Science of the Total Environment 634 (2018) 715–726

Contents lists available at ScienceDirect

Science of the Total Environment
journal homepage: www.elsevier.com/locate/scitotenv

The relation between land use and subsidence in the Vietnamese
Mekong delta
P.S.J. Minderhoud a,b,⁎, L. Coumou a, L.E. Erban c, H. Middelkoop a, E. Stouthamer a, E.A. Addink a
a
b
c

Department of Physical Geography, Utrecht University, Utrecht, The Netherlands
Department of Subsurface and Groundwater Systems, Deltares Research Institute, Utrecht, The Netherlands
US EPA Ofﬁce of Research and Development, National Health and Environmental Effects Research Laboratory, Atlantic Ecology Division, Narragansett, RI, USA

H I G H L I G H T S

G R A P H I C A L

A B S T R A C T

• Land-use practices can inﬂuence subsidence processes, amplifying natural
subsidence or inducing anthropogenic
subsidence.
• We assess the relation between land use
and subsidence using land-use time series and InSAR-derived subsidence
rates.
• Different
land-use
classes
are
experiencing different rates of subsidence.
• Highest subsidence rates were found for
land-use classes in which natural conditions were most altered by human activities.
• Land use and land-use history have an
indirect, causal relationship with subsidence rates in the Mekong delta.

a r t i c l e

i n f o

Article history:
Received 5 February 2018
Received in revised form 30 March 2018
Accepted 30 March 2018
Available online xxxx
Editor: José Virgílio Cruz
Keywords:
Land-use change
Subsidence
Remote sensing
InSAR
Landsat TM5
Object-based image analysis (OBIA)

a b s t r a c t
The Vietnamese Mekong delta is subsiding due to a combination of natural and human-induced causes. Over the
past several decades, large-scale anthropogenic land-use changes have taken place as a result of increased agricultural production, population growth and urbanization in the delta. Land-use changes can alter the hydrological system or increase loading of the delta surface, amplifying natural subsidence processes or creating new
anthropogenic subsidence. The relationships between land use histories and current rates of land subsidence
have so far not been studied in the Mekong delta.
We quantiﬁed InSAR-derived subsidence rates for the various land-use classes and past land-use changes using a
new, optical remote sensing-based, 20-year time series of land use. Lowest mean subsidence rates were found for
undeveloped land-use classes, like marshland and wetland forest (~6–7 mm yr−1), and highest rates for areas
with mixed-crop agriculture and cities (~18–20 mm yr−1). We assessed the relationship strength between current land use, land-use history and subsidence by predicting subsidence rates during the measurement period
solely based on land-use history. After initial training of all land-use sequences with InSAR-derived subsidence
rates, the land-use-based approach predicted 65–92% of the spatially varying subsidence rates within the measurement error range of the InSAR observations (RMSE = 5.8 mm). As a result, the spatial patterns visible in
the observed subsidence can largely be explained by land use. We discuss in detail the dominant land-use change
pathways and their indirect, causal relationships with subsidence. Our spatially explicit evaluation of these
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pathways provides valuable insights for policymakers concerned with land-use planning in both subsiding and
currently stable areas of the Mekong delta and similar systems.
© 2018 Elsevier B.V. All rights reserved.

1. Introduction
Many of the world's major deltas have experienced signiﬁcant anthropogenic change during the past decades. Within Southeast Asia,
the Vietnamese Mekong delta stands out as hotspot of anthropogenic
land-use change (Giri et al., 2003). Following Vietnam's transition towards an open-market economy in 1986, the vast majority of natural
wetlands and forested areas in the delta have been converted to agricultural lands dominated by rice paddies (Funkenberg et al., 2014; Tran
et al., 2015). Along the Mekong river branches, orchards and ﬁsh
farms have been created, and in the coastal zone vegetables farms
sprouted on the higher elevated beach ridges. Furthermore, mangroves
have been cut to make place for shrimp farms and other aquaculture (a.
o. Binh et al., 2005; Sakamoto et al., 2009; Tong et al., 2004). Over the
years, rice production in the delta has increased as intensiﬁed irrigation
allowed for more crops per year (Sakamoto et al., 2006). Moreover, the
delta has become progressively urbanized, with an ever-densifying and
expanding network of roads connecting the fast-growing settlements,
cities and industrial areas (Karila et al., 2014; Tran et al., 2015). Other
large-scale alterations of the delta system include increased ﬂood control through extensive dike systems (Triet et al., 2017), sand mining activities in the river branches (Brunier et al., 2014), and wide-spread
exploitation of groundwater resources (Wagner et al., 2012). The
Vietnamese Mekong delta is further impacted by reduced sediment
supply due to upstream dams (Kummu and Varis, 2007; Kondolf et al.,
2014), decreased hurricane activity (Darby et al., 2016), salinization
(Renaud et al., 2015), coastal erosion (Anthony et al., 2015) and global
sea-level rise in response to climate change (Wassmann et al., 2004).
On top of that, the delta is subsiding at rates up to several centimeters
a year, exceeding current absolute sea-level rise by up to a magnitude
(Erban et al., 2014; Minderhoud et al., 2017).
Land subsidence is a natural phenomenon in delta systems. Deltaic
sediments are highly compressible and susceptible to signiﬁcant natural
compaction during deposition and subsequent soil formation. Enhanced
land subsidence in deltas due to human activities is widely recognized
(e.g. Syvitski et al., 2009; Giosan et al., 2014). Human use of land and
groundwater resources can amplify natural subsidence processes or initiate new anthropogenic subsidence in different ways (Galloway et al.,
2016). Firstly, subsidence can be enhanced by direct loading of the
delta surface, both by natural material, such as water and sediment,
and by anthropogenic artifacts, such as buildings and infrastructure.
Secondly, drainage of wetlands to prepare for agricultural use leads to
a lowering of the phreatic water table, causing compaction and aeration
of the subsoil. Consequent decomposition of organic material (oxidation) causes additional volume reduction (e.g. Van Asselen et al.,
2009). Additionally, the extraction of groundwater from deeper aquifers
(water-bearing sediment layers), to meet the increasing freshwater demands of rapidly urbanizing areas, agriculture and aquaculture, can trigger aquifer-system compaction (e.g. Galloway and Burbey, 2011;
Gambolati and Teatini, 2015). In the Vietnamese Mekong delta evidence
of widespread absolute subsidence was recently revealed by InSAR (Interferometric Synthetic Aperture Radar) (Erban et al., 2013, 2014).
Minderhoud et al. (2017) demonstrated that a steady increase of
groundwater use and excessive pumping over the past decades has dramatically accelerated subsidence in this area. Together, these land-use
developments of the past decades in the Vietnamese Mekong delta
have affected the natural environment, and introduced anthropogenic
drivers, enhancing subsidence rates.
Subsidence is a sluggish process that may show a remarkably slow
but pertinent response to a change in land use, due to time-dependent

