this test was
that the contribution of river (or precipitation) infiltration should be identical independent of the
selected TTDs. This was tested with this approach. Consequently, two or four fitting parameters
(depending on the assumed TTD) were fitted with the modified input function created by Afx.
Similar to Test 1, we used 9-year records of §*20.
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Test 3: Non-stationarity

Non-stationarity is implicitly considered by the weighing according to discharge (Eg. 3.3), and the
alpha coefficient determining the seasonal variation between losing and gaining stream
conditions. However, possible additional non-stationarity caused by changes in the state of the
surface-groundwater system were investigated. This was performed by a moving windows
approach. Windows of 2-year length (adding previous six years for warm-up) were applied with a
2-week increment to create overall 29 sliding-window sequences of the isotopic time series. The
window length was defined sufficiently long to accommodate the identified mTTs in Test 1 and 2,
which vary up to almost two years (cf. Section 4.3). In this analysis, [A"™, p™] were used to calibrate
the two-component LPMs in order to avoid over-parametrization. For computational reasons, only
the best-suited TTD identified in Test 1 and 2 was used to estimate the time-variant mTTs. The
Bayesian information criteria (BIC) was selected as a parsimoniousness metric (Birkel et al., 2010;
Hrachowitz et al., 2010) to identify the best-suited TTD. A lower BIC value suggests a better model,

considering the model performance in relation to the number of fitting parameters.
SSE
BIC =nln (T) + kIn(n) (7)

where n is the number of observations, k is the number of fitting parameters, and SSE is the sum

of squared errors.
3.4 Results

3.4.1 Surface-groundwater interaction

Considerable dynamics of surface-groundwater interaction were observed at the study site, as
depicted by the similar water level variations up to 2 m annually in the river and groundwater
(Figure 3.2). Seasonal changes in groundwater levels observed between Well A and Well B mostly
lay between those found in Well C and the river. The groundwater level observed at wells closer
to the river (Well A and Well B) exhibited a higher seasonal variation than the site farther from
the river (Well C).

Gaining or losing stream conditions were defined as river water penetrating into the groundwater
system, or groundwater seeping out into the river, respectively (Fetter, 2001). Losing stream
periods (higher monthly river water level than groundwater level) were detected mainly during
the flood season from July to November, whereas gaining stream periods were observed primarily
during the end of the dry season from April to June (Figure 3.2). From December to February, the
differences between river water and groundwater levels were insignificant. These months were

considered as the transition period between losing and gaining stream conditions.
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Figure 3.2: The daily groundwater and river water levels at An Long. Grey background indicates
losing stream periods when the monthly river water level is higher than the monthly groundwater

level

3.4.2 Stable isotope ratios

Figure 3.3 shows the isotopic datasets of precipitation, river, pond water, and groundwater on a
dual-isotope plot of 680 and 82H. The isotopic compositions vary between the dry and rainy
seasons with more negative values during the rainy seasons. The precipitation 880 ranges
between -13.7%o0 and -1.0%o0, with an arithmetic mean value and a standard deviation of -6.0%o +
2.5%o0. The precipitation 6%H varies between -98.7%0 and 0.9%., with a mean and standard
deviation of -38.6%o * 19.3%eo.

The isotopic composition of river water showed a variation from -9.6%o to -5.3%0 and -70.3%o to -
40.2%o for 880 and &%H, respectively. The arithmetic mean values and standard deviations for
880 and 82H were -7.6%o * 0.8%o0 and -55.6%o *+ 5.9%o, respectively. The river samples plotted
below the local meteoric water line (LMWL) and exhibited a regression line with a less steep slope
than the LMWL.

The isotopic composition of pond water showed considerable variability ranging from -9.4%o. to
3.6%0 and -66.6%o to 5.3%0 for 680 and &2H, respectively. The arithmetic mean values and
standard deviations for 6§20 and &?H were -4.6%o + 3.0%0 and -37.3%o + 15.8%o, respectively. The
pond water exhibited an evaporation trend with a slope of 5.3, suggesting that the isotopic
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enrichment is likely caused by evaporation taking place at 70—-85% humidity (Clark and Fritz, 1997),
comparable to the range of average annual relative humidity (77-88%) in the VMD.

All groundwater samples plot below the LMWL and are distinctly separated corresponding to the
sampling wells. According to the distances from Well A (140 m), Well B (190 m), and Well C (660 m)
to the river, more negative isotopic values were observed at the wells located closer to the river.
The arithmetic mean values (+ standard deviation) for 6§30 of Well A, Well B, and Well C were -
6.1%o0 £ 0.3%o0, -5.5%0 = 0.2%0, and -5.2%o0 + 0.6%o, respectively.

T T T T T T
OF |—LmMwL: 6%H = (7.6:0.1)5'8C + (8.0+0.5); R% = 0.98; n = 155
Groundwater RL: 5°H = (5.0+0.1)*6'80 + (-13.5+0.6); R = 0.81; n = 471

10} i
0 Pond water RL: §2H = (5.3:0.2)'5'%0 + (-12.9£0.9); RZ = 0.97; n = 42
20k River water RL: §°H = (6.6+0.1y6'%0 + (-5.2+0.7); R = 0.86; n = 737 i
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Figure 3.3: The isotopic data at An Long in a dual isotope plot. The regression line (RL) for
groundwater is derived using all groundwater samples from all the wells. GW, groundwater;
LMWL, local meteoric water line; VSMOW, Vienna Standard Mean Ocean Water

3.4.3 Stationary transit time modeling

Figure 3.4 shows the results of Test 1 for the three investigated wells considering the sensitivity
of model performances and parameter identifiability to the isotopic correction (based on the
likelihood measure De). The model performances based on KGE and RMSE statistics are shown in
the Appendix B1. The fitting accuracy generally increased with an increasing correction factor (A?")
up to 1.4%o, remained stable around the peak for A¥" between 1.4%o0 and 2.6%o, and decreased
slightly after that. The best performances were identified for the linear-piston flow (LPF) model
(Figure 3.4d), followed by the advection-dispersion model (Figure 3.4e). Notably, the optimum
correction value (A¥®" = 1.8%o), providing the best LPF model performance, was very close to the
isotopic difference between the arithmetic mean value of the pond water and the weighted mean
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value of precipitation (A™ = 1.81%o). This supports the validity of the assumed fixed correction

factor.
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Figure 3.4: Sensitivity of the efficiency of two-component lumped parameter models to isotopic
correction values (AY3") measured by using the Euclidean distance (DE) between (1 — Kling—Gupta
efficiency [KGE]) and root mean square error values. The green reference line indicates the
isotopic difference (A™) between the arithmetic mean value of the pond water and the weighted
mean value of precipitation. A®best corresponds to the best-possible model performance and
reasonable parameter identifiability (see Figure 3.5). Negative likelihood measures (DE < 0) are

not shown

To evaluate the sensitivity of the parameter identifiability to the isotopic input correction, we
focused on the LPF models providing the best-fit accuracies. The behavioral solutions (90%
confidence bound of the GLUE analysis) corresponding to a threshold of 5% of the best predictions
by LPF models are shown in Figure 3.5. For other TTDs, results of optimized behavioral solutions

are shown in the Appendix B2.

Isotopic correction factors between 1.4%o and 2.6%o (AV2-*%stin Figure 3.4d and Figure 3.5a,b,c)
provided both acceptable fitting accuracies (De> 0.5) and reasonable identifiability of mTTs.
Therefore only the estimated mTTs obtained with these correction factors were considered for

further analysis and discussion below.
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Figure 3.5: Sensitivity of the parameter identifiability of the linear piston flow model (i.e., the best-
performing model) to the correction values (AV®") for all tested wells. The box plots indicate the

90% confidence intervals of fitting parameters given by the generalized likelihood

Considering each investigated well, the estimations of river mTTs were identical for the identified
range of acceptable isotopic corrections (Figure 3.5 a,b,c, blue boxes in the gray shaded areas).
Shorter mTTs of river infiltration were determined consistently for sites closer to the river. The
optimized river mTTs ranged approximately from 15 to 20 weeks for Well A, from 35 to 40 weeks
for Well B, and from 25 to 240 weeks for Well C. The parameter identifiability of river mTTs was
better for the sites close to the river (e.g., Well A and B).

The behavioral solutions of precipitation mTTs were identical for wells B and C, independent of
the isotopic correction and the distance of wells to the river. For Well A the behavioral mTTs were
also very similar, with a tendency to a larger range for higher acceptable correction factors.
Compared to river-bank infiltration, the precipitation infiltration exhibited longer mTTs. Optimized
precipitation mTTs were between 75 and 110 weeks with low uncertainties for all tested sites
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(Figure 3.5 a,b,c). However, the LPF model provided poor constraints of parameter n, indicating
different ratios of linear or piston flows at different investigated sites (Figure 3.5 d,e,f). The
uncertainty bounds of river infiltration fraction (p) were quite narrow and increased with higher
AV (Figure 3.5 i,j,k). Analogously, the fraction of precipitation infiltration (1-p<) decreased with
higher AY¥',

Results in Test 2 were compared to the best-fit results in Test 1 (e.g., using AY®" = 1.8%o),
considering the model efficiency (Figure 3.6), the fractions of water components contributing to
the shallow groundwater (Figure 3.5 ,j,k), and the behavioral solutions of optimized mTTs (Figure
3.7). The best-fit results (LPF models) of the tests are reported in Table 3.3. The model
performances (corresponding to the best-matching likelihood measures) of these tests were
comparable (Figure 3.6a,b,d,e) and relatively good (>0.7) in terms of the KGE statistic for all
investigated wells. Although the model parsimoniousness is slightly better within the setups in
Test 2, illustrated by lower BIC values (see Figure 3.6 c,f and Table 3.3), the dotty plots indicate
that the parameter identifiability of two of these tests is comparable (see Appendix B3). Better
parameter identifiability of river mTTs is observed for sites close to the river (e.g., Well A).
Conversely, parameter identifiability of precipitation mTTs is much better for sites farther from
the river (e.g., Well C).
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I Linear distribution [ Linear-Piston flow distribution [1 Gamma distribution
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Figure 3.6: Comparison of Tests 1 (left) and 2 (right) for model efficiencies (the best performing
models according to best likelihood measures). The two-component lumped parameter models
were calibrated with [AY?, p<®] and [Af¥, pfX] for Tests 1 and 2, respectively. Negative Kling—Gupta

efficiency (KGEs) are not shown. RMSE, root mean square error; BIC, Bayesian information criteria
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Table 3.3: Statistical parameters of the observed and simulated §180 time series by LPF models

for Wells A, B, and C within the three model set-ups (Tests 1, 2, 3).

Test Obser | Simulated® Model efficiency® | Para- [Units [River Precipitation

case |ved® mete
Mean |Mean [Bias [KGE |RMSE |BIC re Best - | Behavioral Best - [ Behavioral
+0 +0 (%) | (-) (%o) fit solution fit solution
(%o) (%o) low |up low |up

WELL A

Test1l |-6.07 |[-6.07 [0.004 |0.79 [0.16 |-572 |tm week |17.5 |14.5 |18.8 ([94.4 |[92.1 [109.9
+ + n (-) 1.83 (1.36 |1.98 1.86 |1.62 [1.95
0.26 0.25 p % 419 (379 |46.0 (58.1 |54.0 [62.1

Test2 |-6.07 |[-6.08 [0.010 |0.78 [0.17 |-573 [Tm week |17.1 |13.6 |23.9 ([95.0 (87.6 [121.3
+ + n (-) 1.82 [1.26 [2.07 [1.90 |1.40 |[2.03
0.26 0.25 p % 42.1 57.9

Test3*|-6.10 |-6.10 |0.00 |0.74 (0.16 |-392 |Tm week |18.2 |15.6 |22.3 |[107.0 (83.9 [135.9
+ + n (-) 1.71 [1.28 [1.91 [1.98 |1.39 |[2.60
0.23 [0.22 p % 43.2 56.8

WELL B

Test1l |-545 ([-546 |[0.01 |0.70 (0.13 |-651 |[tm week [38.3 [35.3 [39.5 |83.0 (788 [86.1
+ t n (-) 344 |3.44 |3.88 |155 (1.45|156
0.18 0.17 p % 2477 |21.0 |27.8 |75.3 [79.0 |72.2

Test2 |-545 ([-547 [0.02 |0.72 (0.13 |-664 |Tm week |36.8 |35.5 |40.0 ([82.3 |[78.9 [85.9
+ + n () 3.77 |3.26 |3.78 |1.52 |1.42 |1.61
0.18 0.18 p % 25.1 74.9

Test3? [-5.47 |-5.48 |0.01 |0.72 (0.12 |-472 |Tm week [41.4 (329 (674 |88.1 |80.4 |96.6
+ + n (-) 297 1197 [3.73 1.68 |1.44 (1.87
0.15 0.15 p % 25.7 74.3

WELL C

Test1 |-5.25 ([-5.22 [-0.03 |0.78 ([0.40 |-282 |Tm week |58.0 |17.2 |240.7 [93.7 [91.0 [96.4
+ + n (-) 290 |1.06 |3.91 |3.75 |3.50 |3.96
0.63 0.58 p % 20.0 |24.7 |26.0 |80.0 (753 |74.0

Test2 |-5.25 ([-5.27 [0.02 |0.76 [0.39 |-287 |Tm week |62.3 |15.5 |169.8 [93.5 [91.1 [96.4
+ + n (-) 3.62 |1.00 |4.00 |3.75 |3.49 |4.00
0.63 0.57 p % 22.0 78.0

Test3°|-543 ([-5.59 [0.17 |0.72 (0.47 |-162 |tm week [38.3 [27.0 [57.0 |93.7 [91.1 |[96.2
* * n (-) 286 |1.41 |3.81 |3.78 (3.46 |3.97
0.65 0.59 p % 27.1 72.9

Note: ?Mean values of the 29 best-fit LPF models are reported; Po: standard deviation; °KGE: Kling—Gupta
efficiency; RMSE: Root mean square error; BIC: Bayesian information criteria; “tm: tracer’'s mTT; n:
parameter indicating the ratio of total volume/volume with exponential (or linear) TTD; p: fraction of
recharge from river (or precipitation) infiltration; (-): dimensionless.
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Figure 3.7: Estimated mean transit times (mTTs) of river (top) and precipitation (bottom)
infiltration in Tests 1 (left) and 2 (right). The error bars indicate the 90% confidence intervals of

mTT given by the generalized likelihood uncertainty estimation analysis

3.4.4 Identification of best-suited TTD

Out of all 18 models (three tested sites and six models per site), the threshold of model acceptance
(KGE > 0.5) was fulfilled in 13 cases (Figure 3.6a,d). The five poor models with KGE < 0.5 were the
exponential (E), the linear (L), and the gamma (G) models at two sites located farther from the
river (Well B and Well C). The exponential-piston flow (EPF), the linear-piston flow (LPF), and the
advection-dispersion (AD) models provided satisfactory performances for all sites. Unsurprisingly,
the more complex models (EPF, LPF, AD, and G) performed better than the simpler models (E and
L), depicted by higher KGE and lower RMSE values. However, a better fit obtained with a higher
number of adjustable parameters does not necessarily mean that an adequate model was found.
Based on the model selection criterion (the lowest BIC), the best performing model type for all
sites was the LPF model (Figure 3.6c¢,f). The other goodness-of-fit measures (KGE and RMSE, Figure
3.6a,b,d,e) confirmed this ranking. Although the LPF model can better constrain the behavioral
solutions of optimized mTTs (Figure 3.7), the dotty plots illustrate comparable parameter
identifiability for all tested models (see Appendix B3). Figure 3.8 shows the best-fit modeled 6§20
of LPF models and the uncertainty interval (90 % confidence bound of the GLUE analysis).
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Figure 3.8: The observed and modelled 880 plotted with the behavioural solutions (90%
confidence bound of generalized likelihood uncertainty estimation analysis) corresponding to a
threshold of 5% of the best prediction by the linear-piston flow models. Error bars indicate the
analytical reproducibility of the 80 measurements. VSMOW, Vienna Standard Mean Ocean
Water

3.4.5 Time-variant transit time modeling

Following the identification of the best-suited TTD, we calibrated the LPF model within the moving
window approach (Test 3) to estimate time-variant mTTs. The 2-year moving window with 2-week
increments resulted in 29 best-fit LPF models for the study period from June 2014 to July 2017.
Figure 3.9 shows varying model performance, a wide range of mTTs, and their associated
parameter uncertainties (90% confidence limits) derived from the GLUE analysis. For all 29
models, the goodness of fit measured by the KGE statistic were reasonable (>0.5), suggesting

reliable estimations of time-variant mTTs.