effects of both subsidence drivers and processes. For example, the
amount of groundwater extraction (driver) might grow gradually over
the years following a change in land use. The consequent aquifersystem compaction (process) increases even more slowly, as it takes
time for overpressure to dissipate from clay-rich sediments which
than start to compact and due to time-dependent secondary consolidation. This process can continue up to decades after initiation. This implies that groundwater extractions under past land use still can affect
present-day subsidence rates; hence land use and land use history
might be important indicators of present-day subsidence rates in a
delta.
In this study, we aim to quantify the relationship between land use
and land subsidence rates and to determine the effect of past land-use
changes in the Vietnamese Mekong delta. We hypothesize that land
use and land-use history correlate to subsidence in two ways: 1) by affecting subsidence drivers and processes as described above, and,
2) through location preference of certain land-use types for a geomorphological setting with speciﬁc subsidence characteristics, e.g. orchards
prefer higher elevated, sandy natural levees, which are less prone to
shallow compaction. Thus, land use could potentially explain part of
the spatial patterns of observed subsidence rate and may serve as an indirect proxy for subsidence rate. We used optical remote sensing-based
products to map land use and land-use change, together with InSARderived subsidence rates for a representative part of the Mekong delta.
We created a time series of land use from Landsat TM5 images and determined subsidence rates for speciﬁc land-use sequences both for areas
with unchanged land use in the period 1988–2006, and for areas in
which land-use changes occurred during this period. Subsequently,
we assessed the impact of land use and land-use changes on subsidence
rates and derive time-dependent effects of subsidence. Moreover, we
evaluate the strength of the relationship between land use and subsidence rate by predicting and mapping subsidence rate solely based on
land use and land-use history. The ability to predict subsidence rates
based on land use and land-use history, after the initial training of individual land-use change sequences with observed subsidence rates, reveals the relation between land use and subsidence in the Mekong delta.

2. Data and methods
2.1. Consistent land-use time series
A consistent land-use time series of the Mekong delta over the past
decades is required to study the relation between land use, land-use
change and subsidence rates. The Vietnamese government produces
land-use maps every ﬁve years (Dijk et al., 2013; Phuong and
Catacutan, 2014), but they are not publicly accessible and, if available,
lack metadata on data sources and used methods. Besides these national
maps, many land-use maps exist for the Mekong delta, however they all
vary in terms of subject (e.g. rice cropping system: Bouvet and Le Toan,
2011; Karila et al., 2014; Kono, 2001; shrimp farm expansion: Giang and
Hoa, 2013; Tong et al., 2004; Vo et al., 2013), spatial extent (regional: e.g.
Chen et al., 2012; delta-wide: e.g. Sakamoto et al., 2006, 2009; Son et al.,
2013 and Xiao et al., 2006), deﬁned land-use classes (Kuenzer et al.,
2011), used satellite imagery (MODIS (e.g. Kuenzer and Knauer, 2013),
SPOT (e.g. Nguyen et al., 2012), Landsat (e.g. Funkenberg et al., 2014)
or Rapid Eye (e.g. Huth et al., 2012)) and classiﬁcation method and accuracy (Kuenzer et al., 2011; Kuenzer and Knauer, 2013). Consequently,
no single study or combination of studies provided a consistent landuse time series of the Mekong delta appropriate for our study.
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2.1.1. Land-use mapping
We created a new consistent time series of land-use maps using optical remote sensing Landsat Thematic Mapper (TM) 5 images. Landsat
TM5 imagery was selected for its long period of available images
(1984–2013), the large range of spectral bands, the suitable ground resolution (30 m) for land-use mapping and free of charge availability (see
Supplementary Information (SI), section S1.1). The Landsat tile with the
largest spatial coverage of the delta was selected as study area (WRS
path 134, row 053, Fig. 1). This area hosts all major land-use types present in the Mekong delta. We selected four images with limited cloud
cover acquired during the dry season (January – March) in 1988,
1996, 2006 and 2009 to enable distinction of dry-season irrigation.
For our analyses we deﬁned land-use classes that 1) encompassed
all land-use types representative for the entire delta, 2) were identiﬁable from the Landsat 5 TM images and 3) were potentially related to
different subsidence drivers. We considered the characteristics of all
land-use classes regarding the following three main human-induced
subsidence drivers associated with land-use practices: 1) lowering of
the phreatic water table, 2) extracting groundwater and 3) loading of
the delta surface by buildings and infrastructure (Table 1). Unlike
other land-use studies in the Mekong delta, we did not distinguish
rice agriculture based on the number of annual crops, for this could
not be determined based on a single, dry-season image. Nevertheless,
rice crop phenology patterns (Son et al., 2014) do indicate that our

717

land-use class “dry-season rice” likely corresponds to two or three annual irrigated rice crops and ‘dry season bare ﬁeld’ to one or two annual
rain-fed crops.
2.1.2. Object-based image analysis
The Landsat images were classiﬁed using object-based image analysis (OBIA) (Addink et al., 2012). This means that neighboring pixels in
the images are grouped into objects (“segmentation”), which are subsequently classiﬁed based on object characteristics. The large advantage of
OBIA over more traditional, pixel-based classiﬁcation is that not only
spectral, but also shape and context characteristics can be used for the
classiﬁcation (Addink et al., 2012). This enables the distinction of different land-use classes with similar land cover and hence spectral behavior
in the Landsat images. For example, a shrimp pond and a canal both
have the spectral properties of water. However, with OBIA they can be
distinguished based on their shape, e.g. rectangular versus a line. As a
result, OBIA generally performs better than pixel-based approaches, especially with high-resolution imagery (Blaschke, 2010).
As preprocessing step, we created a shapeﬁle outlining clouds and
cloud shadows in each image. In this step, each image was segmented
and classiﬁed using the seven Landsat 5 TM spectral bands, the enhanced vegetation index (EVI), the normalized difference vegetation
index (NDVI) and the normalized difference moisture index (NDMI)
(see SI S1.2.1. for detailed description of the process and segmentation

Fig. 1. The location of the study area (outlined in green) with InSAR-derived subsidence rates in the Vietnamese Mekong delta (VMD) in Southeast Asia. The selected area corresponds to
the Landsat 5 TM tile: WRS path 134, row 053 (USGS, 2016) and has an area of ~20,000 km2. Subsidence rates are InSAR-derived annual means for 2006–2010 (Erban et al., 2014). (For
interpretation of the references to color in this ﬁgure legend, the reader is referred to the web version of this article.)
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Table 1
Land-use classes used for the classiﬁcation and their estimated characteristics related to subsidence.
Land-use class

Marshland/marshes
Wetland foresta
Mangroves
Dry-season rice (irrigated rice; two or three crops yr−1)
Dry-season bare ﬁeld (rain fed rice; one or two crops yr−1)
Dry-season partly rice (alternation rice and bare ﬁeld)c
Mixed crops – non-rice
Orchard
Aquaculture (mainly shrimp farming)
Linear settlementsd
Urban dense
Urban open
Water: sea, rivers, small channels
Clouds

Land-use practices related to subsidence
Phreatic water table

Groundwater use

Anthropogenic loading

High, year-round
High, year-round
High, year-round
High, year-round (excl. harvest)
Wet- and dry-season ﬂuctuation
Wet- and dry-season ﬂuctuation
Lowered by drainage
Lowered by drainage
Wet- and dry-season ﬂuctuation
Wet- and dry-season ﬂuctuation
Lowered by drainage
Lowered by drainage

–
–
–
−b
–
−b
Moderate-High
Low-Moderate
Moderate-High
Low-Moderate
High
High

–
–
–
–
–
–
–
–
–
Moderate
High
High

a

Based on other land-use maps, “wetland forest” is dominated by melaleuca trees, but other tree species may be present.
Groundwater use for rice irrigation is prohibited by Vietnamese law. Rice is irrigated using surface water.
The classiﬁcation aims at classifying land-use at delta scale and therefore, relatively small-scale inter-ﬁeld alternations between the “dry season rice” and ‘dry season bare ﬁeld’ class
are merged as one class: “Dry season partly rice”.
d
Linear settlements are narrow settlements or groups of buildings stretched along a transport route, like a road or canal. They are the common form of settlement in the rural parts of
the Mekong delta.
b
c

settings). The classiﬁcation result was subsequently used to mask the
clouds and cloud shadows in the Landsat images. Subsequently, each
cloud-masked Landsat image was segmented using six Landsat 5 TM
spectral bands (thermal infra-red was excluded because of its coarser
resolution and limited value for land-use discrimination), the EVI and
the NDMI. Pixels were grouped based on their spectral resemblance
aiming at maximum within-object spectral similarity (see SI S1.2.2. for
details). After segmentation, a large random selection of objects (n =
1100) was manually labelled to the corresponding land-use class to
serve as training and validation datasets.

2.1.3. Land-use classiﬁcation
We employed a “random-forest” algorithm to assign the land-use
classes to the segments in the Landsat images (Gislason et al., 2006;
Rodriguez-Galiano et al., 2012). A random forest is a data-mining or machine learning method that uses an ensemble of decision trees (the “forest”) to “predict” land-use class using multiple object variables (here
spectral, shape and context characteristics of the object). We used the
randomForest package v. 4.6–12 in R v 3.3.2 (Breiman and Cutler,
2003). Random forests are insensitive to noisy input data and make no
assumptions about the frequency distribution of training samples
(Funkenberg et al., 2014). Besides they correct for potential overﬁtting
of a single decision tree (Breiman, 2001).
The randomly selected training-and-validation dataset was split
randomly into a training (2/3) and validation set (1/3). The training
set was used to train a random forest, containing 10,000 decision
trees, with 55 object features as input variables and the land-use
classes as output variable (SI, Table A4). The trained random forest
was subsequently used to classify all objects of the image based on
their spectral and spatial characteristics. This procedure was repeated for each Landsat image to create four consistent land-use
maps. The land-use map of 2009 suffered from extensive cloud
cover, which would greatly reduce the size of the area for analysis.
Moreover, comparison between the 2006 and 2009 land-use map revealed few differences. Therefore, we excluded the land-use map of
2009 from further analyses and adopted the land-use map of 2006
as representative for the period during which the InSAR-based subsidence rates were estimated (2006–2010). From the three remaining
maps, we created maps that indicate the land-use sequence from
1988 to 2006. For complete description of the land-use classiﬁcation
procedure, pre- and post-processing steps and validation, see Supplementary Information (SI, section S1.2).

2.2. InSAR-derived subsidence rates
The InSAR-derived (Interferometric Synthetic Aperture Radar)
subsidence rates by Erban et al. (2013, 2014) are the ﬁrst, and until
present only, available estimates of subsidence providing spatial
coverage for large parts of the Vietnamese Mekong delta. The subsidence rate estimates are based on the phase shift in radar returns
from coherent reﬂectors at the earth surface or from areas where
the surface texture remains largely unchanged during the study period. Examples include roads and rooftops, which are well distributed throughout the delta in urban and rural areas. Subsidence
rates are not estimated for pixels with low InSAR correlation.
Changes in surface elevation due to ﬂooding and associated sediment aggradation therefore cannot be detected using InSAR, as
areas subject to these changes exhibit low InSAR correlation. As a result, the subsidence-rate estimates do not provide continuous spatial
coverage. Furthermore, as sediment aggradation is not included, the
quantiﬁed rates represent subsidence rather than net surface elevation change. The InSAR raster dataset (spatial resolution ̴57 × 57 m)
represents mean subsidence rates for the period 2006–2010 (in mm
yr−1), with an estimated error due to spatio-temporal variability in
surface scattering properties of 5–10 mm yr−1 (Erban et al., 2013).
The rasters were georectiﬁed, mosaicked and a subset was created
for the extent of the study area (Fig. 1).