Considering each investigated well, the best-fit mTTs of river infiltration were identical (stable in
time) with acceptable parameter uncertainties (Figure 3.9). The best-fit mTTs of river infiltration
were approximately between 16 and 24 weeks for Well A, between 36 and 48 weeks for Well B,
and between 17 and 55 weeks for Well C. The uncertainties of river mTT were better constrained
for sites close to the river. Regarding precipitation infiltration, the best-fit mTTs were relatively
similar (mainly around between 85 and 125 weeks) for all investigated wells. However, the

uncertainties of precipitation mTTs were poorly constrained for the Well A close to the river
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compared to Well C farther from the river. In general, the uncertainty of river mTTs increased with
distance to the river, while the uncertainties for precipitation infiltration mTTs decreased with
distance to the river. Also, stationary and time-variant mTTs estimated by LPF models were
comparable, both in terms of best-fit and behavioral solutions (Table 3.3).
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Figure 3.9: Model efficiencies (Kling—Gupta efficiency [KGE]) and the mean transit times (mTTs) of
river and precipitation infiltration corresponding to the best-matching linear-piston flow models.
The shaded areas represent the best behavioural solutions (90% confidence) of mTT predictions
by generalized likelihood uncertainty estimation analysis. Results of time-variant mTTs are shown

for every 2 weeks
3.5 Discussion

3.5.1 Mechanisms and sources of groundwater recharge

Similar seasonal fluctuations between groundwater and river levels over the monitoring period
(Figure 3.2) suggested a good hydraulic connection between surface water and groundwater along
the Mekong River. The semi-annual reversal of gradients between the river and the groundwater
indicates groundwater recharge, i.e. that the river loses water to bank infiltration and recharges
the Holocene aquifer during flooding. In contrast, groundwater is released from the aquifer to
compensate for the small amount of river water at the end of the dry season. Considering the
difference of the hydraulic conductivity and the elevation of the aquitard and aquifer layers, the
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shallow groundwater is mainly in horizontal hydraulic contact with the river via bank infiltration
at the highly permeable aquifer (characterized by the medium and coarse sand layer), instead of

the low-permeable aquitard (characterized by the silt and clay layers).

Compared to precipitation and river water, groundwater showed strong damping of the isotopic
signals, reflecting water storage systems dominated by subsurface flow paths (Dunn et al., 2008)
with relatively long transit times (Hrachowitz et al., 2013). The unique step-wise increase in heavy
isotopes observed in the groundwater with increasing distance from the river (Figure 3.3) might
be explained by the mixing of river-bank infiltration with a more significant contribution from an
evaporated recharge source to the shallow groundwater. The isotopic signatures indicate the
different importance of the two sources for the groundwater recharge at the investigated sites,
as one would also expect from a hydraulic point of view due to the different distances to the river.
With increasing distance, the exchange between groundwater and river is usually dampened due

to infiltration length and associated longer transit times.

The groundwater regression line deviated significantly from the LMWL exhibiting a less steep
slope while it compared well to the regression line of the pond water (Figure 3.3). This indicates
that the local surface water, being affected by evaporative fractionation processes, is likely a
second source recharging the shallow groundwater. The slopes derived from the regression lines
of groundwater and pond water in our study are comparable to those in (Lawson et al., 2013;
Lawson et al., 2016; Richards et al., 2018), who also suggested an evaporated source of surface
recharge (e.g., from the wetland and ponds) to the groundwater in Cambodia. Such comparable
results support the assumption that the precipitation is mixed with preexisting local surface water
and evaporates before infiltrating down the unsaturated zone towards the shallow groundwater
in the VMD. Considering the offset of isotopic samples of the river from the local precipitation
(Figure 3.3), it is unlikely that the river was recharged by the local precipitation, but is preferably
sourced from upstream of the VMD (i.e., its runoff stems almost exclusively from the Mekong

basin).

Generally, the analysis of water level fluctuations and isotopic signatures suggests that the shallow
groundwater is recharged by two distinct water components via different flow pathways,

justifying the use of two-component LPMs, beyond simple fitting considerations.

3.5.2 Sensitivity of modeling results to isotopic correction

The sensitivity analysis (Test 1) illustrates that using modified input functions within the calibration
of two-component LPMs can provide better fitting accuracies (Figure 3.4) without altering the
estimated mTTs (Figure 3.5). Better performance was also reported when LPMs were calibrated
with input functions modified by canopy interception (e.g., Stockinger et al., 2014),
evapotranspiration (e.g., Stumpp et al., 2009), or the correction of the isotopic mass balance (e.g.,
Viville et al., 2006). In this study, the correction was necessary because of a) isotope enrichment
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in ponding water, and b) theoretical preconditions for the application of the mixing models,
specifically the assumption that the water at the wells is the product of mixing of both river water
and precipitation. Therefore, the 680 content of the well must range between the 6§80 content
of the sources. This precondition is not fulfilled if the original 680 values of precipitation are used.
Mass balance analysis indicates an unrealistic situation that there is no contribution of river
infiltration to groundwater when the correction values are lower than 1.0%. (Figure 3.5i,j,k), and
hence justifies the isotopic correction. However, it has to be noted that the quantification of
contributions from the two sources is sensitive to the isotopic correction of precipitation, depicted

by the increase of p< with higher A¥",

A comparison between Test 1 and Test 2 illustrates that the pre-defined mixing process (e.g., using
Eq. 3.5) and fixed correction for the 60 precipitation (e.g., A™ = 1.81%o to produce the same
mean value of precipitation infiltration as the ponding water) provide reasonable modeling
results. In this context, it is noteworthy that the best model results are obtained with A" = 1.8%o,
which is almost identical to AfiX. This similarity supports the validity of the definition of Af* by the
mean difference between precipitation and ponding water isotopic content. The fixing of the
correction factor not only fulfills real-world and theoretical constraints, but it also improves the
parsimoniousness of the applied model. A similar correction of 6§80 of precipitation (1.4%o) was
applied by (Calderon and Uhlenbrook, 2016) for a hydrograph separation in Nicaragua, a climatic

environment somewhat similar to this study.

3.5.3 Dominant subsurface flow conditions

The relatively high performance (KGE>0.7 and RMSE<0.4%., Table 3.3), better parsimoniousness
(Figure 3.6c,f), reasonable parameter identifiability of mTT (Figure 3.7), and low fitting uncertainty
(Figure 3.8) of the LPF model suggest that the linear-piston flow distribution likely represents the
subsurface flow conditions at the study site. Other evidence supporting the dominance of linear
and piston flow distributions and justifying the best performance of the LPF model are the poor
performances of (i) the exponential model compared to the linear model, and (ii) the related non-
linear models (exponential-piston flow or gamma model) compared to the related linear models
(e.g., LPF model) (see Figure 3.6). This suggests that the subsurface transport of water is better
characterized by a linear distribution rather than by an exponential distribution. This confirms that
the exponential model is inadequate to represent recharge to groundwater collected at larger
depths below the ground surface (Zuber et al., 2011). Secondly, mTT modeling results suggest a
considerable fraction of piston flow in the TTDs. For example, considering the results of Test 2
from the LPF model for Well A (see Table 3.3), the best-fit value of n = 1.82 for river water implies
that 55% of the volume of the river water infiltration passes through the aquifer as linear flow,
while 45% can be characterized by piston flow behavior. Accordingly, the value of n = 1.90 for
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precipitation implies a 53% of volume portion of linear flow and a 47% volume of piston flow in

the TTD of precipitation infiltration.

The statistical findings indicate that the subsurface flow condition at the study site is likely best
described with a linear distribution accounting for the infiltration along the river followed by the
hydraulic replacement of groundwater caused by pressure gradients which adds the piston flow
component to the model. The explanation is consistent with the hydrogeological setting at the
study site characterized as a partially confined aquifer which does not create a phreatic system.
This situation can be represented by a linear-piston model or a dispersion model according to the
five hydrogeological settings described in Matoszewski and Zuber (1982). The accordance of the
statistical finding with these theoretical considerations serves as a corroboration of the ranking of

models (see Section 3.4.4) by the model fitting and the GLUE analysis.

Compared to the gamma model, the exponential-piston flow and advection-dispersion models
provide better performances (Figure 3.6). The results agree well with the dominance of these TTDs
in riverbank infiltration studies (e.g., Stichler et al., 1986; Maloszewski et al., 1992; Stichler et al.,
2008; Karman et al., 2014) and/or in groundwater studies (e.g., Cartwright and Morgenstern,
2016; Stewart et al., 2017), whereas, the gamma model has been frequently used in catchment
studies (cf. McGuire and McDonnell, 2006; Hrachowitz et al., 2010). Although the linear-piston
flow distribution has been introduced early (see Matoszewski and Zuber, 1982; Maloszewski and
Zuber, 1996), it has rarely been tested, to our best knowledge, within the lumped parameter
approach. Our study agrees well with Timbe et al. (2014), who suggested that the linear-piston
flow model could be a reliable method to determine water transit times in southern Ecuador.

3.5.4 Two-component LPM reveals recharge mechanism

Comparisons of the results (e.g., estimated mTT, parameter identifiability, and model efficiency)
of three tests suggest that two-component LPMs can be applied to investigate mTTs and TTDs of
different water components in tracer studies. We combine theoretical considerations and
measurements of the hydrogeological setting with the best-fit LPF models (reported in Table 3.3)
to develop a conceptual model of surface-groundwater interaction at the study site. The
conceptual model (Figure 3.10) shows the spatial variation of mTTs, the different recharge

contributions, and the subsurface flow conditions.

The contributions of the two recharge sources change with distance to the river. The mTTs of river
bank infiltration increase with the length of the horizontal flow path and the decreasing flow path
gradient between river and groundwater. The mTTs of river infiltration are relatively short
(approximately 13-40 weeks) for locations close to the river (Well A and B), but cannot be
constrained for sites farther from the river (Well C). Notably, using stable isotopes alone cannot
provide reliable longer mTTs, despite the used LPMs (Seeger and Weiler, 2014; Kirchner, 2016a),
indicating the contribution of older water (> 5 years) to the groundwater system of the VMD. The
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mTTs of precipitation infiltration were independent of the distance to the river, depicted by the
relative similarity of mTTs (82-95 weeks) for all investigated wells. The fact that the estimated
mTTs of precipitation infiltration are longer than the ones of river infiltration is attributable to the
hydraulic conductivity of the soil. The horizontal infiltration from the river takes place mainly via
the highly permeable aquifer, resulting in short mTTs (<40 weeks) for the investigated wells
located close to the river (e.g., <200 m). Meanwhile, the vertical infiltration of precipitation (after
ponding on the surface) takes place primarily via a low-permeable overlying aquitard, resulting in

considerably longer mTTs (>80 weeks) for all investigated wells.

Overall, the results follow the general understanding of groundwater hydraulics and are
reasonable from physical and hydrological points of view, corroborating the applicability of two-
component LPMs to identify groundwater mTTs at riverbank infiltration systems. However, in the
given lithological setting the predictive skill and particularly the reliability of the models decrease
for locations farther from the river, where recharge by precipitation dominates and a low-
permeable aquitard layer above the aquifer is present. This specific setting impairs the
identifiability of model parameters in this case. In other settings, e.g. without an overlying
aquitard, better model performance and parameter identifiability can be expected even for larger
distances to the river.
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Figure 3.10: Conceptual model of subsurface flow conditions at the study site. The mean transit
times (mTTs; arrows) and recharge contributions (pie charts) of river water and precipitation
shown here result from the linear-piston flow model. The characteristics of the aquitard and
aquifer layers (e.g., the thickness, type of soil, porosity, and vertical hydraulic conductivity) are
referenced from (Boehmer, 2000; Benner et al., 2008; Minderhoud et al., 2017).
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3.5.5 Limitations and wider implications

Although the identified results are hydrologically plausible, corroborating the validity of the model
concept, we acknowledge the limitations of this study. Here we point out possible reasons related
to the inevitable errors of two-component LPMs and shortcomings of data that could add

uncertainties to the mTT analysis.

First, the lumped convolution modeling approaches rely on steady-state conditions and assumed
nonstationary TTDs (Test 1 and 2). Such assumptions are probably less problematic for
groundwater than they are for surface water systems (Birkel et al., 2016), yet they are rarely met
in any real hydrologic setting (Rinaldo et al., 2011). Although time-variance was introduced to the
TTDs and their corresponding mTTs (Test 3), within each 2-year time frame of the moving window
steady-state conditions prevailed. The limitation of the time series by a moving window resulted
in a somewhat poorer description of the groundwater system because the moving window was
hardly larger than the mTT of precipitation infiltration. Consequently, our results concerning time-
variable TTDs and mTTs should be considered a first step towards an analysis of non-stationary in

surface-groundwater interaction.

Second, potential aggregation biases might lead to an underestimation of the mTTs in the
heterogeneous system (see Kirchner, 2016b; Stewart et al., 2017). The mixing between vertical
and horizontal recharge might not be correctly described with the LPMs, thus the resulting mTTs
could be biased by the selection of the method. To what extent this theoretical restriction applies

to the presented results cannot, however, be determined.

Third, this work relying solely on stable isotopes cannot provide the ages of water older than five
years (Stewart et al., 2010), which could result in the truncation of water transit time and skew
the understanding of how the system stores and transmits water (Stewart et al., 2012).
Consequently, the identified mTTs should be considered partial transit times with preference for
young waters contributing to shallow groundwater in the VMD. To evaluate potential
contributions of older water fraction, environmental isotopes (e.g., tritium) have been frequently
used (e.g., Stewart et al., 2010; Morgenstern et al., 2015; Cartwright and Morgenstern, 2016;
Duvert et al., 2016).

Fourth, the study would have benefited from higher sampling frequencies (e.g., daily) to provide
better insights into short term system responses (see Hrachowitz et al., 2010; Birkel et al., 2016).
Higher sampling resolution could also improve model conceptualization and calibration (e.g.,
Birkel et al., 2010), reduce potentially misleading insights (Hrachowitz et al., 2011), and
uncertainties of mTT modeling (Timbe et al., 2015). However, given the practical constraints and
costs of isotope sampling, higher sampling frequencies are difficult to realize in general.

Fifth, the reconstruction of the precipitation record (see Section 3.3.6) could be a potential source

of error. However, the approach of looping precipitation isotopic signature has been common
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practice when input time series are too short to constrain mTT estimates adequately (e.g., Timbe
et al., 2014; Birkel et al., 2016; Mosquera et al., 2016; Mufioz-Villers et al., 2016). For more reliable
paleoclimate reconstructions of precipitation isotopes in Asian monsoon regions, model-based
statistical approaches (e.g., the combination of global climate models with statistical analyses)

could be applied (see Duy et al., 2018 and references therein).

Sixth, choosing the same types of TTDs to combine in the two-component LPMs cannot provide
an entire picture of all possible combination of selected TTDs. Although mixing different kinds of
TTDs (e.g., the combination of AD model for precipitation infiltration and LPF model for river
infiltration) could improve the model performance, we expect that this approach invalidates the
estimated mTTs, since most of the TTD types are relatively flexible and tend to accommodate

themselves to the data. However, this approach should be considered in further study.

Finally, although the isotopic correction due to the evaporation process is in line with the
hydrological setting (discussed in Section 3.3.7) and essential to fulfilling the theoretical
constraints (discussed in Section 3.5.2), adding a constant value to the isotopic signature of rainfall
to estimate the isotopic signature of vertical recharge unavoidably introduces uncertainties. This
approach assumes a stable isotopic fractionation process for the whole study period, which is
probably quite unrealistic. The sensitivity analysis revealed that although the mTTs are relatively
insensitive to the correction factor, the identifiability of the contribution of the different sources
to recharge is impaired by the correction factor. Moreover, if the water does pond on the surface
before it infiltrates, the isotopic signature may be attenuated prior to recharge. This will result in
mTTs being overestimated, because the presented approach does not account for the time
required for evaporative changes in isotopic composition, but not for the time required for this.
With the available data, it is impossible to analyze the isotopic enrichment of local surface water
(e.g., Skrzypek et al., 2015), or independently assess actual contributions of infiltrated water

components in this study. This could e.g. be achieved by using another tracer (e.g., Cl).

Despite these limitations, our results underline the usefulness of two-component LPMs in
describing subsurface water movement at locations with different flow-path configurations and
two groundwater recharge sources, for example, at riverbank infiltration areas. The concept could
be further developed by utilizing two-component LPMs in conjunction with both stable and
environmental isotopes (e.g., 680 and tritium). This could provide insights into the dynamics of
both younger and older waters (e.g., <5 years and up to 200 years) contributing to the
groundwater system. Generally, the model concept (integrating different TTDs of water
components into LPMs) could be a powerful tool for better understanding the hydrological

functioning of mixing processes and water movement in groundwater studies.
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3.6 Conclusions

This study investigated groundwater transit times and subsurface flow conditions at the riverbank
infiltration areas in the VMD. Precipitation, river, groundwater, and local surface water were
sampled on a sub-weekly to weekly basis for different periods between 2009 and 2017 and
analyzed for stable isotopes. The applicability of two-component LPMs (allowing different TTDs
for different recharge components) in conjunction with hydrological and isotopic measurements
to identify subsurface flow conditions and the contribution to groundwater mixing was tested.
The proposed method proved to be able to identify the TTDs and their corresponding mTTs of

both river and precipitation infiltration to shallow groundwater using 620 records.

LPMs based on the linear-piston flow distribution were able to capture isotopic variations in
shallow groundwater in response to the modified input function. Although the exact contribution
of the water components infiltrating to the groundwater system remains uncertain, the dynamics
of the surface-groundwater interaction could be identified. River water infiltrates horizontally
mainly via the highly permeable aquifer, resulting in short mTTs (<40 weeks) for locations close to
the river (<200 m). The vertical infiltration from precipitation takes place primarily via a low-
permeable overlying aquitard, resulting in considerably longer mTTs (>80 weeks). The outcomes
are hydrologically plausible, corroborating the validity of the applied approach. Our findings
enhance the understanding of the shallow groundwater recharge dynamics and may serve as a
baseline for future groundwater studies using environmental isotopes in the VMD. Groundwater
resources management needs to consider the different recharge mechanisms and mTTs (mainly
controlled by the distance to the river), resulting in different management options for different

areas in the delta.

Our study suggests that the highly complex mechanism of surface-groundwater interaction and
subsurface mixing processes at riverbank infiltration systems can be conceptualized by exploiting
two-component LPMs. Regardless of the restrictions associated with certain errors of LPMs and
the use of stable isotopes, the model concept can be transferred to other locations. Therefore,
the proposed model concept with the associated model selection procedure could provide a
comprehensive hydrological tool for the analysis and understanding of groundwater recharge by

different sources.
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Abstract

This study investigates the trends of groundwater levels (GWLs), the memory effect of alluvial
aquifers, and the response times between surface water and groundwater across the Vietnamese
Mekong Delta (VMD). Trend analysis, auto- and cross-correlation, and time-series decomposition

were applied within a moving window approach to examine non-stationary behavior.

Our study revealed an effective connection between the shallowest aquifer unit (Holocene) and
surface water, and a high potential for shallow groundwater recharge. However, low-permeable
aquicludes separating the aquifers behave as low-pass filters that reduce the high-frequency
signals in the GWL variations, and limit the recharge to the deep groundwater. Declining GWLs
(0.01-0.55 m/year) were detected for all aquifers throughout the 22 years of observation,
indicating that the groundwater abstraction exceeds groundwater recharge. Stronger declining
trends were detected for deeper groundwater. The dynamic trend analysis indicates that the
decrease of GWLs accelerated continuously. The groundwater memory effect varies according to
the geographical location, being shorter in shallow aquifers and flood-prone areas and longer in
deep aquifers and coastal areas. Variation of the response time between the river and alluvial
aquifers is controlled by groundwater depth and season. The response time is shorter during the
flood season, indicating that the bulk of groundwater recharge occurs in the late flood season,

particularly in the deep aquifers.
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4.1 Introduction

Alluvial aquifers play an important role in sustaining agricultural activities and the livelihood of the
population in river deltas. In areas where rainfall is not uniformly distributed throughout the year
(e.g., tropical or arid regions), they are primary sources for good quality freshwater, as they are
less vulnerable to contamination or climate variability than surface water bodies. However,
accurate estimates of groundwater recharge and the response between surface water and alluvial
aquifers can be difficult to obtain, and significant uncertainties exist in groundwater storage in
alluvial settings. Under impacts of climate change and human activities (Syvitski et al., 2009;
Vorosmarty et al., 2009; Hirabayashi et al., 2013), which challenge national to global food security

(Kummu et al., 2012), understanding the mechanisms of alluvial aquifers is fundamental.

The Vietnamese Mekong Delta (VMD), an alluvial delta forming the southern tip of Vietnam, is
home to 18 million people and plays a vital role in the country’s food security and economy
(Renaud and Kuenzer, 2012). Groundwater resources management is one of the prerequisites for
living and livelihood in the VMD. The extensive hydrological manipulation of the delta has a direct
impact on groundwater resources, mainly through the disruption of natural flood regimes,
groundwater exploitation and artificial groundwater recharge, and salt intrusion in the alluvial
aquifers (Renaud and Kuenzer, 2012). Since the 1990s, groundwater has been increasingly utilized
for irrigation, domestic, and industrial purposes (Danh and Khai, 2015), while the extraction has
been poorly managed (Wagner et al.,, 2012). Unsustainable groundwater abstraction causes
declining groundwater levels (Erban et al., 2014) and land subsidence (Minderhoud et al., 2017)
in the delta.

The dynamics of surface water have been continuously highlighted in a number of publications
denoting increasing trends in water level (Dang et al., 2016; Fujihara et al., 2016), sedimentation
(Hung et al., 2014b; Hung et al., 2014a; Manh et al., 2015) and floodplain inundation (Dung et al.,
2011; Triet et al., 2017). Analyses on groundwater dynamics are, however, scarce in the VMD.
Instead, groundwater studies have focused on the arsenic contamination of aquifers (e.g., Shinkai
et al., 2007; Buschmann et al., 2008; Kocar et al., 2008; Erban et al., 2013; Huang et al., 2016),
groundwater quality (e.g., Wilbers et al., 2014; An et al., 2018; Tran et al., 2019), groundwater
recharge sources (Ho et al., 1991; An et al., 2014), or shallow groundwater transit time (Duy et al.,
2019). Notably, these studies mostly focused on local areas (e.g., provinces or cities) rather than
the whole delta. At the larger scale, groundwater has been reported to be considerably controlled
by the river system (Wagner et al., 2012) and closely connected to the surface water in the
floodplains (Kazama et al., 2007). However, information on water flow processes in the multi-
layered alluvial aquifer system based on numerical modeling (e.g., Vermeulen et al., 2013;
Shrestha et al., 2016; Hung Van et al., 2019) is scarce due to the complexity of the hydrogeological
subsurface system (Wagner et al., 2012) and the sparsity of groundwater level and lithological
data (Johnston and Kummu, 2012). To our best knowledge, groundwater dynamics focusing on
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the recent trend of groundwater levels, the “memory effect” (Mangin, 1984; Massei et al., 2006;
Duvert et al., 2015) (representing the time that an aquifer holds water), and the response time

between surface water and alluvial aquifers have not been quantified for the VMD.

Time-series analysis (e.g., Box et al., 2011; Box et al., 2015) can be applied to study the dynamics
of a groundwater system (Bakker and Schaars, 2019). In this context, trend analysis and correlation
analysis have been frequently applied. Decomposition analysis (e.g., Shamsudduha et al., 2009;
Lafare et al., 2016; Wunsch et al., 2018) and/or predefined response functions (e.g., von Asmuth
et al., 2002) can be additional tools to characterize the hydrologic behavior of a groundwater
system. For trend analysis, the nonparametric Mann-Kendall test (Mann, 1945; Kendall, 1948) and
Sen's slope estimator (Sen, 1968) are commonly applied in hydrological studies (see Madsen et
al.,, 2014 and references therein). This estimator evaluates the median values of all pairwise
slopes. The method does not require normality of the residuals; hence it is insensitive to outliers
(Helsel and Hirsch, 2002). To examine the memory effect and the impulse response of an aquifer,
the pioneering work of Mangin (1984) demonstrates that correlation analysis (auto-correlation
and cross-correlation) can be used. Aquifers can act as filters to transform input signals into output
signals by transfer functions (Labat et al., 2000), which can be interpreted to gain insight into the
function and structure of aquifers (Delbart et al., 2014). Following the methodology of Mangin
(1984), numerous studies have reported the memory effect and response of groundwater in karst
systems (e.g., Larocque et al., 1998; Massei et al., 2006; Mayaud et al., 2014; Delbart et al., 2016).
In alluvial systems, however, these concepts have found limited application and need further
testing (Imagawa et al., 2013; Duvert et al., 2015).

In this study, groundwater flow processes in the alluvial aquifers of the VMD are investigated by
trend and correlation analysis, as well as time-series decomposition. All these analyses are
incorporated into a moving window approach to identify non-stationary responses. We
investigate (1) trends in groundwater levels, (2) the memory effect of alluvial aquifers, and (3) the
time-variant response between surface water and groundwater throughout the VMD. The results
are essential for groundwater resource management and livelihoods in the region, and highlight

the general mechanisms of sub-surface water transport in alluvial settings.

4.2 Study area

The study area is the VMD covering an area of 4 million hectares between 8.5-11.5 2N and 104.5-
106.8 2E (Figure 4.1). The delta has an extremely low mean elevation (~0.8m above sea level)
(Minderhoud et al., 2019). During the flood season (July-November), 35-50% of the delta is
flooded, mainly by river discharge exceeding bank level. The resulting inundation reaches depths
of up to 4.0 m for 3 to 6 months (Toan, 2014), constituting inundation areas that recharge water
to alluvial aquifers. In this study, the inundation areas were adapted from Triet et al. (2017). These
areas cover a territory of approximately 2.0 million hectares in the northern part of the VMD.
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According to Danh and Khai (2015), groundwater in the VMD is typically accessed via private tube-
wells (more than 1 million shallow tube-wells across the delta) at depths of 80-120 m, and
groundwater abstraction wells of water supply plants, reaching depths of 200-450 m. The total
groundwater abstraction was estimated at approximately 2.5 million m3? per day in 2015
(Minderhoud et al., 2017).
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Figure 4.1: Study site in the Viethamese Mekong Delta. The pie charts indicate the location of
national stations monitoring groundwater levels within seven aquifers. Color/white pie segments

denote that a monitoring borehole is available/unavailable at a given aquifer, respectively.

The multi-layered aquifer system in the VMD has an alluvial basin structure. The deepest area of
the basement is located below the Mekong and Bassac Rivers and rises to the Northeast, North,
and Northwest borders (Anderson, 1978; Wagner et al., 2012). Sediments were deposited during
transgression and regression events around 6,000-5,000 yr BP (Lap Nguyen et al., 2000), resulting
in a highly complex stratigraphy. The subsurface structure and hydrogeological units in the VMD
are classified according to geological formations: Holocene, Pleistocene, Pliocene, and Miocene
aquifer systems (Wagner et al., 2012). These aquifers are located below ground level around 0-49
m, 31-193 m, 153-381 m, and 275-550 m, respectively (cf. Appendix C1). These age units can be
sub-divided into eight hydrogeological aquifer systems: Holocene (gh), Upper Pleistocene (qps),

78



Chapter 4: Groundwater dynamics in the Viethnamese Mekong Delta

Middle Pleistocene (gp2-3), Lower Pleistocene (gp1), Middle Pliocene (n,? ), Lower Pliocene (n,?),
Upper Miocene (n13), and Middle Miocene (n1273). Generally, each unit consists of two layers: (i) a
low-permeable aquitard layer composed of silt and clay; and (ii) a high-permeable aquifer layer
composed of fine to coarse sand and gravel. The horizontal hydraulic conductivities of the
aquitards and aquifers are in the range of (3-40)*10® m/s and (1-20)*10* m/s, respectively. The
hydrogeological characterization of these semi-confined aquifers is given in (Wagner et al., 2012),
and their lithological nature and hydraulic properties are described in (Minderhoud et al., 2017)
and summarised in (Hung Van et al., 2019). In this study, the Middle Miocene (n1%>73) was not

considered due to a lack of data.
4.3 Methods

4.3.1 Datasets

Groundwater levels (GWL) in the VMD have been recorded starting from the mid-1990s at
multiple temporal resolutions (from daily to monthly) and with different monitoring duration (8-
22 years). We collected GWL time series between 1996 and 2017 from 88 boreholes (see Appendix
C1) at 27 distributed well nests (Figure 4.1). From these data sets the borehole data series with
temporal resolutions higher than weekly and monitoring durations longer than ten years were
selected. The datasets were supported by the project “Research on improvement for the
efficiency of water resources monitoring system for early warning of depletion and saline intrusion
in the Mekong Delta plain — No. DPTDL.CN-46/18“, which is funded by Ministry of Science and
Technology (MOST). An hourly discharge time series from 1996 to 2017 at Chau Doc was also
collected to represent the variability of surface water in the VMD in the analysis. The discharge
data was provided by the Southern Institute of Water Resources Research (SIWRR). For

consistency, all collected data were aggregated to weekly mean values.

4.3.2 Time-series decomposition

We applied a nonparametric time-series decomposition approach known as “STL: Seasonal-Trend
decomposition procedure based on LOESS” (Cleveland et al., 1990). The STL method uses locally
weighted regression (LOESS) operations with different moving window lengths to separate a time
series into three distinct components. Equation 4.1 shows the additive decomposition of the trend

(T¢), seasonal (St), and remainder (R:) components from the original signal (Y:).
Yt =Tt + St + Rt (4.1)

Typically, each component can be related to different processes acting during the generation of
the time series. In the case of GWL time series, the role of each component was classified by
(Lafare et al., 2016) as follows: (1) Tt represents the long-term processes operating over the period
of the entire time series; (2) St represents a cyclical process, e.g., the annual cycles resulting from
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recharge periods; (3) R: represents local processes that cause variability between cycles and can
thus be attributed to shorter-term events or impacts (e.g., the local recharge and/or abstraction)

on the groundwater system.

There is no unique choice for selecting the smoothing parameter (e.g., the length of the moving
window) within the STL algorithm. In many applications, the decision should be based on the goals
of the analysis and the knowledge about the mechanisms generating the time series (Cleveland et
al., 1990). While a large value can result in similar components in all years, a small value can track
the observations more closely (Shamsudduha et al., 2009). In this study, we selected a 10-years
window for the trend component and 1-year window for the seasonal component. In this way we

were able to highlight decadal trends and annual cycles.

4.3.3 Identification of GWL variability

We calculated the ratio between the variance of decomposed components and the original signal
(Eq. 4.2) to measure the relative importance of the variance associated with each component in
comparison to the original signal. Graphical comparison of these ratios (Lafare et al., 2016) and
the boxplot of seasonal variation of normalized time series were used to characterize the relative
variability of GWL in the VMD.

Ratio™"d = Variance(T:)/Variance(Y) (4.2a)
Ratio®e2onal = \ariance(S:)/Variance(Y:) (4.2b)
RatioRemainder = \/griance(R¢)/Variance(Y:) (4.2¢)

4.3.4 Trend analysis

We applied the Mann—Kendall (MK) nonparametric trend test (Mann, 1945; Kendall, 1948) with
Sen's slope (Sen, 1968) to investigate recent changes (1996-2017) of the groundwater system in
the VMD. The trend magnitude was reported as Sen's slope considering a significance level of 95%.
Trends were calculated by a moving-window approach (10-year window with 1-year increment of
the original groundwater level time series) to investigate the time-variations of trends. Spatial
patterns of Sen's slope were mapped at the regional scale using GIS built-in interpolation models
and geostatistical Kriging techniques in ArcGIS version 10.4. Time-series were analyzed using
MATLAB R2019b with the Statistics Toolbox version 11.6.

4.3.5 Auto-correlation

Auto-correlation analysis was used to identify the memory effect (Mangin, 1984; Massei et al.,
2006; Duvert et al., 2015) of alluvial aquifers in the VMD. We applied the auto-correlation to the

remainder component (R:), because it represents the local effects and short-term events (Lafare
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et al., 2016), while the trend and seasonal components are by definition significantly auto-

correlated. The auto-correlation of a time-series x is defined as (Box et al., 2015):
N7ISNR(x, — %) (Xjyp — X

Tx(k) — 21_1 ( i - )( i+k ) (4.3)

Ox

Where 1, (k) is the autocorrelation coefficient at lag k, and X is the arithmetic mean of the time
series with N observations. o, is the standard deviation of the time series. The value of k was
selected smaller than the cutting point (N/3) to avoid stability problems. The memory effect of
the signal was defined as the time lag when ;. (k) reached a value of 0.2, as frequently applied in
GWL studies (Mangin, 1984). The value was termed as the de-correlation time lag (ko.2) here.
Alternatively, the memory effect was also characterized by the overall shape and magnitude of
the auto-correlogram (Massei et al., 2006). We quantified the slope of the auto-correlogram by
logarithmic fits, following (Massei et al., 2006; Duvert et al., 2015):

(k) = alog(k) + B (4.4)

where a (week?) and S (dimensionless) are slope and intercept of the logarithmic function,
respectively. Typically, a describes the rate at which the correlation decreases during the study

period, and S corresponds to the loss of correlation for a unit lag k.

4.3.6 Cross-correlation

Cross-correlation, represented by a cross-correlogram, identifies the relationship between two
signals. The cross-correlation between two time series x and y with N observations is defined as
(Box et al., 2015):

N YNHF G = 0 (Viek — ) (4.5)
0y Oy

ny (k) =

Where R,,, (k) is the cross-correlation coefficient at lag time k, X and y are the arithmetic means

of the two time series and o, and o;, are the standard deviations.