2.3. Relating land use and land-use change to subsidence
The land-use-sequence maps were combined with the InSAR-based
subsidence rates to quantify subsidence rates for individual land-use sequences. First, the InSAR raster dataset was converted to a point dataset
with a point in the center of each grid cell. Then, the InSAR points corresponding to each land-use-sequence object were extracted and their
median subsidence value was assigned as representative objectsubsidence rate.
Four categories of land-use sequences can be distinguished. The
ﬁrst category comprises the constant-land-use sequences, i.e. land
use remained the same from 1988 until 2006. The second category
comprises the sequences where a land-use conversion occurred between 1988 and 1996, but no conversion took place between 1996
and 2006. The third category is the inverse of the second and in the
fourth category during both periods a change occurred. This resulted
in a map with segments representing unique sequences of 3 land use
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types that occurred in the three periods. We focused on the ﬁrst, second and third category (sequence category 1, 2 and 3), i.e. where the
land-use sequences contain at most one change in land-use.
We compared subsidence rates for the ﬁrst three categories (category 1, 2 and 3) of land-use sequence to determine the relation between land use and subsidence. For each land-use sequence the
subsidence rates in all composing objects with this sequence were
determined, and the median value of these rates was taken to obtain
the characteristic land-use-sequence subsidence rate. The subsidence rates for the sequence category without land use change
were considered to represent the primary relation between land
use and subsidence rate. By comparing these subsidence rates with
those for the other two categories of sequences (with land-use
change), we determined a potential time-lag effect in the response
of subsidence rate to land-use change. So, for example, we compared
subsidence rates for the marshland-changed-to-rice sequences (sequence categories 2 and 3) with those for areas that where marshland and rice ﬁelds during the entire period (both ﬁrst sequence
category). For these analyses, we focused on the prominent and
characteristic land-use sequences that reﬂect the developments in
the delta, which are: cultivation of previously undeveloped land,
changes in agricultural practice, and urbanization.
2.4. Predicting subsidence rates based on land-use sequence
We evaluated the strength of the relationship between land use,
land-use change and subsidence according to the ability to predict
subsidence rates based solely on land-use history. For each unique
sequence, two thirds of the objects were assigned to a training set
and one third to a validation set. All objects classiﬁed as water in
any year were excluded. For each unique land-use sequence we determined the median InSAR-based subsidence rate of all comprising
objects. Next, a subsidence prediction map was made by assigning
the median rate of each land-use sequence to every individual object.
From the resulting map the independent validation objects were retrieved and their InSAR-based subsidence observation was compared to the land-use predicted value. To test the added value of
including land-use history and not just land use in the analysis, we
also created a prediction map based only on the land use map of
2006 for comparison.
3. Results
3.1. Land-use maps and land-use change
The land-use maps for 1988, 1996, 2006 and 2009 based on the
Landsat TM5 images are shown in Fig. 2; the areal coverage of each
land use class is shown in SI, Fig. A2. None of the maps is completely
cloud-free, but the 2009 land-use map suffers from extensive cloud
cover (N26%). The overall accuracies of the land-use maps are 77%,
94%, 92% and 89% for the land-use maps of 1988, 1996, 2006 and 2009
respectively (SI, table A5).
Between the years 1988, 1996 and 2006, major changes in land use
occurred, and by the year 2006 only 30% of the area land use had
remained unchanged since 1988 (Table 2). The total area of undeveloped land (i.e. marshland, wetland forest and mangroves) strongly decreased from 18% to 5% between 1988 and 2006. The total area used for
rice production (i.e. “dry-season bare ﬁeld”, “dry-season partly rice”,
“dry-season rice”) remained stable throughout this period, and covered
over half of the entire study area. The area used for other agricultural
practices (orchards and mixed crops) strongly increased between
1988 and 1996, but decreased again towards 2006, while aquaculture
and urbanized areas steadily increased in size from the start of the
study period until 2006. These developments directly reﬂect population
growth and urbanization of the Mekong delta during the past decades
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with growing delta cities and more shrimp farms as response to increased salinization.
The transition matrices for the periods 1988–1996 (Table 3) and
1996–2006 (Table 4) provide a quantitative overview of the land-use
changes. The most prominent change that took place is the expansion
of irrigated rice culture (class “dry-season rice”) by reclaiming marshland and intensifying rice production that previously were rain-fed
(‘dry-season partly rice’ and ‘dry-season bare ﬁeld’), especially between
1988 and 1996. Along the main river braches, orchards expanded at the
expense of “dry-season rice”. Furthermore, along the coast mangroves
were cut to make place for aquaculture. The area of wetland forest
strongly increased between 1996 and 2006 at the expense of
marshlands, reﬂecting natural succession or anthropogenic conversion
to forested lands. Finally, urban areas expanded, as well as rural settlements that appeared as linear elements throughout the delta.
3.2. Subsidence rates per land-use class
InSAR-based subsidence rates (measured by InSAR between 2006
and 2010) of all points for each land use class that did not change during
the period 1988–2006 are shown in Fig. 3. Lowest subsidence rates occurred in undeveloped marshland with a mean rate of 6 mm yr−1,
closely followed by wetland forest (7 mm yr−1). The highest subsidence
rates were found for agricultural areas with mixed crops and urban
areas (respectively 18 and 20 mm yr−1). The within-class variability
of subsidence rates varies with standard deviations between
4 mm yr−1 (marshland and wetland forest) and 7 mm yr−1 (several agriculture land-use classes, aquaculture and mangroves) (SI table A10).
Differences in median and mean subsidence rates larger than
1 mm yr−1 between classes are signiﬁcant (SI, section S3.2).
3.3. Relation between land-use change and subsidence rate
The effects of past land-use change on modern subsidence rates
were assessed for three typical development groups (Table 5), which
are 1) cultivation of previously undeveloped land, 2) changes in agricultural practice, and 3) urbanization. Areas where undeveloped land was
reclaimed for cultivation, and where urbanization occurred generally
experienced higher subsidence rates. Areas where changes between agricultural practice occurred experienced higher or lower subsidence
rates, depending on the speciﬁc land-use change. Furthermore, where
land use already changed to its current type in the ﬁrst period
(1988–1996) current subsidence rates are closer to those of the unchanged land-use sequence, than where the change occurred in the second period (1996–2006). Remarkably, highest subsidence rates are
found in the areas where land use changed into “urban dense” between
1988 and 1996, exceeding the rates found for the unchanged “urban
dense” sequence.
3.4. Predictions of subsidence rate based on land-use history
The land-use based predictions of land subsidence rates for the period 2006–2010 show spatial patterns similar to those derived from
InSAR, with increasing rates from northwest to southeast and aligned
along the river branches (Fig. 4A/B). The predicted subsidence rates
show a strong linear relation with the InSAR rates and no bias (regression equation: slope = 0.99, intercept = 0.02, r2 = 0.16: SI Fig. A4).
As the predictions use a single, median subsidence rate for each landuse sequence that is attributed to the objects, the resulting subsidence
estimation map is more uniform than the map of InSAR-observed
rates. The root mean squared error (RMSE) between observed and estimated rates is 5.8 mm yr−1. If we consider the InSAR estimated error
range of the observed subsidence rates (5 to 10 mm yr−1), 65% to 92%
of the predictions are within range with the observed InSAR values
(Fig. 4C). The spatial patterns and trends present in the InSAR and predicted subsidence rate maps are not visible anymore in the residuals
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Fig. 2. Land-use maps of the northeastern part of the Vietnamese Mekong delta derived from Landsat 5 TM imagery of 1988, 1996, 2006 and 2009. The “dry-season rice” class represents
irrigated rice cultivation producing two or three annual rice crops, while ‘dry-season bare ﬁeld’ is rain-fed rice with one or two annual rice crop(s). ‘Dry-season partly rice’ represents smallscale patchwork of rice crops and bare ﬁeld.

(Fig. 4C). When the prediction is only based on present land use without
including land-use history, the correlation of the predicted subsidence
and the observed subsidence decreases (r2 = 0.09).

Table 2
Total area of main land-use classes in the land-use maps of 1988, 1996 and 2006. Area is
color-coded from green (small) to red (large) and given in percentage of the total study
area excluding cloud-covered areas.

Main land-use classes
Undeveloped
Rice
Other agriculture
Aquaculture
Urban

1988
18
54
21
4
3

Land-use maps
1996
9
50
32
4
5

2006
5
54
23
8
10

4. Discussion
4.1. Land-use change
Land-use changes show a trend of expansion and intensiﬁcation of
rice agriculture, aquaculture expansion at the expense of mangroves,
and urbanization of the Vietnamese Mekong delta. These trends are in
agreement with spatial and temporal patterns reported in other studies
(e.g., Sakamoto et al., 2009; Tran et al., 2015). The timing of the widespread marshland cultivation (1988–1996) coincides with the economic and political reforms following the transition of Vietnam towards
an open-market economy in 1986 (Funkenberg et al., 2014). The spatial
pattern of the land-use class “dry-season rice” largely agrees with the
extent of irrigated double and triple rice cropping areas, while ‘dry-season bare ﬁeld’ agrees with the extent of rain-fed single and double rice
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Table 3
Land use and land-use changes: 1988 and 1996. Area is color-coded from green (small) to red (large) and given in percentage of the total study area excluding cloud-covered areas. Land
use remained unchanged in 42% of the study area (in italic the percentage of unchanged land-use area). Blank spaces show land-use changes that did not happen.

Land-use class in 1988

Aqua- Dry-s. Dry-s. p.
culture rice
rice
Aquaculture
Dry-season rice
Dry-season partly rice
Dry-season bare ﬁeld
Mix crops - non-rice
Mangroves
Wetland forest
Orchard
Urban dense
Urban open
Linear selement
Water
Marshland
Total in 1996

2.4
0.0
0.1
0.4
0.1
0.6
0.0
0.1
0.0
0.0
0.4
0.0
4.0

0.0
7.1
6.5
8.6
0.1
0.0
0.2
3.8
0.0
0.0
0.7
0.1
5.5
32.6

0.0
0.1
0.7
1.5
0.1
0.0
0.0
0.4
0.0
0.0
0.1
0.0
0.4
3.4

Land-use class in 1996
Mangro Wet. Orchard Urban Urban Linear Water Marshves
Forest
dense open Sele.
land

Dry-s. b. Mix c.
ﬁeld
no rice
0.1
0.1
0.6
7.3
0.2
0.1
0.0
0.3

0.0
0.2
0.5
0.6
0.0
0.0
0.2

0.0
0.2
0.0
0.5
9.7

0.0
0.1
0.0
0.3
1.9

0.6
0.0
0.1
0.3
0.1
1.1

crops (e.g. Son et al., 2014; Sakamoto et al., 2009). Furthermore, the rice
farming intensiﬁcation, to enable the growth of an additional rice crop
per year, is clearly shown by the consecutive land-use maps characterized by the expansion of the dry-season, hence irrigated rice. This is especially apparent in the upstream part of the delta. The large-scale
transition of mangroves to aquaculture in the coastal zone observed between 1996 and 2006 is in line with Binh et al. (2005), Karila et al.
(2014), Sakamoto et al. (2009b) and Tran et al. (2015). The steady increase of linear settlements along channels, dikes and roads, as well as
urban areas, corresponds with the ﬁndings of e.g. Binh et al. (2005)
and Tran et al. (2015).
4.2. Land-use driven subsidence
The main anthropogenic subsidence drivers associated with landuse practices are lowering of the phreatic water table, groundwater extraction and loading of the delta surface by buildings and infrastructure
(e.g. Minderhoud et al., 2015; Galloway et al., 2016). We ranked the
land-use classes by their mean observed subsidence rate (Fig. 5), and
qualitatively estimated the impact of each subsidence driver for each