The cross-correlation analysis was applied in a moving-window approach (1-year window with 1-
week increment) to highlight the inter-annual variability of the response time of groundwater
levels to changes in discharge. For each window, the cross-correlogram function between input
and output was calculated, and the response time 1 (the lag time k corresponding to the maximum
correlation) was identified, following Delbart et al. (2014) and Duvert et al. (2015). Only a cross-
correlation coefficient higher than the standard error of 2/N°> (corresponding to 95% confidence
level) was accepted. N is the number of observations in the moving window (Diggle, 1990).
Readers are referred to Delbart et al. (2014) for a graphical example of the sliding cross-correlation
method.
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The response time evaluated by the cross-correlation analysis alone can be less accurate if the
autocorrelation of the input signal is high (e.g., close to 1) (Bailly-Comte et al., 2011). In order to
reduce this effect, the autocorrelation of the input is removed by prefiltering the input signal (e.g.,
removing all serial dependencies such as trend, seasonal, and autoregressive components). By this
pre-whitening procedure, white noise residuals are obtained (Watts and Jenkins, 1968). The
analyses of time-series decomposition in this study can be considered as an appropriate approach
to prefilter the input signal. Therefore, we used the remainder component of river discharge (at
Chau Doc) as an input signal in the cross-correlation analysis. We assumed that the selected input
signal represents random, un-correlated processes in surface water (e.g., unaffected by the trend,
seasonal, and autoregressive components). The output signal was the remainder component of
the GWL time-series. It is noted that groundwater recharge in the VMD is considered to stem
mainly from surface water (Wagner et al., 2012). We assumed that the precipitation ponding on
the ground is mixed with preexisting surface water (e.g., river water and/or floodwater) before
infiltrating to the groundwater. This means that all types of recharge sources were summed up in
the “surface water” component. In this context, the time-series of 1 gives information about the

impulse response that transfers surface water into the aquifers of the VMD.
4.4 Results

4.4.1 Variability of GWL time series

Figure 4.2 shows an example of the decomposition of weekly discharge (at Chau Doc) and the GWL
time series (at borehole No. 14) using the STL algorithm. The plot highlights both seasonality and
long-term trends in GWLs. The results of the time-series decomposition analysis showed that the
relative magnitude of each component varies considerably across the delta. Therefore, the
relative variability of the GWL was assessed based on the variances of the trend, seasonal, and
remainder components along with the variance of the original time series. This relative variability

(represented by the variance ratios defined by Eq. 4.2) was plotted in Figure 4.3.

The decomposition of the time-series revealed a higher variability of the seasonal component in
the shallow aquifers (e.g., Holocene), and the dominant variability of the trend component in the
deep aquifers (e.g., Pliocene and Miocene). For example, the trend component represented more
than 90 % and less than 55 % of the variance of the original time series for deep and shallow
aquifers, respectively (Figure 4.3). For the Pleistocene aquifer, the GWL time series were
separated into two distinct clusters dominated by the seasonal and trend components (Figure
4.3). However, there was no apparent relationship between the borehole depth and the variance
of components in the Pleistocene aquifers, as indicated by the wide scatter without any grouping
of the “Pleistocene” symbols in Figure 4.3.
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Figure 4.2: STL decomposition of weekly discharge (at Chau Doc) and GWL time series (borehole
No. 14). Trends T: (top), seasonal components S: (middle) and remainder components R: (bottom).
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Figure 4.3: Variability ratios (defined by Eq. 4.2) associated with each time series component for
the different aquifers. The color bar indicates the depth of the borehole (m).
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To highlight the seasonal variation, each time-series was normalized to values between 0 and 1 by
subtracting the minimum value and dividing by the total range. Figure 4.4 is a boxplot of the
normalized time series of GWLs and river discharge. Higher GWLs were observed in the flood
season. The amplitude of the seasonal variation of GWLs decreases with increasing borehole
depth, from substantial seasonal variation in the Holocene to no seasonal variation in the Pliocene
and Miocene aquifers. Comparing between flood and coastal areas for shallow groundwater, a
similar seasonal pattern was observed for the Holocene aquifer. In contrast, the GWLs in flood-

prone areas varied slightly more than those in coastal areas for the Pleistocene aquifers.
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Figure 4.4: Seasonal variation of normalized GWL and discharge at Chau Doc station. The box-
whisker plots show the interquartile ranges; the whiskers show the min/max values associated
with 1.5 times the interquartile range. The grey areas mark the monsoon/flood season.
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4.4.2 Trend of groundwater levels

Figure 4.5 shows the results for recent (1996—-2017) trends of GWLs across the VMD. The GWL in
all aquifers showed various magnitudes of decreasing trends from 0.01-0.55 m/year (all significant
at the 95% level). The strongest negative trends were observed mainly in areas around major cities
and major industrial areas (e.g., Tan An, Cao Lanh, Long Xuyen, Can Tho, and Ca Mau). Moreover,
stronger declining trends were detected in deeper aquifers with the highest decrease (0.30-0.55
m/year) in the Pliocene and Miocene aquifers. The weakest declining trends (0.01-0.11 m/year)
were observed in the Holocene aquifer. The medium depth Pleistocene aquifers showed
decreasing trends in-between the trends of the deep and shallow aquifers, with values of 0.05-
0.28 m/year and 0.22-0.41 m/year for boreholes located at flood and coastal areas, respectively.

An increasing trend was not found for any of the investigated boreholes.
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Figure 4.5: Spatially interpolated recent (1996—2017) trends of GWLs of the different aquifers in
the VMD.

A comprehensive analysis of the time-variant trends (10-year periods with 1-year increments) is
presented in Figure 4.6. Similar to the previous analysis, we observed declining trends in GWLs at
all aquifers with higher magnitudes in deeper aquifers. However, no significant trends were
detected for some short-term periods for the Holocene aquifer. For other aquifers (e.g.,
Pleistocene, Pliocene, and Miocene), all declining trend patterns are significant at the 95% level.
Except for the Holocene aquifer, the magnitude of the declining trend for almost all boreholes was
considerably higher in later periods (e.g., after 2007) than in early periods. For example, the
declining trend before 2006 was around 0.1-0.35 m/year but increased up to 0.6-0.75 m/year after
2007 (Figure 4.6). Hence, the decrease of GWL accelerated over the last two decades. The
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strongest declining time-variant trends were observed in the Pliocene aquifer, particularly close
to big cities such as Ca Mau (borehole No. 22), Can Tho (borehole No. 40), Dong Thap (borehole
No. 36), and Long An (borehole No. 65). In line with the overall trends (Figure 4.5), the GWLs in
coastal areas decreased more strongly than in flood-prone areas for the Pleistocene aquifers. For
the Holocene and Miocene aquifers, the magnitude of the declining GWL trends was not

significantly different between flood-prone and coastal areas.

Sen-Slope (m/year)
0.8 0.7 -0.6 0.5 04 0.3 -0.2 0.1 0 0.1

(a) Holocene (b) Upper Pleistocene (c) Middle Pleistocene (d) Lower Pleistocene
% DNoNNNEE«E Heleml BEEEDD B0 O B NEEE ] [ EEEEO [} ]
T 2007 IOEOOCOOEE Ee@med FEEOOLC EO O--B E0E CE O oEooo Om 0O
H NNREAREEE MemeR MEREELE B Il B AEEE [ I EEAn im0
=2005 BeOOOEEEE @ ] EEONEOC BO O O OOEOd o o ooooo oo o4O
£ SeNoipmE®E M ] FEEEE BO O 0 EEEEC [ 0 E00E oE O
32003 OedO-COEOE O ] EEODENC EBEO O--B ZEEEC CO O OoEooOo O O
£ HeON*DNEN NHeEeN OEODOC ©bO O O O0O0@3 O O ooooQo oo 3
-6200177 PEEEEFEFEAERE e 5 B3 ECCE O - -EEEEEEC = B ESE T EECE
= o o EENEOCOBEOOO 0] 1 o (0 [ I o e e Y e R
1999 - [ (X0 (25 < (I 0 o O 5O Es O 0 - -SEEEEEs Ooscc o {0 I B I B R
> DOeDNfNENEe OEE* I [ I e o o d 0] o 1 R o | 0 o o o o Y o S
51997*] OOoOem O 1 S e O O - -EEEE 50 O0OE0E  Od EEDOoEO @O &
b N e BEE REININ [ | (AN || [ 170 o o o R BRRRART |l A
MO M~NOFT~O MO NG OW =+ W0 L - Q- O M~ OO NWDDM T OO NMIONO WO WOoMmMmWo Mo M
— N ) N < DD O W o = N OO0 M~ 00 W~ o TN MMM N WO O W00 00 T T N S 3OO o
e) Middle Pliocene f) Lower Pliocene (g) Miocene
z JL% N ] ilu%l_ L'm TH O [
22007 O HE om mENs | [mi {w C | m O 0
3 JCmEm Oom 0| EEOEO C | o C J
520051 MM [ T r e [ | i °l
£ JCEm oo o o = COm 0o C O J
32003 L HE LI S e | — - ] u
£ JCEHEN o4 ] O0OEC COl O C O d
201 OCEEECO080000 OOdECOOCcOmOCcOE- - O C [ S |
ol SCMEECOORACEET COE AT O mer i 1 0mn/|E 0
a1909 OICODECOO@ (] OoCcoooEOm O OcC o oo oo
> douompoe _ Lo odEnm ] [ | I
Tgr-OCOORCOOO ] OOCOOOdECm o-- 000 oo oo
& e ey | [ ] LT B [ M| [
M ONWT O S ST Mo D D ONM~OONOoOWLHWO~ 0 ~ M o~ N N - O =
~ONNS TN OOMNSNDO et NTNNNONNNSD - = M~ n O o

Figure 4.6: Time-variant trends (reported as Sen's slope) calculated for ten-year periods in
different aquifers in the VMD. The y-axis shows the start year of the moving window, while the x-
axis shows the borehole number (see Appendix C1). The values of Sen's slope (m/year) correspond
to the color bar. The squares and circles indicate that the trends are significant or insignificant at
the 95% level, respectively. Grey (or white) backgrounds indicate that the location of a borehole

is at flood-prone (or coastal) areas. Blank areas indicate no available GWL data.

4.4.3 Memory effect of alluvial aquifers

From the remainder component of each GWL time series, an auto-correlation function was
derived. Distinct behaviors were observed among the 88 auto-correlograms, with various degrees
of groundwater memory effect. Figure 4.7 shows the rate of decrease of the auto-correlation
function (a), together with the de-correlation time lag (ko.2) when the auto-correlation coefficient
(r) of 0.2 was reached. Both methods (logarithmic fit and de-correlation time lag) highlighted
similar results. Typically, a stronger memory effect was detected for deeper aquifers, as depicted

by more negative a and higher ko, (Figure 4.7). Stronger memory effects were also identified for
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boreholes located in coastal areas compared to those in flood-prone areas; this behavior was,
however, not apparent for Holocene aquifers. The de-correlation time lag of the Holocene aquifer
was between 5 and 17 weeks. The time lag of the Pleistocene aquifer was between 6 and 26
weeks, showing two distinct groups of flood-prone and coastal areas. The range of the time lag of

Pliocene and Miocene aquifers was 11-27 weeks and 13-33 weeks, respectively.
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Figure 4.7: Memory effect of aquifers in the VMD, characterized by (a) the rate of decrease of the
autocorrelation function (left), and (ko2) the lag time (week) to reach the autocorrelation
coefficient of 0.2 (right).

4.4.4 Response time analysis

The moving-window cross-correlation analysis was performed between the remainder
component of discharge at Chau Doc gauging station and of GWLs at 88 boreholes. Depending on
the length of each GWL time series, 523 to 1,098 moving windows were obtained applying a
window length of one year and moving in one-week increments. For example, a borehole with 10-
year monitoring GWL will result in a sequence of 523 one-year moving windows. Consequently,
we obtained 88 time-series of response time 1 with different time lengths (e.g., 523-1,098 values
per time series of T depending on the number of moving windows detected for each borehole).
Each time series of T was then averaged by calculating the arithmetic means of the t values falling
in the month of the year. This analysis is meant to highlight seasonal differences in water level
response. It is noted that the shape of the cross-correlogram varied considerably between
boreholes. Only cross-correlation coefficients higher than the standard error of 0.28
(corresponding to the 95% confidence level) were accepted. The variability of the response time
was reported for every month in Figure 4.8, showing the seasonal variation of the time required

for the pulse of surface water to reach the alluvial aquifers. Long-term changes of the response
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time within the individual boreholes were analysed by the Mann—Kendall nonparametric trend

test, applied on the moving time windows. Results of Sen's slope (considering a significance level

of 95%) are reported for 88 boreholes in Figure 4.9. Long-term changes in response time were

found to be negligible. Only 20 boreholes showed minor significant changes in Sen’s slope of less

than 0.3 weeks per year. No significant long-term change was observed for all other wells.
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Figure 4.9: Long-term changes of the response times (reported as Sen's slope in the y-axis) relative

to the monthly mean response time for the 88 boreholes (x-axis) in the VMD.

Generally, we observed high variability in response time in the alluvial multi-aquifer system.
Shorter response time was observed for shallow groundwater compared to deep groundwater
(Figure 4.8). The response time range increased from the Holocene (1.9-7.3 weeks) to the
Pleistocene (3.7-18.9 weeks), the Pliocene (7.5-22.5 weeks), and the Miocene aquifers (9.1-23.8
weeks). Except for the Holocene aquifer, apparent seasonal variation of response time was
observed for all aquifers, and the response times in the flood-prone areas were shorter compared

to those in the coastal areas.

The variability of response time in both flood and dry seasons for the Holocene aquifer was
insignificant. For other aquifers, response time varied seasonally, with lower values during the
flood season. The shortest response time was detected mainly in the peak flood period (e.g.,
September or October), with the longest response time at the end of the dry season (e.g., May).
Most likely this was caused by the higher hydraulic head in the surface water during the flood
season. Notably, due to a low number of monitoring boreholes in the Pliocene and Miocene
aquifers (3-4 boreholes in each aquifer, cf. Figure 4.7), the identification of response-time

variations in these aquifers in the flood-prone areas might be impaired.
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4.5 Discussion

4.5.1 Potential of groundwater recharge and role of alluvial aquifers in the VMD

The decreasing magnitude of seasonal variation from shallow to deep groundwater (Figure 4.4)
suggests that the alluvial aquifers act as low-pass filters during the transformation of input signals
(e.g., river discharge or water levels) into output signals (e.g., groundwater water levels), resulting
in increasing memory effects (Figure 4.7) and response times (Figure 4.8) with aquifer depth in
the VMD. The role of aquifers as a low-pass filter in the frequency domain has also been reported

in other alluvial settings (e.g., Imagawa et al., 2013; Duvert et al., 2015).

Regarding shallow aquifers, the dominance of the seasonal variability (Figure 4.3) and similar
patterns of seasonal fluctuations between GWLs and surface water (Figure 4.4) suggest a good
hydraulic connection between river water and shallow aquifers (i.e. Holocene and Pleistocene)
across the delta. This result is in line with the findings of Wagner et al. (2012) that shallow
groundwater is effectively connected to surface water (e.g., rivers, irrigation channels, or
floodplains) in the area. This connectivity, as expressed by higher seasonal variabilities (Figure
4.4b, c, d), is more pronounced in the flood-prone areas compared to the coastal areas. Such
effective connection suggests a high potential for groundwater recharge from surface water to
shallow aquifers, particularly for locations in the flood-prone areas, where long-lasting and
widespread inundations occur regularly. The inundations create a strong hydraulic head and
provide sufficient water volume for shallow GW recharge, which is missing in the coastal region.
Therefore, the seasonal signal observed in the coastal shallow aquifers has to be attributed to
different sources or causes. The most plausible reason and the source are likely lateral inflow in
the shallow coastal aquifers from the upstream region, i.e. from the inundated areas, as suggested
by Hoang and Baumle (2019). During the flood season, the hydraulic head in the shallow aquifers
underneath the inundated areas rise and creates a head for lateral downstream flow within the
aquifers towards the coastal region. The seasonal signal is thus dampened because of the flow
time and distance and available volume. This seasonal component is additionally dampened in the

coastal region by the permanent head caused by the ocean.

For deep groundwater, low permeable aquicludes appear to limit the recharge to the deeper
aquifers (Pliocene and Miocene aquifers) both in flood-prone and coastal areas. The dominance
of trend components (Figure 4.3) and the low variation of GWLs in the Pliocene and Miocene
aquifers (Figure 4.4e,f,g) corroborate these findings. Significant increasing memory effect and
response time within the well depth (Figure 4.7 and Figure 4.8) also indicate that the recent
recharge to deep aquifers, if there is any, is very limited. Hence the deeper aquifers may be hardly
replenished by surface water sources including precipitation sources in the VMD. Hung Van et al.
(2019) pointed out that the freshwater from the upper system cannot infiltrate deeper than about
350 m; hence saline water could also not enter the deep groundwater system. Considering the
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presented results and the literature sources, any potential recharge of the deeper aquifers is very
unlikely to originate from vertical infiltration through the aquiclude layers, but rather from the
lateral flow within the aquifers from upstream areas. Considering the morphological development
of the Mekong Delta, the deeper aquifers are located closer to the surface in the highland areas
of southern Vietnam (e.g. Binh Phuoc) or Cambodia (Ha et al., 2019). The presented analysis, in
combination with literature findings, implies that the vertical recharge pathway via aquiclude
layers and the inter-aquifer connectivity in the multi-aquifer system is insignificant in the VMD.
This, in turn, means that a natural replenishment of the over-exploited deeper aquifers as the
primary freshwater sources in the VMD cannot be achieved locally by natural pathways. Instead,
the recharge could depend on the infiltration processes and management and exploitation of the
deeper aquifers in the neighboring regions, particularly Cambodia. This also means that recovery

of GW levels in the deeper aquifers by natural sources requires a substantial amount of time.

Additionally, the operation of all planned dams in the Mekong basin will most likely reduce flood
season flow. It will thus also reduce the recharge to the aquifers in the VMD, both the shallow
aquifers (recharge within the VMD) and deeper aquifers (recharge from the inundated areas in
the Cambodian part of the delta). This finding is in line with Kazama et al. (2007), who stated that
a 44% reduction in flooding areas could result in a 42% decline of shallow groundwater storage in
the Mekong delta. Weighing the potential impacts of climate change and reservoir operation on
the Mekong hydrology on groundwater recharge, the negative impacts of reservoir operation will
more likely overwrite the possible positive effects of increased flood season flow under climate
change projections (Lauri et al., 2012). Although a quantitative assessment of the effects of dam
development on groundwater recharge has not been carried yet, the presented results imply that
any substantial negative changes in flood volume and floodplain inundation could impair the
recharge of groundwater in all aquifers in the VMD. This aspect should be considered in long term
strategic planning of the management of the groundwater resources, next to the urgently needed

short-term limitation of current GW exploitation.

4.5.2 Drivers of GWL declines

Extending the findings of previous studies (e.g., Wagner et al., 2012; Erban et al., 2014), this work
uses more recent data to confirm the previously observed decrease of GWLs in deeper aquifers in
the VMD by time-variant trend analysis based on high-frequency groundwater observations
considering both shallow and deep aquifers. The overall variabilities of the declining trends of
GWLs confirm the decrease rate of 9-78 cm/year reported in Erban et al. (2014), i.e. indicate that
GW over-exploitation continued in the last decade. Our results indicate that groundwater
abstractions highly exceeded groundwater recharge, resulting in a considerable decrease of GWLs
and groundwater storage in the VMD over the last 22 years.
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The minor changes in GWL in the shallow aquifers, however, are a result of the interplay between
the good connectivity to and recharge from surface water, the compaction of the young sediment
composing the aquifers (Wagner et al., 2012), and the comparatively low abstraction from the
aquifers. These factors compensate each other, resulting in the observed overall low decline in
the shallow aquifers. On the contrary, the significant decrease of GWLs in the deeper aquifers can
be linked to the limited potential recharge (section 4.5.1) and to the high amount of groundwater
abstraction. The groundwater in the Pliocene and Miocene aquifers has good drinking water
quality and is thus heavily used. The highest decreasing trends were identified mainly for urban
areas with high population densities (Figure 4.5), and thus indicate that human activities are very
likely the dominant driver of this GWL decline. Moreover, in coastal regions saltwater intrusion in
surface water poses impedes the use of shallow groundwater as a drinking water source or for
irrigation (cf. Fig.2 Smajgl et al., 2015). Therefore groundwater is the key source of freshwater for
domestic uses and agricultural production in the coastal regions (Wagner et al., 2012). The
pronounced decreasing trend of GWLs in the coastal areas compared to the flood-prone areas in
the Pleistocene aquifers (Figure 4.5b, ¢, d) thus provides evidence for a significant and non-
sustainable groundwater abstraction in the coastal areas. For example, groundwater is highly
exploited for domestic freshwater supply in Ca Mau peninsula. The results presented in this study
indicate that the high demands for groundwater resources cannot be compensated by the limited
recharge. According to Danh and Khai (2015), groundwater in the VMD is typically accessed via
private tube-wells (more than one million over the whole delta) at depths of 80-120 m
(corresponding to Pleistocene aquifers), and abstraction wells of freshwater supply plants,
reaching depths of 200-450 m (corresponding to the Pliocene and Miocene aquifers). Therefore
the decline of GWLs in the Pleistocene aquifers can be attributed to household demand. In
contrast, the decrease in the Pliocene or Miocene aquifers can be linked to the demand of water

supply plants, and thus the general water demand of the population and economy.

The acceleration of the decrease of GWLs (Figure 4.6) can be linked to the increasing trend in
groundwater exploitation, and the consequent widespread land subsidence for the VMD (Erban
et al., 2013; Erban et al., 2014; Minderhoud et al., 2017), similar to many deltas and coastal areas
around the world (see Gambolati and Teatini, 2015). Our study suggests that the current
groundwater exploitation already exceeds aquifer recharge capacities in the VMD. Due to the
demand for socio-economic and industrial development, groundwater exploitation is forecasted
to further increase in the future (Danh and Khai, 2015). A further severe decline of GWLs would,
however, accelerate saltwater intrusion into the alluvial aquifers, groundwater contamination,
land subsidence, and thus threaten sustainable development in the entire delta (Minderhoud et
al., 2017).
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4.5.3 Groundwater memory effect in alluvial settings

The analysis of the auto-correlation with the logarithmic fits and the de-correlation time provides
insights into the memory effects in the different aquifers. For shallow groundwater, the short
memory effect indicates a good hydraulic connection to surface water, and thus a high potential
for groundwater recharge. This was to be expected from the geological setting. Following the
same logic, long memory effects in the deeper aquifers, indicate a poor hydraulic connection to
surface water and thus limited groundwater recharge. Because groundwater storage can be
attributed to structural factors that are difficult to assess (e.g., the change in grain size of the
aquifer material or its degree of compaction, which can change the hydraulic conductivities and
groundwater outflow) (Duvert et al., 2015), the presented analysis of the memory effects might
serve as a proxy-information on potential groundwater storage. In the VMD, the memory effect
of alluvial aquifers varies according to the geographical location (Figure 4.7). Groundwater
memory increases in both vertical and horizontal directions: (1) from shallow to deep aquifer, and
(2) from upstream (i.e., flood-prone regions) to downstream (i.e., coastal areas). The vertical
increase of the memory effect from shallow to deep aquifer can be attributed to the existence of
low-permeable aquicludes between aquifers. The aquicludes between deep aquifers (Pliocene
and Miocene) are thicker and characterized by lower hydraulic conductivities compared to the
shallow aquifer (Holocene and Pleistocene) (Hung Van et al., 2019). These aquicludes act thus as
low-pass filters in the frequency domain weakening the variation of GWLs at the deep
groundwater in the VMD. This behavior was also reported for similar geological settings, e.g. for
alluvial aquifers in the Shiga Prefecture, Japan (Imagawa et al., 2013) and southeast Queensland,
Australia (Duvert et al., 2015) —. Similarly, the horizontal spatial differences of the memory effect
may be caused by the spatial variation of physical properties (e.g., hydraulic conductivity and
thickness) of the aquifers (Zhang and Schilling, 2004). In this context, an explanation for the
generally higher memory effect from upstream to downstream in the VMD could be the higher
thickness of the aquicludes in coastal areas compared to flood-prone areas, cf. to Figure 2 in Hung
Van et al. (2019).

Generally, longer memory effects indicate higher water storage capacities, particularly in the case
of the deep alluvial aquifers in the VMD. The longer the groundwater memory, i.e. the persistence
of a signal in an aquifer, the larger is the storage capacity because the comparatively large storage
dampens the signal. A similar explanation for longer memory effects and groundwater storage
was given by Mangin (1984) and Imagawa et al. (2013). This means that the potential for
groundwater storage and restoration is higher in the deeper aquifers. This comes, however, at the
cost of longer natural recharge times, which has to be considered in any sustainable GW

management plan.
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4.5.4 Factors controlling the impulse response between surface water and alluvial
aquifers

The moving window cross-correlation analysis shows that the interaction between surface water
and groundwater is highly dynamic and exhibiting strong seasonality. The differences in impulse
response between the river and the different alluvial aquifers can be attributed to (1) groundwater
depth, (2) seasonal variability, (3) location (i.e., flood-prone or coastal areas), and (4) existence of
aquicludes. Shorter response times were detected for shallow groundwater, the flood season, and
flood-prone regions (Figure 4.8). Except for Holocene aquifer, the response time of boreholes in
flood-prone areas in the dry season are still shorter than those in coastal are in flood season,
indicating that the response time is more controlled by location than seasonal variability. This
result supports the assumption that the deeper aquifers might be recharged from upstream areas
of the VMD (see Section 4.5.1). These findings are in line with the expected behaviour based on
general hydrological and hydraulic reasoning, thus confirming the validity of the approach. During
the flood season (July-November), inundation is up to 4.0 m high and lasts for 3 to 6 months in
flood-prone areas (Toan, 2014). River water levels, inundation depths and soil saturation are
higher during the flood period; thus the pressure pulse is transmitted more rapidly and directly to
aquifers compared to the dry period, and sufficient amounts of water (ponding water on
inundated floodplains) are available to recharge the GW. The response times of the deeper
aquifers (Lower Pliocene and Miocene) are in the range of the duration of the flood season. This
does not mean that these aquifers are recharged at the end of the flood season because the
response might be lagged in time. Because the response time is calculated by mathematical
relations (correlations) between time series; it is not the residence time that water particles travel
from the surface water to aquifers (an actual recharge of freshwater). Instead, it should be
considered as an indicator for the hydraulic response of the alluvial aquifers in the VMD. Although
the response time does not reveal much about the actual rate of recharge, it can provide an initial
“threshold” about the actual rate of recharge. For example, the response time of Pliocene is about
5-7 times longer than of Holocene (Figure 4.8). If the residence time of Holocene is identified from
35-40 weeks (see Duy et al., 2019), it can be estimated that residence time from surface water to
Pliocene aquifer should be longer than 200 weeks. Any shortening of the flood season and
reduction of flood season flow, as e.g. caused by strong El Nifio events (Ruiz-Barradas and Nigam,
2018) or by the operation of reservoirs in the Mekong basin (Lauri et al., 2012), would thus indicate
that the deeper aquifers will likely receive less recharge during the flood season. However, as
climate change scenarios predict an intensification of the Southeast Asian monsoon and an
increase in flood season discharge (Hoang et al., 2016), there are also chances of increasing
recharge of the deeper aquifers in the VMD in the future, provided that the reservoir operation
does not diminish this effect.
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4.5.5 Limitations and wider implications

The time series analysis we are applying is in principle a black-box model, and can only determine
mathematical relations (correlations) between time series, not causal relationships (Bakker and
Schaars, 2019). The approach is thus only suitable to highlight and visualize the behavior of a
groundwater system without an explicit analysis of the underlying physics and/or drivers of system
behavior. Therefore, this study should be considered as the first step towards a characterization
of the previously unstudied behaviors of alluvial aquifers in the VMD. Future research should thus
aim at a quantitative investigation of the drivers of the memory effect and response time in the
VMD. To understand the physical processes of a groundwater system, a physical-based or at least

conceptual groundwater model is required, which is out of the scope of this study.

In this study, time series analysis can provide valuable information about time-variant trends of
GWLs, the memory effect, and the response time for the whole VMD. The visualization of these
groundwater dynamics provides an overview on how long an aquifer stores water (memory
effect), how fast an aquifer responds to variations in surface water (response time), and the
recently accelerating decline of GWLs in the VMD. These findings should be considered as initial
contributions to the hydrogeological literature of a little-known groundwater system in alluvial
settings. Due to simplicity and ease of interpretation, the applied time series analysis can be an
additional tool, for example, to process data and quickly provide efficient alternatives to calibrate
groundwater models (Bakker and Schaars, 2019). Also, the approach has direct implications for
the initial investigations of an understudied groundwater system where data and/or resources

(e.g., human or financial) are insufficient to develop a dynamic groundwater model.

4.6 Conclusions

This study provides hydrogeological storage characteristics of the alluvial aquifers in the VMD. We
examined the groundwater dynamics focusing on (1) the recent trend of groundwater levels in
order to indicate GW over-exploitation, (2) the memory effect of alluvial aquifers for an
assessment of the GW storage, and (3) the response time between surface water and
groundwater as a proxy for GW recharge. GWL time series between 1996 and 2017 from 88
boreholes at 27 national stations were collected, selecting time series with a sampling resolution

higher than once per week and monitoring periods longer than ten years.

The time-series decomposition of GWLs highlights the large seasonal variability in the shallow
aquifers and the dominance of the trend component in the deep aquifers. This indicates an
effective connection between the shallow Holocene aquifer and surface water, and a high
potential for shallow groundwater recharge. The low permeable aquicludes separating the
aquifers behave as low-pass filters that reduce the high-frequency signals in the GWL variations,
and limit the recharge to the deeper aquifers.
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The trend analysis indicates that both shallow and deep aquifers are currently over-exploited and
not fully recharged, resulting in a considerable decrease of GWLs (0.01-0.55 m/year) and
groundwater storage over the last 22 years. Significant downward trends were detected in the
deep aquifers, which is the primary source of GW used for drinking water purposes, compared to
weak declining trends in shallow aquifers, which has a higher potential for groundwater recharge
and is much less exploited due to water quality issues. This study leads to the conclusion that the
groundwater abstraction has accelerated the GWL declines. These findings are evidenced by a
stronger declining time-variant trend observed for almost all boreholes in later periods (i.e., after
2007) compared to early periods (i.e., before 2006). While the slight decline of GWLs in the
Holocene aquifer (0.01-0.11 m/year) is likely caused by natural variations and effects (e.g., the
compaction of the delta), the significantly declining GWLs of the Pliocene and Miocene aquifers
(0.25-0.55 m/year) can be attributed to the groundwater over-exploitation particularly around
urban and industrial areas in the VMD.

The groundwater memory varies according to the geographical location, being shorter from
shallow to deep aquifers, and from flood to coastal areas. The memory effects of shallow and deep
groundwater are in the range of 5-17 weeks and 10-33 weeks, respectively. Interpreting longer
memory as higher storage, it can be concluded that the deeper aquifers have a higher storage

capacity than the shallow aquifers.

The moving cross-correlation analysis highlights the highly dynamic interaction between surface
water and groundwater. The response time between the river and alluvial aquifers depends on
groundwater depth, seasonal variability, and location. Shorter response times were detected in
the flood season compared to the dry season. The seasonal variability of response time was
influenced by the flood period and the flood timing. Higher water levels during the flood season
likely transmit the pressure pulse more rapidly and directly. Moreover, the response times of the
deeper and heavily used aquifers are in the range of the duration of the flood season. This finding
is relevant for any estimation of the recharge to the most important aquifer (i.e., the Pliocene
aquifer) of the VMD during the flood season. It essentially means that this aquifer most likely
receives hardly any recharge during shortened flood seasons (like, e.g., during the frequently
occurring El Nifio events).

More generally, our study illustrates the usefulness of time-series techniques to understand the
mechanisms of groundwater recharge, discharge and storage in alluvial settings. The findings on
the variabilities of GWL trends, the memory effect of alluvial aquifers, and the response time
between surface water and groundwater are primarily highlighted for the VMD. The information
is crucial for groundwater resource management in the VMD. Due to its simplicity, the applied
time-series analysis can be easily reproduced to provide insights on groundwater behavior in other
alluvial settings.
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5.1 Main findings

The main objectives of this thesis were to advance existing methodologies for a better
understanding of hydrological processes in the VMD. The assessment was mainly based on
statistical analyses of the isotopic data of GNIP stations (IAEA/WMO, 2016), the meteorological
and hydrological data from Vietnamese agencies, and of the stable water isotopes and monitoring
data collected as part of this work. The component studies, presented as three stand-alone
publications, have together provided insights into the controlling processes of precipitation
(Chapter 2), the mechanism of surface—groundwater interaction (Chapter 3), and the groundwater
dynamics (Chapter 4) in the VMD. The main achievements in relation to the research questions

framed in the beginning are summarized in the following.
1. Where do the moisture sources of precipitation in the VMD origin from?

Backward trajectory computations by the HYSPLIT model (section 2.3.5) provided a rough
indication of potential moisture sources of precipitation (section 2.4.1). The precipitation in the
dry season likely originates from the moisture sources of the Asian continent and the equatorial
easterlies; meanwhile, the precipitation in the rainy season might arises from the moisture
sources of tropical Indian Ocean and the South Pacific Ocean (Figure 2.5 and Figure 2.6). The
analysis of transport durations indicates that the moisture-producing precipitation reaching the
study area likely travels about 4—-6 days from its source, as the best regressions are obtained for
these travel durations (Figure 2.11). For longer travel durations, the moisture can be recycled (e.g.,

precipitated and evaporated again) when the travel time exceeds six days.
2. Which factors control the precipitation isotopes in the VMD?

Simultaneous testing of multi-factor linear regression (section 2.3.6) combined with relative
importance analysis (section 2.3.7) were used to identify factors controlling the precipitation
isotopes as well as their contributions (section 2.4.3 and 2.4.4). The study showed that regional
and local climatic factors vary in importance over the seasons and that the source regions and
transport pathways have a considerable influence on the isotopic composition of rainfall. The
multiple linear regression can better explain the total variation in 6§80 precipitation (up to 80%)
compared to single-factor linear regression (30%) (Figure 2.12). The relative importance analysis
indicated that precipitation isotopes were dominantly controlled by regional moisture regimes
(~ 70 %) compared to local climatic conditions (~ 30 %) (Table 2.4). The most important factor
was the upstream rainfall along the trajectories of air mass movement. It is also suggested that
regional and local climatic factors vary in importance over the seasons (Figure 2.13), and the
source regions and transport pathways have a significant influence on the precipitation isotopes
in the VMD.
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This work also indicated that the variability in the isotopic signature and the developed LMWL (see
section 2.4.2) could be representative of the southern continental part of the Indochinese
Peninsula. The results have direct implications for the interpretation of paleo records of stable
water isotopes in terms of past climate conditions for Southeast Asia. The factors controlling the
isotopic signature of precipitation in tropical areas are changing between and even within seasons,
and regional factors have substantial impacts on the local isotopic composition of rainfall. This

needs to be considered in the reconstruction of past climates based on isotopic records.
3. What are the subsurface flow conditions in riverbank infiltration areas in the VMD?