0.3

0.4
0.3

0.1
1.2
7.7
3.5
0.3
0.2
0.1
11.5

0.0
0.1
0.0
2.5

0.0
0.0
0.9
1.9

0.1
0.4
0.3
1.6
27.1

0.0
0.2
0.0
0.0

0.0
0.0
0.0
0.1

0.0
0.1
0.1

0.0
0.0
0.0
0.0
0.0
0.0
0.2

0.0
0.0
0.0
0.0
0.0
0.0
0.2

0.0
0.5
1.0
0.8
0.1
0.0
0.1
0.8
0.0
0.0
0.5
0.1
0.7
4.5

0.1
0.0
0.1
0.1
0.0
0.0
0.0
0.2

0.0
0.0
0.2
0.1
0.1

0.0
0.0
7.2
0.1
7.9

0.0
0.0
0.0
3.4
4.2

0.3
0.1

Total in
1988
3.4
9.1
17.4
23.2
1.6
2.1
1.1
17.8
0.1
0.3
2.1
8.3
13.6
100.0

land-use class based on the characteristics as described in Table 1. To exclude the inﬂuence of time lags of subsidence following a land-use
change in the studied period, the subsidence rate per land-use class
was based on areas that sustained the same land use throughout the period of 1988–2006 (Fig. 3). A trend is apparent between anthropogenic
impact on the natural system and the mean subsidence rate of a landuse class. Lowest mean subsidence rates are found for natural, undeveloped areas, i.e. marshland and wetland forest, and highest rates for
areas with high anthropogenic inﬂuence, i.e. mixed-crop agriculture
and densely urbanized areas. More anthropogenic impact thus results
in higher subsidence rates.
The lowest subsidence rate of 6 mm yr−1 occurs in undeveloped
marshland. As natural marshland experiences no distinct human inﬂuence that alters the hydrological situation or loading of the land surface,
this value likely reﬂects the mean natural compaction rate in the
Vietnamese Mekong delta. The same value of 6 mm yr−1 was measured
as mean ﬂoodplain sedimentation rate in frequently ﬂooded areas in the
delta (Hung et al., 2014). The similarity of these values probably reﬂects
the dynamic equilibrium between natural compaction and sedimentation in the Mekong delta, which enabled the delta to maintain its

Table 4
Land use and land-use changes: 1996 and 2006. Area is color-coded from green (small) to red (large) and given in percentage of the total study area excluding cloud-covered areas. Land
use remained unchanged in 53% of the study area (in italic the percentage of unchanged land-use area). Blank spaces show land-use changes that did not happen.

Land-use class in 1996

Aqua- Dry-s.
culture rice
Aquaculture
Dry-season rice
Dry-season partly rice
Dry-season bare ﬁeld
Mix crops - non-rice
Mangroves
Wetland forest
Orchard
Urban dense
Urban open
Linear selement
Water
Marshland
Total in 2006

3.5
0.0
0.1
0.8
0.1
1.5
0.0
0.6
0.0
0.0
0.3
0.0
6.9

19.3
1.0
1.6
0.1
0.1
0.6
4.0
0.0
0.0
1.3
0.1
0.8
28.9

Dry-s. p.
rice
3.9
0.7
1.0
0.4
0.2
0.0
3.9
0.0
0.0
0.5
0.1
0.1
10.7

Dry-s. b. Mix c.
ﬁeld
no rice
3.0
0.6
4.9
0.2
0.1
0.0
1.1
0.0
0.0
0.2
0.0
0.1
10.2

0.1
0.1
0.1
0.3
0.7
0.2
0.0
0.4
0.0
0.0
0.0
0.0
0.3
2.2

Land-use class in 2006
Mangro Wet. Orchard
ves
Forest
0.2
0.0
0.0
0.0

0.5
0.1
0.1
0.0

0.3
0.1

0.1
0.7

0.8
0.4
0.0
0.0
0.2
0.0
2.0
4.0

0.1
3.2
0.5
0.4
0.3
0.2
0.3
13.8
0.0
0.0
0.4
0.1
0.5
19.7

Urban
dense

Urban
open

0.0
0.0
0.0
0.0
0.0

0.0
0.0

0.1
0.1
0.1
0.0
0.0

0.0
0.0
0.0

0.5

0.1

0.0

Linear
Sele.

Water

0.1
2.5
0.4
0.6
0.1
0.1
0.2
2.5
0.0
0.0
1.7
0.2
0.3
8.7

0.1
0.0
0.0
0.0
0.0
0.0
0.0
0.2
0.0
0.0
6.9
0.0
7.4

Marsh- Total in
land
1996
4.0
32.6
3.4
0.0
9.6
1.9
2.5
0.0
1.9
0.0
27.1
0.2
0.2
0.0
4.5
7.9
0.1
4.2
0.1
100.0
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Fig. 3. Subsidence rates (2006–2010) for unchanged land-use sequences during the period 1988–2006. Boxplots summarize the rates for each land-use class. Outliers beyond the whisker
range are not shown.

elevation throughout the thousands of years prior to extensive human
impact on the delta.
The subsidence rates presented reﬂect rates of subsidence of solid
surfaces, as InSAR is unable to detect sediment accumulation that
might occur in wetland areas. For this reason, the subsidence rates of
this study may not necessarily reﬂect net surface-elevation change in
some areas and for some land-use classes. For example, mangrove
areas experienced relatively high absolute subsidence rates, but sedimentation in those areas can easily be as high or even higher, resulting
in a net elevation gain. The latter is actually the case in the Mekong delta
as Surface Elevation Table (SET) measurements in mangrove areas registered a net elevation gain in healthy mangrove areas (Lovelock et al.,
2015). However, the InSAR subsidence data do not represent elevation
changes in these natural land surfaces due to detection limitations, as
they only include “hard” reﬂectors, such as buildings and roads. These
are typically objects that likely do not experience elevation gain owing

to sediment deposition. Conversely, the effective dike system, which
was constructed to retain irrigation water to enable year-round rice cultivation (dry-season rice), likely decreases the amount of river ﬂoodcarried sedimentation, in contrast to more traditional rice cultivation
practices (dry-season bare ﬁeld) that continue to receive sediment by
ﬂood pulses. Estimates of the actual surface elevation change for a speciﬁc land-use class thus should consider the effect of sediment accumulation as well.
In the agricultural areas, subsidence rates are lowest for “dry-season
rice” (irrigated rice). This might be explained by the effect of irrigation
during the dry season, resulting in a year-round high phreatic water
table. This artiﬁcially high phreatic water table prevents soil ripening
and organic matter decay in the subsurface, processes that would otherwise induce subsidence during the dry season when the water table
normally drops. Other, rain-fed, agricultural land-use types do not
have this “paddy beneﬁt” and show higher subsidence rates. A similar