Two-component LPMs (section 3.3.3) in conjunction with hydrological and isotopic measurements
(section 3.3.1 and 3.3.2) could identify subsurface flow conditions in riverbank infiltration system.
The statistical analysis of best-suited TTDs (section 3.4.4) indicated that the linear piston flow (LPF)
distribution likely represents the subsurface flow conditions in the VMD. Remarkably, the
subsurface flow condition was probably best described with a linear distribution accounting for
the infiltration along the river followed by the hydraulic replacement of groundwater caused by
pressure gradients that adds the piston flow component to the model (see discussion in section
3.5.3). In the hydrogeological setting characterized by a partially confined aquifer that does not
create a phreatic system, the subsurface transport of water can be better described by a linear
distribution rather than by an exponential distribution. It is suggested that the LPF model could

be a reliable method to examine the subsurface flow condition in the riverbank infiltration system.

4. What is the level of infiltration of river water and precipitation to shallow groundwater and
their age variations in riverbank areas in the VMD?

Transit time modelling (section 3.4.3 and section 3.4.5) indicated that the mTTs of riverbank
infiltration increase with the length of the horizontal flow path and the decreasing flow path
gradient between river and groundwater. River water infiltrates horizontally mainly via the highly
permeable aquifer, resulting in short mTTs (<40 weeks) for locations close to the river (<200 m).
For sites farther from the river (>750m), the mTTs of river infiltration cannot be constrained. The
infiltration of precipitation is independent of the distance to the river and takes place vertically
mainly via a low-permeable overlying aquitard, resulting in considerably longer mTTs (>80 weeks).
It is noted that the identified mTTs should be considered partial transit times with preference for

young waters contributing to shallow groundwater in the VMD.

The findings on the spatial variation of mTTs, the different recharge contributions, and the
subsurface flow conditions are useful to develop a conceptual model of surface—groundwater
interaction in riverbank areas (see section 3.5.4). Groundwater resources management needs to
consider the different recharge mechanisms and mTTs (mainly controlled by the distance to the

river), resulting in different management options for other areas in the alluvial delta.
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5. What changes in groundwater levels in the VMD can be detected over the last two
decades? (Chapter 4)

Time-variant trend analysis (section 4.3.4) highlighted both temporal and spatial changes of GWLs
in the VMD (section 4.4.2). Both shallow and deep aquifers exhibited a considerable decrease of
GWLs (0.01-0.55 m/year), as a result of over-exploitation and partial recharge over the last 22
years. Significant declining trends were detected in deeper aquifers (e.g., the Pliocene and
Miocene), while slightly declining trends (0.01-0.11 m/year) are observed in the shallow aquifer
(e.g., the Holocene). The medium depth Pleistocene aquifers showed decreasing trends (0.05-0.41
m/year) in-between the detected trends of the deep and shallow aquifers. The strongest negative
trends were observed mainly in areas around major cities (e.g., Tan An, Cao Lanh, Long Xuyen, Can
Tho, and Ca Mau) (Figure 4.5). Significant downward trends were also detected in deep aquifers,
which is the primary source of GW used for drinking water purposes. Whereas weak declining
trends were observed in shallow aquifers, which is a higher potential of groundwater recharge
and much less exploited due to water quality issues. Detected trends do not only vary depending
on spatial variability but also on the considered time period. For example, the magnitude of the
declining trend for almost all boreholes has been considerably higher since post-2007 (Figure 4.6),
indicating that the recent groundwater abstraction has accelerated the GWL declines in the VMD.
These findings are in line with declining trends in groundwater levels expected in other Asian

mega-deltas influenced by groundwater abstraction and global sea-level rise.

6. What is the length of groundwater memory effect (the time that an aquifer holds water) in
the VMD?

Auto-correlation analysis (section 4.3.5) highlighted a stronger memory effect for deep aquifers
(e.g., Pliocene and Miocene) compared to shallow aquifers (e.g., Holocene and Pleistocene)
(section 4.4.3). Stronger memory effects are also identified for boreholes located in coastal areas
compared to those in flood-prone areas. However, this behaviour is not apparent for Holocene
aquifers. The memory effect of alluvial aquifers varies according to the geographical location
(Figure 4.7), increasing from shallow to deep groundwater and from upstream to downstream. An
explanation for the increasing memory effect can be attributed to the physical properties (e.g.,
hydraulic conductivity and thickness) of the low-permeable aquicludes which act as low-pass
filters in the frequency domain between alluvial aquifers (see discussion in section 4.5.3). The
findings on memory effect can serve as a proxy-information on potential groundwater storage in
the VMD.

7. What is the response of alluvial aquifers to surface water in the VMD?

The sliding window cross-correlation analysis (section 4.3.6) revealed a highly dynamic response
between surface water and alluvial aquifers in the VMD (section 4.4.4). The response time

between the river and alluvial aquifers were mainly controlled by the groundwater depth, season,
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location, and existence of aquicludes. Except for the Holocene aquifer, faster responses were
observed for shallow groundwater compared to deep groundwater and in the flood-prone areas
compared to the coastal regions (Figure 4.8). The seasonal variability of response time was also
influenced by the flood period and the flood timing. Higher water levels during the flood season
likely transmitted the pressure pulse more rapidly and directly. Moreover, the response times of
the deeper and heavily used aquifers were in the range of the duration of the flood season
indicating that these aquifers most likely received hardly any recharge during shortened flood
seasons (like, e.g., during the frequently occurring El Nifio events). These findings provided a
sound basis for any estimation of the seasonal recharge from the surface water to alluvial aquifers
in the VMD.

5.2 Methodological implications

The thesis not only adds to the conceptual understanding of hydrological processes, but it also
contributed to methodologies applicable in alluvial regions in the VMD. Specifically, the

methodological implications of component chapters are highlighted in the following.

Chapter 2 indicated that model-based statistical approaches (e.g., the combination of trajectory
analysis, multi-factor linear regression, and relative importance analysis) could be a powerful tool
to detect the relevant factors controlling the precipitation isotopes as well as their contributions.
The approach is easily reproducible and contains a rigorous quantitative analysis of the interplay
of different driving factors, without the requirement of setting up or in-depth knowledge about
running complex numerical atmospheric circulation models. If applied to seasonal data subsets,
the quantification can be improved, and the seasonal differences in controlling factors and
processes can be identified. The validity of the approach is confirmed by similar, but mainly
gualitative results obtained in other studies. It is argued that the method constitutes an
advancement in the statistical analysis of isotopic records in precipitation that can supplement or
precede more complex studies utilizing atmospheric models. Due to the simplicity, the method
can be easily transferred to investigate factors controlling the isotopic composition of

precipitation at similar tropical and monsoon-region settings.

Chapter 3 suggested a novel concept of two-component LPMs that are solved using 680 records
to investigate the young water transit times and subsurface flow conditions. Based on different
model setups (see section 3.3.8), insights into the model behaviour, parameter identifiability, and
uncertainties can be examined. The concept could be further developed by utilizing two-
component LPMs in conjunction with both stable and environmental isotopes (e.g., 6§*¥0 and
tritium) to investigate the subsurface flow of both younger and older water contributing to a
groundwater system. However, the inevitable errors of two-component LPMs and shortcomings
of isotopic data that could add uncertainties to the transit time analysis should be acknowledged

(see section 3.5.5). Despite these limitations, this work underlines the power of two-component
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LPMs in describing subsurface water movement at locations with different flow-path

configurations and two groundwater recharge sources (e.g., at riverbank infiltration areas).

Chapter 4 illustrated the usefulness of time-series techniques to understand the groundwater
dynamics in alluvial settings. In this work, time series analysis can reveal valuable information
about time-variant trends of GWLs, the memory effect, and the response time of multi-layer
alluvial aquifers. It is noted that the approach is suitable to highlight and visualize the behaviour
of a groundwater system without an explicit analysis of underlying physics and drivers of system
behaviour. Hence, it should be used as a first step towards behaviours of an understudied
groundwater system where data and/or resources (e.g., human or financial) are insufficient to
develop a regular groundwater model. Due to its simplicity, the applied time-series analysis can
be easily reproduced to investigate unstudied behaviours of a groundwater system in other
alluvial settings.

5.3 Limitations and recommendations for future studies

This thesis provides practical methodologies to answer research questions with respect to the
specific hydrological processes (e.g., controls on precipitation, surface-groundwater interaction,
and behaviours of alluvial aquifers) in the VMD. Regarding the validation and reproducibility of
the suggested methods, a number of questions still need to be addressed, in part due to a range
of limitations in the original research design. These limitations are briefly discussed below, and
some recommendations should be considered to expand the implications of suggested methods

to examine hydrological processes in similar settings.

5.3.1 Model-based statistical approaches to reconstruct paleoclimate based on isotopic
records

An intrinsic limitation of the approach is that physical phenomenon (e.g., the moisture sources of
precipitation) that occur in the real world cannot be adequately simulated within a climate model
(here the HYSPLIT model and the underlying climate model). Despite the ongoing improvement,
the HYSPLIT model parameterizations are still far from perfect, and this work cannot cover the
known uncertainties in climate models. For example, the horizontal uncertainty of the trajectory
calculations by HYSPLIT has been estimated to be 10—20 % of the travel distance (Draxler and Hess,
1998). To reduce the uncertainty in the trajectory analysis, grouping trajectories that share some
commonalities in space and time can be applied (Fleming et al., 2012). Considering these
uncertainties, the model-based statistical approaches should be tested in large-scale circulation
studies.

The approach was based on the hypothesis that using multiple factors in a single linear model can
explain a significant share of the observed variance in isotopic composition. A substantial

limitation of this assumption is that climatic factors control the isotopic signal and the relationship
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(e.g., linear regression) should remain valid over the entire proxy record. These assumptions are
rarely fulfilled and often unrealistic because of the changes in seasonality and atmospheric
circulation patterns, hence adding more uncertainties to the simulation of isotopic composition in
precipitation. Findings of the factors controlling precipitation isotopes in this work might thus be
valid for the studied time period only. Future studies should rely on high sampling resolution (e.g.,
daily) and long-term monitoring periods (e.g., more than five years) to improve the model
validation, as well as reduce potentially misleading insights and uncertainties in the reconstruction

of past climates based on isotopic records.

5.3.2 Two-component LPMs in conjunction with stable water isotopes to evaluate the
groundwater transit time

The limitations and broader implications of two-component LPMs in conjunction with stable water
isotopes to evaluate the groundwater transit time were well discussed in section 3.5.5. They are

briefly summarized in the following.

The findings of TTDs and mTTs should be considered as the first step towards an analysis of
nonstationary in surface-groundwater interaction. Future studies should focus mainly on time-
variant transit time to highlight short-term system responses. Moreover, the long sequence and
high resolution of samples should be made to improve the model calibration (Birkel et al., 2010)

and reduce the uncertainties of mTT modelling (Timbe et al., 2015).

Studies relying solely on stable isotopes cannot provide the water ages older than 5 years (Stewart
et al., 2010). Consequently, the identified mTTs should be considered partial transit times with
preference for young waters contributing to a groundwater system. To evaluate contributions of
older water fraction, environmental isotopes (e.g., tritium) can be used (e.g., Stewart et al., 2010;
Morgenstern et al., 2015; Duvert et al., 2016).

The present two-component LPMs based on the same types of TTDs cannot provide an entire
picture of all possible combination of selected TTDs. Future studies should consider the different
mixing kinds of TTDs (e.g., Duvert et al., 2016) to examine other flow-path conditions of subsurface

water in a groundwater system.

The isotopic enrichment due to the evaporation process could introduce uncertainties. With the
available data, the present study cannot analyse the isotopic enrichment of local surface water,
neither independently assess actual contributions of infiltrated water components. This should be

achieved by using another tracer (e.g., Cl) in future studies.

5.3.3 Time series analysis to examine groundwater behaviours in alluvial settings

In this work, the time series analysis is, in principle a black-box model, and can only determine

mathematical relations (correlations) between time series, not causal relationships. Without an
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explicit analysis of the underlying physics or drivers of system behaviour, the approach is more
appropriate to highlight and visualize the behaviour of a groundwater system. Therefore, this
method should be used as the first step to understand the initial unstudied behaviours of alluvial
aquifers. To explain the physical processes of a groundwater system, a physical-based or at least

conceptual groundwater model is required, which is out of the scope of this study.

5.4 Concluding remarks

This thesis indicated that the statistical analyses of stable isotope and monitoring data is a
powerful tool to gain insights in the hydrological processes in the VMD. Based on the application
of model-based statistical approaches, two-component LPMs, and time series analysis, a number
of research questions concerning the controls on precipitation, the surface-groundwater
interaction, and the behaviours of alluvial aquifers can be answered. While the thesis focused on
the studied areas in the VMD, the findings and the suggested methodologies in this work could

apply to other tropical environments worldwide, particularly those experiencing alluvial settings.
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Appendix A

A.1 Sensitivity of LMWL to regression techniques

The sensitivity of the LMWL to different regression techniques was tested applying three methods

of linear regression between 680 and 6%H values:

1) ordinary least squares regression (OLSR),

2) reduced major axis (RMA) regression,

3) precipitation amount weighted least squares regression (PWLSR).

OLSR and RMA give equal weight to all data points regardless of their precipitation amount, while
PWLSR minimizes the effect of smaller precipitation amounts (Hughes and Crawford, 2012), which
are more likely to have a lower d-excess due to re-evaporation of raindrops below the cloud base
(Jacob and Sonntag, 1991), or biases in the sampling method (Froehlich, 2001). OLSR tends to be
more useful when investigating the interaction between hydro-climatic processes and stable
isotope signatures in precipitation, whereas PWLSR is adequate in studying surface and
groundwater hydrology (Hughes and Crawford, 2012). For a more detailed discussion, the reader
is referred to IAEA (1992); Hughes and Crawford (2012); Crawford et al. (2014).

The quality of fit of the three LMW.Ls resulting from OLSR, RMA, and PWLSR was evaluated based
on the coefficient of determination R?, also referred to as explained variance, the standard error
SE and the statistical significance value (p-value). The regression model indicates a good fit to the
data when RZis close to 1.0, the standard error is small in relation to the magnitude of the data,
and the p-value is smaller than 0.0001 (Helsel and Hirsch, 2002).

The resulting regressions are:

1) Ordinary least squares regression (OLSR):

82H = (7.56 £0.11)* 680 + (7.26 +0.67)

(SE=2.26; r?=0.99; p < 0.0001; n = 74),

2) Reduced major axis regression (RMA):

82H = (7.61 £0.11)* 680 + (7.58 +0.68)

(SE=2.27;r>=0.99; p < 0.0001; n = 74),

3) Precipitation amount weighted least squares regression (PWLSR):
82H = (7.61 £0.11)* 680 + (7.87 +0.73)

(SE =2.29; r2=0.99; p < 0.0001; n = 74).
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A.2 Multiple linear regression analysis of 6°H
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Figure A1: MLR with response variable 6H and relative importance analysis applied for all possible
subsets. The 127 MLR models are sorted according to their R? values in ascendant order. Colors
represent the relative contribution (in %) of the predictors. The sum ratio line separates the role
of local (in red and orange) and regional (in blue) factors. PRESS and adjusted R? values indicate
the quality of the MLR model. The best MLR model depicted by the lowest PRESS (model 124,

highlighted by the cyan dot) explains 79% of the §2H variation (R = 0.79).
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(a)
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Figure A2: MLR with response variable 6%H and relative importance analysis applied for all possible
subsets (127 MLR models) for different seasons: a) early monsoon from June to September, b) late

monsoon from October to mid-November, and c) the dry season from mid-November to mid-June.
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A.3 Multiple linear regression analysis of d-excess

Multiple Linear Regression (MLR) models with response variable d-excess
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Figure A3: MLR with response variable d-excess and relative importance analysis applied for all
possible subsets. The 127 MLR models are sorted according to their R values in ascendant order.
Colors represent the relative contribution (in %) of the predictors. The sum ratio line separates
the role of local (in red and orange) and regional (in blue) factors. PRESS and adjusted R? values
indicate the quality of the MLR model. The best MLR model depicted by the lowest PRESS (model
124, highlighted by the cyan dot) explains 30% of the d-excess variation (R? = 0.3).
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Figure A4: MLR with response variable d-excess and relative importance analysis applied for all
possible subsets (127 MLR models) for different seasons: a) early monsoon from June to

September, b) late monsoon from October to mid-November, and c) the dry season from mid-

November to mid-June.
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Supplement to chapter 3

This is part of the publication:
Le Duy, N., Dung, N. V., Heidblichel, I., Meyer, H., Weiler, M., Merz, B., & Apel, H. (2019). Identification
of groundwater mean transit times of precipitation and riverbank infiltration by two-component lumped

parameter models. Hydrological Processes, 33(24), 3098-3118.