Table 5
Impact of past land-use (LU) changes on the subsidence rates in the Mekong delta. The mean subsidence rates (in mm yr−1) for areas in which LU 1 and LU 2 was unchanged during the
period 1988–2006 (columns ‘Unchanged LU 1’ and ‘Unchanged LU 2’) and for areas that experienced a transition from LU 1 to LU 2 between 1996 and 2006 (column ‘Transition from LU 1
to LU 2 1996–2006) and 1988–1996 (column ‘Transition from LU 1 to LU 2 1988–1996), respectively b10 and 10–18 years before the measurement period (2006–2010). Subsidence rates
are color-coded from yellow (low rates) to red (high rates).

Subsidence rate (mm yr-1)

Land use change
Development
Culvang
undeveloped
land
Changing
agriculture
Urbanizaon

Original land use
Land use 1
Marshland
Marshland
Marshland
Marshland
Mangroves
Dry-season bare
Dry-season rice
Dry-season rice
Dry-season bare
Orchard

Land use aer change
Land use 2
Dry-season rice
Linear selement
Dry-season bare
Orchard
Aquaculture
Dry-season rice
Orchard
Urban dense
Urban dense
Urban dense

Unchanged
LU 1
6
6
6
6
13
13
8
8
13
14

Transion from LU 1 to LU 2
1996-2006
1988-1996
8
8
8
8
10
9
9
11
11
11
8
10
10
12
27
9
23
16
16
20

Unchanged
LU 2
8
9
13
14
11
8
14
20
20
20
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Fig. 4. A) Observed InSAR-based subsidence rate, B) predicted subsidence rates for the period 2006–2010, and C) difference between observed and predicted subsidence. The predicted
subsidence over the period 2006–2010 (B) is based on land-use history. Land-use sequence-speciﬁc median InSAR-derived subsidence rates were assigned to each individual land-use
sequence. Respectively, 66% to 92% of the estimations fall within 5 to 10 mm of the observed values, which corresponds to the error range associated with the InSAR-based subsidence
observations (A).

difference was observed in Japan where land subsidence rates in areas
with rain-fed upland crops (comparable to our class ‘mixed crop - non
rice’) were much higher than for rice paddies (Miyaji et al., 1995). The
large difference in mean subsidence rate between rain-fed and irrigated
rice thus suggests a high impact of seasonal water table lowering as
driver of shallow subsidence.
Groundwater extraction causes differences in subsidence rates between the various agricultural land-use classes. While Vietnamese law
prohibits groundwater extraction for rice irrigation, this seems to be tolerated for the irrigation of mixed crops and orchards. Moreover, rice
paddies irrigated by river water potentially increase groundwater recharge to the deeper layers, therefore reducing groundwater
extraction-driven subsidence (Wen, 1995), as was observed in Taiwan
(Liu et al., 2010). However, we expect this recharging effect to be
small in the Mekong delta, due to the thick, clay-rich Holocene top
layer, which effectively seals off the underlying, exploited aquifers
(Minderhoud et al., 2017).

In densely urbanized areas, subsidence rates are highest. This agrees
with observations of rapidly subsiding delta cities elsewhere, such as
Bangkok (Phien-wej et al., 2006), Jakarta (Abidin et al., 2011) and
Shanghai (Ye et al., 2016). These high subsidence rates are due to the
combination of all three main anthropogenic subsidence drivers: effective drainage causing a lowering of the groundwater table, excessive
groundwater extraction, and physical loading of the compressible subsurface sediments by city buildings and infrastructure. For rural settlements the subsidence rate is lower, as the above-mentioned drivers
are much less intensive. Besides, these settlements often occupy higher
elevated terrain, and are often located as linear settlements on natural
levees that are less prone to subsidence than ﬂood-basins sediments.
Remarkably high subsidence rates were found for mangrove areas,
despite the absence of human interference to accelerate subsidence.
Here, the high rates might be attributed to their near-coastal position
on the geologically youngest parts of the delta plain (e.g. Ta et al.,
2002); these recently deposited, unconsolidated sediments are

Fig. 5. Estimated impact of subsidence drivers, and mean InSAR-based subsidence rate for the period 2006–2010 per land-use class. Mean subsidence rate is based on areas that sustained
the same land use throughout the period of 1988–2006. The estimated impact of each subsidence driver is ranked: minimal (−), low (±), moderate (+) and high (++). All classes
experience a subsidence rate of at least 6 mm yr−1. Higher subsidence rates are generally found for land-use classes associated with increased impact of anthropogenic subsidence drivers.
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probably highly susceptible to natural compaction. This observation is
in line with the high rates of shallow subsidence measured in the youngest, near-coastal mangrove areas in the Mekong delta (Lovelock et al.,
2015).
The relatively low subsidence rates found for areas with aquaculture
are remarkable, and contradict observations from other deltas such as
the Yellow river delta where groundwater extraction at an
aquaculture-dominated coastline causes local annual subsidence rates
of several decimeters per year (Higgins et al., 2013). The low subsidence
rates for aquaculture in the study area suggest limited groundwater extraction. This is in line with the relatively small groundwater pressure
drop and inherent extraction-induced subsidence, documented for the
aquaculture areas in the study area for the InSAR observation period
(Minderhoud et al., 2017). Probably, the aquacultures in the study
area are partly fed by river water from the nearby Mekong river
branches. Still, areas with aquaculture in the south of the Mekong
delta, outside our study area, seem to experience more groundwaterextraction-induced subsidence (Minderhoud et al., 2017).