B.1 Sensitivity of the efficiency of two-component lumped parameter models to isotopic
correction values

B.2 Sensitivity of the parameter identifiability of two-component LPMs to the isotopic correction
values

B.3 Dotty plots of likelihood measures against fitted parameters tested with six different TTDs
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B.1 Sensitivity of the efficiency of two-component lumped parameter models to
isotopic correction values
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Figure B1: Sensitivity of the efficiency of two-component lumped parameter models to isotopic
correction values (A¥®) measured by KGE statistic. The green reference line indicates the isotopic
difference (Af) between the arithmetic mean value of the pond water and the weighted mean
value of precipitation. A'®-best corresponds to the best-possible model performance and

reasonable parameter identifiability.
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Figure B2: Sensitivity of the efficiency of two-component lumped parameter models to isotopic
correction values (A¥®") measured by RMSE statistic. The green reference line indicates the isotopic
difference (A™) between the arithmetic mean value of the pond water and the weighted mean
value of precipitation. AY@-Pet corresponds to the best-possible model performance and

reasonable parameter identifiability.
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B.2 Sensitivity of the parameter identifiability of two-component LPMs to the
isotopic correction values
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Figure B3: Sensitivity of the parameter identifiability of the exponential model to the correction
values (Av®) for all tested wells. The box plots indicate the 90% confidence intervals of fitting

parameters given by the generalized likelihood.
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Figure B4: Sensitivity of the parameter identifiability of the linear model to the correction values

(Aver) for all tested wells. The box plots indicate the 90% confidence intervals of fitting parameters

given by the generalized likelihood.
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Figure B5: Sensitivity of the parameter identifiability of the exponential-piston flow model to the

fitting parameters given by the generalized likelihood.
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Figure B6: Sensitivity of the parameter identifiability of the advection-dispersion model to the

fitting parameters given by the generalized likelihood.
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B.3 Dotty plots of likelihood measures against fitted parameters tested with six
different TTDs
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Figure B8: Dotty plots of likelihood measures against fitted parameters from 106 Monte Carlo
simulations tested with six different TTDs for Well A. The results correspond to Test 1 in Figure 3.6
and Figure 3.7. Shown from top to bottom are the exponential, linear, exponential-piston flow,
linear-piston flow, advection-dispersion, and gamma distributions. Magenta lines indicate the
thresholds of 5% of the best predictions. p is the fraction of recharge from river (or precipitation)
infiltration; tm is the tracer’s mTT; n is a parameter indicating the ratio of total volume/volume
with exponential (or linear) TTD; Dp is the dispersion parameter; a is the shape parameter. The

superscripts R and P indicate infiltration from river water and precipitation, respectively.
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Figure B9: Dotty plots of likelihood measures against fitted parameters from 10® Monte Carlo

simulations tested with six different TTDs for Well B. The results correspond to Test 1 in Figure 3.6

and Figure 3.7. Shown from top to bottom are the exponential, linear, exponential-piston flow,

linear-piston flow, advection-dispersion, and gamma distributions. Magenta lines indicate the

thresholds of 5% of the best predictions. p is the fraction of recharge from river (or precipitation)

infiltration; tm is the tracer’s mTT; n is a parameter indicating the ratio of total volume/volume

with exponential (or linear) TTD; Dp is the dispersion parameter; a is the shape parameter. The

superscripts R and P indicate infiltration from river water and precipitation, respectively.
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Figure B10: Dotty plots of likelihood measures against fitted parameters from 10® Monte Carlo
simulations tested with six different TTDs for Well C. The results correspond to Test 1 in Figure 3.6

and Figure 3.7. Shown from top to bottom are the exponential, linear, exponential-piston flow,

linear-piston flow, advection-dispersion, and gamma distributions. Magenta lines indicate the

thresholds of 5% of the best predictions. p is the fraction of recharge from river (or precipitation)

infiltration; tm is the tracer’s mTT; n is a parameter indicating the ratio of total volume/volume

with exponential (or linear) TTD; Dp is the dispersion parameter; a is the shape parameter. The

superscripts R and P indicate infiltration from river water and precipitation, respectively.
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Figure B11: Dotty plots of likelihood measures against fitted parameters from 10® Monte Carlo
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Figure B12: Dotty plots of likelihood measures against fitted parameters from 10® Monte Carlo
simulations tested with six different TTDs for Well B. The results were corresponding to Test 2
with fixed p. Shown from top to bottom are the exponential, linear, exponential-piston flow,
linear-piston flow, advection-dispersion, and gamma distributions. Magenta lines indicate the
thresholds of 5% of the best predictions. tm is the tracer’s mTT; n is a parameter indicating the
ratio of total volume/volume with exponential (or linear) TTD; Dp is the dispersion parameter; a is
the shape parameter. The superscripts R and P indicate infiltration from river water and

precipitation, respectively.
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Figure B13: Dotty plots of likelihood measures against fitted parameters from 10® Monte Carlo

simulations tested with six different TTDs for Well A. The results were corresponding to Test 2

with fixed p. Shown from top to bottom are the exponential, linear, exponential-piston flow,

linear-piston flow, advection-dispersion, and gamma distributions. Magenta lines indicate the

thresholds of 5% of the best predictions. tm is the tracer’s mTT; n is a parameter indicating the

ratio of total volume/volume with exponential (or linear) TTD; Dp is the dispersion parameter; a is

the shape parameter. The superscripts R and P indicate infiltration from river water and

precipitation, respectively.
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C.1 Information about 88 monitoring boreholes in the VMD

Table C.1 Information about 88 monitoring boreholes in the VMD

Monitoring

No Corehole Aquifer Province Coodinate period Depth (m)
name

Lat. Lon. Elev. from to from to
1 Q017050 Miocene Hau Giang 9.93 105.72 1.73 1996 2017 393 468
2 Q021050 Miocene Tra Vinh 9.81 106.19 1.82 1996 2014 430 476.5
3 Q022010 Holocene Long An 10.66  106.17 2.50 1996 2017 5 14
4 Q022027 Upper Pleistocene Long An 10.66  106.17 248 1996 2017 31 55.2
5 Q02202ZM1  Middle Pleistocene Long An 10.66  106.17 2.72 1996 2017 61.5 91.5
6  Q02204T Lower Pleistocene Long An 10.66  106.17 2.61 1996 2017 136.9 178
7 Q02204z Middle Pliocene Long An 10.66  106.17 2.78 1996 2017 191 246
8 Q022050 Lower Pliocene Long An 10.66  106.17 2.87 2003 2017 266 287.8
9 Q02702z Middle Pleistocene Long An 10.89  105.78 3.60 1996 2010 32 63
10 Q027030 Lower Pleistocene Long An 10.89 105.78 3.65 1996 2017 79 121
11 Q027041 Middle Pliocene Long An 10.89 105.78 3.71 1996 2017 153 195
12 Q02704z Lower Pliocene Long An 10.89  105.78 3.66 1996 2017 207 266
13 Q027050M1 Miocene Long An 10.89  105.78 3.71 1996 2017 275 320
14 Q031010 Holocene Dong Thap 10.62  105.41 445 1996 2017 5 31
15 Q031020 Upper Pleistocene Dong Thap 10.62  105.41 3.93 1996 2017 46 88.5
16 Q031030 Lower Pleistocene Dong Thap 10.62 105.41 3.92 1996 2017 134 171.5
17 Q031040 Lower Pliocene Dong Thap 10.62  105.41 4.01 1996 2017 243 285
18 QO07701A Holocene Tra Vinh 9.67 106.51 1.83 1996 2017 0 15
19 Q104020 Middle Pleistocene Kien Giang 10.29  104.70 1.77 1996 2017 35 58
20 Q104030 Lower Pleistocene Kien Giang 10.29 104.70 1.77 1996 2017 58 70
21 Q17701T Holocene Ca Mau 9.19 105.15 1.11 1996 2017 1.2 30.5
22 Ql7704TM1  Middle Pliocene Ca Mau 9.19 105.15 1.11 1996 2017 191 231
23 Q199010 Holocene Ca Mau 8.76 105.00 1.12 1996 2017 0 40
24 Q199020 Middle Pleistocene Ca Mau 8.76 105.00 1.12 1996 2013 115 145.9
25 Q199041 Middle Pliocene Ca Mau 8.76 105.00 1.12 1996 2013 224 240
26 Q19904ZM1  Lower Pliocene Ca Mau 8.76 105.00 1.12 1996 2017 2945 3245
27 Q203010M1 Holocene An Giang 10.74  105.17 5.06 1996 2017 3.5 38
28 Q20302ZM1  Upper Pleistocene An Giang 10.74 105.17 5.06 1996 2017 45 75
29 Q203040M1 Middle Pleistocene An Giang 10.74  105.17 5.07 1996 2017 77 102
30 Q204010 Holocene An Giang 1046  105.29 344 1996 2017 23.5 32.8
31 Q2040217 Upper Pleistocene An Giang 10.46 105.29 3.40 1998 2017 42 49
32 Q20402z Middle Pleistocene An Giang 10.46 105.29 3.44 1998 2017 76.2 130
33 Q204040 Lower Pleistocene An Giang 1046  105.29 3.47 1996 2017 162 182
34 Q206010M1 Holocene Dong Thap 10.28 105.65 2.54 1996 2017 0 40
35 Q206020M1  Middle Pleistocene Dong Thap 10.28 105.65 2.53 1996 2017 111 140
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Borehole ) Coodinate Morntormg Depth (m)
No Aquifer Province period

name

Lat. Lon. Elev. from to from to

36 Q206030M1 Middle Pliocene Dong Thap 10.28  105.65 247 1996 2017 192 2715
37 Q209010 Holocene Vinh Long 10.07 105.80 2.56 1996 2017 1 71
38 Q209020 Upper Pleistocene Vinh Long 10.07 105.80 2.37 1996 2017 88.7 132.5
39 Q209030 Middle Pleistocene Vinh Long 10.07 105.80 2.32 1996 2017 142 207
40 Q209041 Lower Pliocene Vinh Long 10.07 105.80 2.44 1996 2017 285 328.2
41 Q20904Z Miocene Vinh Long 10.07 105.80 219 1996 2009 355 400
42 Q211020 Middle Pleistocene Hau Giang 9.68 105.57 1.75 1996 2017 52 96.7
43 Q211030 Lower Pleistocene Hau Giang 9.68 105.57 1.76 1996 2017 96.7 193.5
44 Q211041 Middle Pliocene Hau Giang 9.68 105.57 1.77 1996 2017 198.5 238
45 Q21104ZM1  Lower Pliocene Hau Giang 9.68 105.57 1.78 1996 2010 284 345
46 Q214010M1  Holocene Vinh Long 10.11 106.07 1.63 1996 2010 0 36.2
47 Q21402TM1  Middle Pleistocene Vinh Long 10.11 106.07 1.66 1996 2010 73 119.6
48 Q21402ZM1 Lower Pleistocene Vinh Long 10.11 106.07 1.64 1998 2010 122.3 167
49 Q214030M1  Middle Pliocene Vinh Long 10.11 106.07 1.65 1996 2010 215 281
50 Q214040M1 Lower Pliocene Vinh Long 10.11 106.07 1.66 1996 2010 306 367
51 Q214050M1 Miocene Vinh Long 10.11 106.07 1.67 1996 2010 393 470.5
52 Q217010 Holocene Tra Vinh 9.63 106.49 1.85 1996 2017 0 26
53 Q217020 Middle Pleistocene Tra Vinh 9.63 106.49 1.86 1996 2017 100 152
54 Q217030 Middle Pliocene Tra Vinh 9.63 106.49 1.87 1996 2017 2295 313
55 Q217040 Lower Pliocene Tra Vinh 9.63 106.49 1.88 1996 2017 322 381
56 Q219010 Holocene Ben Tre 10.05 106.60 1.68 1996 2017 0 22
57 Q219020M1 Upper Pleistocene Ben Tre 10.05 106.60 1.69 1996 2017 41 98
58 Q219030 Lower Pleistocene Ben Tre 10.05 106.60 1.70 1996 2017 148 219
59 Q219040 Lower Pliocene Ben Tre 10.05 106.60 1.71 1996 2013 290 330
60 Q219050 Miocene Ben Tre 10.05 106.60 1.72 1996 2017 407 500.2
61 Q326010 Holocene Long An 10.49 106.53 1.40 1996 2017 24 49
62 Q326020M1 Middle Pleistocene Long An 10.49 106.53 1.55 1996 2017 86 101
63 Q326030M1 Lower Pleistocene Long An 10.49 106.53 1.55 1996 2017 130 159
64 Q32604TM1 Middle Pliocene Long An 10.49 106.53 1.54 1996 2017 168 204
65 Q32604Z Lower Pliocene Long An 10.49 106.53 1.42 1996 2017 250 306
66 Q40101T Holocene Kien Giang 9.90 105.16 1.20 2000 2017 0 11
67 Q40102Z Middle Pleistocene Kien Giang 9.90 105.16 1.18 2000 2010 54 90
68 Q401030 Lower Pleistocene Kien Giang 9.90 105.16 1.18 2000 2010 104 164
69 Q40104T Middle Pliocene Kien Giang 9.90 105.16 1.18 2000 2010 197 210
70 Q40104z Lower Pliocene Kien Giang 9.90 105.16 1.18 2000 2010 218 282
71 Q402020M1  Upper Pleistocene Can Tho 10.19 105.35 1.79 2000 2010 33 48
72 Q402040M1 Miocene Can Tho 10.19 105.35 1.80 2000 2010 317 350
73 Q403020 Middle Pleistocene Can Tho 10.17 105.41 1.81 2000 2010 53 138.5
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Borehole ) Coodinate Mo.nltormg Depth (m)
No Aquifer Province period

name

Lat. Lon. Elev. from to from to

74 Q404020 Upper Pleistocene Tra Vinh 9.74 106.26 1.89 2000 2010 56 128
75 Q40403T Middle Pleistocene Tra Vinh 9.74 106.26 1.90 2000 2010 128 174
76 Q40403Z Middle Pliocene Tra Vinh 9.74 106.26 1.91 2000 2010 237 285
77 Q40404TM1  Lower Pliocene Tra Vinh 9.74 106.26 1.92 2000 2010 306 377
78 Q405050M1 Lower Pliocene Tra Vinh 9.63 106.30 1.94 2000 2010 372 492
79 Q406040 Middle Pliocene Tra Vinh 9.77 106.44 1.95 2000 2010 244 294.9
80 Q408020 Upper Pleistocene An Giang 10.35 105.47 2.49 2000 2017 29 42.5
81 Q597020M1  Upper Pleistocene Bac Lieu 9.30 105.72 1.11 1996 2017 36 56
82 Q597030M1  Middle Pleistocene Bac Lieu 9.30 105.72 1.11 1996 2017 71 138
83 Q59704TM1  Lower Pliocene Bac Lieu 9.30 105.72 1.11 1996 2010 268 335
84 Q59704ZM1  Miocene Bac Lieu 9.30 105.72 1.11 1996 2010 340 355
85 (Q59801T Holocene Soc Trang 9.58 105.97 1.99 1996 2017 0 26
86 Q598020M1  Middle Pleistocene Soc Trang 9.58 105.97 1.10 1996 2010 62 105
87 Q598030 Lower Pleistocene Soc Trang 9.58 105.97 1.10 1996 2017 105 157.5
88 Q59804T Middle Pliocene Soc Trang 9.58 105.97 1.10 1996 2016 160.5 307.5
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C.2 Results of memory effect, trend analysis, and response time of alluvial aquifers
in the VMD

Table C.2 Results of memory effect, declining trend (reported by Sen's Slope)

Memorry effect Sen's Slope
No Borehole name Aquifer
Ko (week) Logarit (m/year)

1 Q017050 Miocene 16.77 -0.25 -0.41
2 Q021050 Miocene 18.28 -0.41 -0.33
3 Q022010 Holocene 8.53 -0.18 -0.08
4 Q022027 Upper Pleistocene 8.86 -0.18 -0.13
5 Q02202zM1 Middle Pleistocene 11.98 -0.25 -0.14
6 Q022047 Lower Pleistocene 9.01 -0.23 -0.15
7 Q022042 Middle Pliocene 14.77 -0.27 -0.41
8 Q022050 Lower Pliocene 13.69 -0.27 -0.51
9 Q027022 Middle Pleistocene 12.91 -0.26 -0.10
10 Q027030 Lower Pleistocene 10.03 -0.23 -0.13
11 Q0270471 Middle Pliocene 11.86 -0.26 -0.28
12 Q027042 Lower Pliocene 12.69 -0.27 -0.35
13 Q027050M1 Miocene 14.40 -0.33 -0.34
14 Q031010 Holocene 13.63 -0.27 -0.02
15 Q031020 Upper Pleistocene 12.78 -0.28 -0.09
16 Q031030 Lower Pleistocene 12.71 -0.27 -0.05
17 Q031040 Lower Pliocene 10.12 -0.22 -0.36
18 Q07701A Holocene 16.27 -0.31 -0.02
19 Q104020 Middle Pleistocene 13.18 -0.26 -0.12
20 Q104030 Lower Pleistocene 11.69 -0.24 -0.09
21 Q177017 Holocene 15.76 -0.29 -0.01
22 Q17704TM1 Middle Pliocene 17.31 -0.36 -0.48
23 Q199010 Holocene 10.35 -0.20 -0.01
24 Q199020 Middle Pleistocene 17.63 -0.35 -0.39
25 Q199041 Middle Pliocene 12.54 -0.23 -0.48
26 Q19904zM1 Lower Pliocene 18.45 -0.33 -0.34
27 Q203010M1 Holocene 11.65 -0.24 -0.06
28 Q20302zM1 Upper Pleistocene 12.83 -0.28 -0.04
29 Q203040M1 Middle Pleistocene 12.90 -0.26 -0.07
30 Q204010 Holocene 12.02 -0.27 -0.06
31 Q204027 Upper Pleistocene 10.77 -0.22 -0.04
32 Q204022 Middle Pleistocene 11.47 -0.23 -0.07
33 Q204040 Lower Pleistocene 12.04 -0.24 -0.06
34 Q206010M1 Holocene 11.06 -0.25 -0.01
35 Q206020M1 Middle Pleistocene 15.17 -0.32 -0.13
36 Q206030M1 Middle Pliocene 24.50 -0.40 -0.53
37 Q209010 Holocene 13.52 -0.27 -0.01
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Memorry effect Sen's Slope
No Borehole name Aquifer
Ko (week) Logarit (m/year)