subsidence over time following decomposition of organic matter as organic matter gradually depletes (Yuill et al., 2009), or, in case of aquifer
system compaction, the subsidence rate gradually decreases when a
new equilibrium between pore pressure and overburden is reached
(Isotton et al., 2015). Our results suggest that time-dependent effects
can affect subsidence rates up to at least two decades following a
land-use change. This underscores the importance of land-use history,
and not just current land use, when studying the land use-subsidence
relationship.
Finally, it should be noted that the subsidence rates reported and
predicted in this study are based on the InSAR analysis of subsidence acquired between 2006 and 2010 (Erban et al., 2014). Given the accelerating trend in groundwater extraction-related subsidence in the Mekong
delta (Minderhoud et al., 2017), these rates likely underestimate the
present-day subsidence rates. This effect will be especially apparent
for land-use classes that require large volumes of groundwater use,
e.g. mixed crops, aquaculture and urban areas.
4.4. Predictions of subsidence rates based on land-use history

4.2.1. Within-class variation of subsidence rate
The standard deviation of observed subsidence rates varies between
4 and 7 mm yr−1 for the different land-use classes (SI section S3). Apart
from the contribution of InSAR inaccuracy (5–10 mm yr−1; Erban et al.,
2013, 2014) and inaccuracies in the land-use classiﬁcations, this variation may reﬂect actual (spatial) variation of subsidence rates present
within a certain land-use class.
Within-class variation of subsidence rates may be attributed to four
categories of factors: 1) differences in water use and water management
within areas with the same land use; 2) “transboundary” subsidence
resulting from practices in neighboring areas with a different land use,
e.g. groundwater extraction at a single location can inﬂuence a much
larger area; 3) variability in inherited subsidence related to land use
and land-use changes prior to 1988; 4) properties of the physical system
that are independent of land use, including local subsurface composition and tectonic subsidence. This last factor is captured by a trend in
subsidence rates for the linear settlements land-use class that shows increasing rates from the northwest, upstream part, towards the southeast, downstream part of the delta. This trend likely reveals the higher
natural compaction rates associated with the younger, shallow sediments in seaward direction.
4.3. Land-use change and time-dependent subsidence response
Our results show that most of the investigated land-use changes in
the Mekong delta led to an acceleration of subsidence rates. Only the
conversion from rain-fed rice to year-round irrigated rice and the conversion from mangroves to aquaculture shows reduced subsidence
rates. Furthermore, when the land-use conversion occurred in the ﬁrst
period (1988–1996), the present subsidence rate under the new land
use is more similar to the characteristic subsidence rate of the unchanged land-use class than when the conversion occurred in the second period (1996–2006). This delayed change in subsidence rate
following a land-use change clearly reveals the delayed response or
time-lag of subsidence.
This time-lag in subsidence rate is the result of time-dependent effects of which we distinguish two types. 1) Time-dependent effects
can stem from changing boundary conditions and the delayed response
of subsidence drivers and processes. Examples are the ongoing drainage
of land following the conversion to agricultural land resulting in gradually phreatic water table lowering (driver) which leads to increasing
clay and peat compaction and peat oxidation (processes), or, a land
use changes to a more groundwater-demanding land-use type with increased groundwater exploitation (driver) which leads to increasing
rates of aquifer-system compaction (process). 2) The second type of
time-dependent effect that we distinguish can stem from internal
mechanisms of subsidence processes. Examples are the decrease of

The observed InSAR-derived subsidence rates and the land-usebased predicted rates agree well and show similar spatial patterns and
magnitudes of rate. These spatial patterns are no longer present in the
residuals map, which means that a large part of the spatial variability
of the InSAR-observed subsidence across the delta is correlated with
land-use history. This conﬁrms the existence of the hypothesized relation between land-use history and subsidence, as 1) land-use practices
affect subsidence drivers and processes and/or 2) preference of land-use
types for locations with speciﬁc subsidence characteristics. The majority
(65%–92%) of the predicted rates falls within the error range of the observed, InSAR-derived subsidence rates (5–10 mm yr−1). This conﬁrms
the possibility of providing predictions of subsidence rate using landuse history when it can be trained using subsidence-rate observations.
Incorporating land-use history, and not just land use, to prediction subsidence rates strongly increased the prediction results. Predictions of
subsidence rates based on land-use history should therefore preferably
be derived from time series of land use covering the longest possible
period.
Subsidence predictions could potentially be improved by including
additional factors that inﬂuence subsidence unrelated to land use,
such as subsurface composition, if spatial data is available. In this
study, the data used to derive the median values had the same spatial
extent for which we predicted subsidence. However, the method
might also be applied to create estimations of land-subsidence for regions larger than the training area, as long as the land-use classes and
the corresponding dominant subsidence drivers and processes remain
similar. In such cases using land-use history as a proxy for subsidence
rates provides a promising approach for data-sparse regions lacking direct subsidence measurements, such as large delta systems, to produce
subsidence estimates for the entire region using land-use maps. For instance, this approach could be applied in the Ganges-Brahmaputra delta
where InSAR-based subsidence data is currently available for a small region only (Higgins et al., 2014).
4.5. Supporting land-use management in subsiding deltas
Our results show a clear link between land use (trajectories) and
subsidence in the Mekong delta. These insights may be used to guide
sustainable land-use planning that considers delta subsidence and promotes land-use types less prone to subsidence. Additionally, our spatially explicit evaluation can aid policy making and planning around
subsidence-mitigation measures. Our approach is further relevant to
any area in the world where land-use practices. Using land cover data,
which are more readily available than direct or indirect measurements
of subsidence, as a proxy for subsidence rates, facilitates such opportunities also in data-sparse deltas and other regions.
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5. Conclusions
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by the use of land as well as land-use preference for locations with speciﬁc subsurface characteristics. Overall, our spatially explicit evaluation
of land-use change pathways provides land-use speciﬁc insights for
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