38 Q209020 Upper Pleistocene 10.14 -0.17 -0.23
39 Q209030 Middle Pleistocene 17.80 -0.32 -0.27
40 Q209041 Lower Pliocene 24.69 -0.36 -0.46
41 Q209042 Miocene 24.71 -0.39 -0.31
42 Q211020 Middle Pleistocene 25.23 -0.42 -0.32
43 Q211030 Lower Pleistocene 22.21 -0.40 -0.33
44 Q211047 Middle Pliocene 19.51 -0.33 -0.35
45 Q21104zM1 Lower Pliocene 19.89 -0.33 -0.33
46 Q214010M1 Holocene 10.96 -0.21 -0.05
47 Q21402TM1 Middle Pleistocene 17.94 -0.32 -0.21
48 Q21402ZM1 Lower Pleistocene 17.54 -0.31 -0.23
49 Q214030M1 Middle Pliocene 26.24 -0.46 -0.30
50 Q214040M1 Lower Pliocene 25.73 -0.43 -0.37
51 Q214050M1 Miocene 32.22 -0.50 -0.38
52 Q217010 Holocene 11.67 -0.23 -0.03
53 Q217020 Middle Pleistocene 11.86 -0.21 -0.30
54 Q217030 Middle Pliocene 11.74 -0.22 -0.29
55 Q217040 Lower Pliocene 12.26 -0.23 -0.29
56 Q219010 Holocene 10.32 -0.22 -0.01
57 Q219020M1 Upper Pleistocene 16.08 -0.32 -0.23
58 Q219030 Lower Pleistocene 18.05 -0.37 -0.24
59 Q219040 Lower Pliocene 17.19 -0.33 -0.25
60 Q219050 Miocene 19.10 -0.39 -0.30
61 Q326010 Holocene 8.40 -0.18 -0.01
62 Q326020M1 Middle Pleistocene 18.08 -0.35 -0.32
63 Q326030M1 Lower Pleistocene 15.42 -0.31 -0.41
64 Q32604TM1 Middle Pliocene 17.20 -0.34 -0.46
65 Q326042 Lower Pliocene 20.97 -0.39 -0.54
66 Q401017 Holocene 9.36 -0.19 0.00
67 Q401022 Middle Pleistocene 15.28 -0.29 -0.34
68 Q401030 Lower Pleistocene 15.57 -0.30 -0.34
69 Q401047 Middle Pliocene 18.12 -0.32 -0.32
70 Q40104z Lower Pliocene 14.18 -0.32 -0.31
71 Q402020M1 Upper Pleistocene 10.52 -0.21 -0.26
72 Q402040M1 Miocene 12.50 -0.27 -0.33
73 Q403020 Middle Pleistocene 10.94 -0.20 -0.28
74 Q404020 Upper Pleistocene 15.98 -0.31 -0.36
75 Q404031 Middle Pleistocene 17.24 -0.34 -0.36
76 Q404032 Middle Pliocene 17.89 -0.35 -0.40
77 Q40404TM1 Lower Pliocene 13.94 -0.28 -0.27
78 Q405050M1 Lower Pliocene 23.04 -0.39 -0.30
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Memorry effect Sen's Slope
No Borehole name Aquifer
Ko (week) Logarit (m/year)
79 Q406040 Middle Pliocene 13.98 -0.30 -0.42
80 Q408020 Upper Pleistocene 12.69 -0.23 -0.10
81 Q597020M1 Upper Pleistocene 13.96 -0.30 -0.29
82 Q597030M1 Middle Pleistocene 13.13 -0.27 -0.30
83 Q59704TM1 Lower Pliocene 18.01 -0.41 -0.43
84 Q59704zZM1 Miocene 23.88 -0.47 -0.30
85 Q59801T Holocene 13.02 -0.24 -0.04
86 Q598020M1 Middle Pleistocene 16.32 -0.38 -0.29
87 Q598030 Lower Pleistocene 13.51 -0.29 -0.24
88 Q598041 Middle Pliocene 15.05 -0.27 -0.29
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Table C.3 Results of response time of alluvial aquifers in the VMD

N Borehole Monthly response time (week)

° name Jan Feb Mar  Apr May  Jun Jul Aug Sep Oct Nov  Dec
1 Q017050 15.78 17.80 21.11 23.30 23.51 23.54 2354 23.12 20.83 17.61 14.28 13.69
2 Q021050 6.35 5.12 4.43 5.58 7.11 7.15 6.65 6.35 5.91 5.87 6.00 6.33
3 Q022010 6.98 5.98 6.00 7.22 8.17 7.96 7.37 7.00 6.63 6.39 6.63 6.93
4 Q022027 8.50 7.65 7.57 8.78 9.72 9.61 9.26 8.80 8.09 8.04 8.09 8.53
5 Q02202zM1 9.07 8.05 8.11 9.07 10.38 10.20 9.35 9.07 8.65 8.57 8.76 8.98
6 Q022041 10.04 10.33 13.13 13.84 1421 1265 11.11 10.04 8.54 8.72 8.80 9.60
7 Q022042 10.84 12.10 1490 16.69 16.42 16.00 13.40 10.83 09.00 8.97 9.03 9.90
8 Q022050 5.97 4.90 4.70 5.63 7.19 6.71 6.39 6.07 5.77 5.70 6.09 6.26
9 Q027022 7.54 6.51 6.57 7.09 8.26 8.09 7.72 7.67 7.20 7.17 7.39 7.58
10 Q027030 8.93 7.85 7.84 8.41 9.40 9.09 8.73 8.45 7.82 7.68 8.20 8.55
11 Q0270471 9.50 8.72 9.74 10.71 10.87 10.11 9.41 9.11 8.52 8.50 8.61 9.09
12 Q02704z 10.41 9.81 10.53 11.84 12.64 11.63 1096 10.63 9.59 9.65 9.96 10.18
13 Q027050M1 2.04 2.00 2.00 2.02 2.15 2.09 2.05 2.02 2.00 2.02 2.07 2.12
14 Q031010 3.52 3.07 3.04 3.33 3.91 3.87 3.50 3.30 3.22 3.20 3.41 3.98
15 Q031020 5.65 5.07 5.04 5.31 5.98 6.07 5.52 5.37 5.24 5.24 5.52 5.89
16 Q031030 8.37 8.07 8.79 9.80 10.19 9.02 8.50 7.43 7.24 7.28 7.59 8.18
17 Q031040 3.02 2.51 2.43 2.69 3.23 3.40 3.20 3.00 2.70 2.77 3.36 3.36
18 Q07701A 8.54 7.19 7.11 8.73 9.45 9.04 8.28 7.80 7.30 7.63 7.96 8.31
19 Q104020 9.74 8.30 8.17 10.13 10.55 10.09 9.78 9.20 8.67 9.04 9.24 9.76
20 Q104030 2.60 2.54 2.51 2.49 2.55 2.63 2.67 2.62 2.62 2.83 2.76 2.53
21 Q177017 1193 12.54 1411 15,59 15.79 14.84 1355 12.68 10.80 9.86 10.30 10.95
22 Q17704TM1 3.65 3.09 2.81 3.13 3.66 3.67 3.28 3.13 3.07 3.63 3.83 3.89
23 Q199010 7.87 7.66 8.63 10.67 10.53 9.71 9.16 7.17 6.57 6.87 6.41 7.10
24 Q199020 11.13 1232 16.06 17.78 18.26 17.85 16.27 1241 11.28 10.55 11.18 10.97
25 Q199041 14.89 16.98 20.06 21.80 21.66 21.11 2130 21.07 1839 1474 1398 13.71
26 Q19904zM1 4.24 3.65 3.23 3.71 4.64 4.54 4.02 3.76 3.76 4.02 4.22 4.47
27 Q203010M1 3.98 3.23 3.26 3.71 4.26 4.22 3.70 3.43 3.46 3.46 3.78 4.13
28 Q20302zM1 4.89 4.19 411 4.60 5.28 5.30 4.80 4.41 4.35 4.50 4.80 5.24
29 Q203040M1 4.24 2.95 2.72 3.33 4.64 4.67 4.24 3.87 3.61 3.50 3.83 431
30 Q204010 5.07 4.00 4.05 4.49 5.74 5.86 5.19 4.79 4.64 4.67 5.00 5.37
31 Q204027 6.09 5.05 4.68 5.49 6.64 6.67 6.12 5.72 5.38 5.40 5.80 6.42
32 Q204022 7.28 6.09 6.17 6.69 7.72 7.63 7.39 7.13 6.80 6.52 6.98 7.47
33 Q204040 2.30 2.09 2.13 2.13 2.34 2.33 2.13 2.11 2.04 2.30 2.57 2.69
34 Q206010M1 8.78 8.02 8.70 9.18 9.51 9.24 8.85 8.09 7.37 7.22 7.89 8.60
35 Q206020M1 10.09 11.72 15.15 1738 1864 17.61 17.13 1446 12.17 11.76 11.54 9.24
36 Q206030M1 4.70 3.67 2.83 3.04 4.62 491 4.17 3.78 3.63 4.22 4.87 5.07
37 Q209010 7.37 7.33 8.55 10.22 10.51 9.57 8.17 7.02 6.59 6.15 6.24 6.71
38 Q209020 7.80 8.91 10.62 11.76 11.60 11.28 10.00 9.48 7.15 6.91 6.85 7.60
39 Q209030 11.30 14.44 18.28 20.53 20.94 20.09 2043 1948 1750 17.04 1420 10.89
40 Q209041 12.85 14.88 17.50 19.15 19.31 17.81 17.59 16.69 13.23 11.77 11.65 13.07
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N Borehole Monthly response time (week)

° name Jan Feb Mar  Apr May  Jun Jul Aug Sep Oct Nov Dec
41 Q2090472 7.13 7.59 9.47 11.23 11.44 9.71 8.48 7.73 7.13 7.07 6.91 6.35
42 Q211020 9.03 9.93 12.10 13.97 14.28 1294 11.74 10.57 10.30 9.47 7.78 7.48
43 Q211030 10.53 12.10 15.63 18.67 18.88 16.94 15.77 13.23 10.57 10.00 941 10.10
44 Q211047 12.43 13.21 16.53 1863 17.84 16.19 16.52 16.87 16.80 16.77 13.50 12.65
45 Q21104zM1 3.20 2.83 2.63 2.93 3.16 3.42 3.00 2.80 2.53 2.73 3.13 3.58
46 Q214010M1 10.13 11.66 14.17 1593 16.53 14.81 1439 1280 1250 11.03 10.22 9.87
47 Q21402TM1 10.79 12.00 1438 16.88 18.33 1843 17.36 12.45 948 8.71 9.96 10.64
48 Q21402zM1 11.90 1397 16.03 19.00 19.97 1848 17.19 13.20 10.73 9.43 10.19 10.26
49 Q214030M1 11.93 1490 18.00 21.00 21.31 1997 19.68 18.03 1393 1290 1238 11.81
50 Q214040M1 1340 16.41 19.30 21.43 21.47 20.19 20.87 21.00 19.27 17.47 14.28 12.68
51 Q214050M1 2.20 2.16 2.15 2.21 2.23 2.22 2.13 2.13 2.11 2.13 2.26 2.21
52 Q217010 9.74 8.70 8.36 8.18 9.15 9.65 8.67 7.54 7.35 8.46 9.07 9.67
53 Q217020 11.70 10.81 1096 11.04 1198 1196 10.96 9.63 9.52 10.59 11.24 11.60
54 Q217030 12,98 12.16 11.53 1191 12.64 1285 1198 10.65 10.54 1141 1196 12.56
55 Q217040 241 2.16 2.11 2.20 2.47 2.54 2.50 2.33 2.26 2.43 2.50 2.56
56 Q219010 11.17 12.60 14.66 16.33 16.00 15.87 14.72 13.13 10.63 941 9.57 10.38
57 Q219020M1 1422 1581 17.34 1798 1796 17.33 16.50 15.80 14.85 13.20 13.07 13.11
58 Q219030 13.08 13.69 16.16 17.43 1790 1589 13.76 11.67 10.86 10.55 11.05 11.86
59 Q219040 17.57 18.80 21.07 22.00 22.04 21.68 20.60 20.10 18.67 17.70 16.45 16.71
60 Q219050 2.54 2.51 2.45 2.40 2.64 2.76 2.48 2.13 2.11 2.41 3.04 2.82
61 Q326010 11.17 12.19 1398 14.80 15.13 1461 1335 11.22 9.02 9.09 10.72 10.51
62 Q326020M1 12.30 13.28 1540 16.27 16.66 15.78 13.48 11.22 10.50 10.74 10.85 11.40
63 Q326030M1 12.11 13,58 16.15 17.64 18.11 1757 15.13 1198 10.09 10.59 1143 11.44
64 Q32604TM1 12.54 14.02 1594 18.18 1849 17.65 15.07 13.52 1287 1198 12.61 11.67
65 Q326042 2.73 2.71 2.72 2.73 2.82 2.84 2.89 2.89 291 3.05 3.08 2.82
66 Q40101T 7.33 7.10 7.82 8.91 9.32 7.74 6.32 4.95 4.29 4.43 5.38 7.04
67 Q401022 8.43 8.40 9.14 10.23 10.41 8.83 7.18 6.05 5.33 5.61 6.43 8.04
68 Q401030 11.57 12,50 15.14 17.32 18.68 17.43 14.00 9.59 8.24 8.09 8.86 10.39
69 Q401041 10.57 1290 1791 21.68 21.77 21.71 21.79 21.60 20.43 20.65 19.86 12.87
70 Q40104z 4.57 3.65 3.82 5.23 5.82 5.09 4.27 3.73 3.67 3.65 3.86 4.65
71 Q402020M1 9.29 8.90 8.64 10.82 10.86 9.70 9.27 8.95 9.00 9.13 9.14 9.52
72 Q402040M1 5.38 4.55 5.41 6.82 6.59 5.87 5.09 4.64 4.48 4.57 4.67 5.39
73 Q403020 8.43 9.05 9.36 9.95 1091 11.00 8.18 5.82 5.05 5.57 6.71 7.83
74 Q404020 9.38 10.15 10.18 11.00 1191 11.52 9.36 7.00 6.24 6.70 7.86 8.96
75 Q40403T 11.33 12.25 13.00 14.18 1468 15.04 1436 10.18 09.52 9.70 9.90 10.30
76 Q404032 15.14 1570 16.41 16.77 17.55 17.26 17.09 15.18 11.95 12.52 12.81 14.26
77 Q40404TM1 1438 1435 15.68 16.59 17.00 16.35 16.41 1455 13.14 13.17 13.86 14.39
78 Q405050M1 9.14 8.65 8.50 8.91 10.14 10.52 10.11 8.25 8.05 8.77 10.10 9.96
79 Q406040 4.32 3.21 3.08 3.54 4.92 4.95 4.42 3.78 3.57 3.45 4.27 4.85
80 Q408020 6.91 6.02 5.36 5.84 6.66 6.35 5.46 4.46 3.91 4.50 5.67 6.38
81 Q597020M1 6.91 6.02 5.36 5.84 6.66 6.35 5.46 4.46 3.91 4.5 5.67 6.38
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Appendix C

N Borehole Monthly response time (week)

° name Jan Feb Mar  Apr May  Jun Jul Aug Sep Oct Nov  Dec
82 Q597030M1 7.17 6.28 5.77 5.98 6.77 6.67 5.93 5.04 4.43 5.26 6.37 6.87
83 Q59704TM1 10.33 10.03 9.5 10.47 11.78 10.87 9.84 9.03 8.57 8.97 10.41 10.68
84 Q59704zM1 15.73 16.34 17.33 18.38 18.69 17.97 16.32 14.67 13.83 13.9 1434 15.13
85 Q59801T 3.34 2.71 2.29 2.35 2.98 3.07 2.89 2.7 2.59 3.16 3.64 3.79
86 Q598020M1 8.9 9.86 11.27 12.37 1272 1126 8.71 7.47 5.73 5.93 7.09 8.16
87 Q598030 10.33 11.05 12.02 1238 13.15 1193 1043 9 8.18 8.07 9.04 9.67
88 Q598041 11.84 1295 144 15.09 15.78 1541 13 10.98 9.45 9.86 11.38 11.51
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