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Abstract: The response of an ecosystem to external drivers may not always be gradual and reversible.
Discontinuous and sometimes irreversible changes, called ‘regime shifts’ or ‘critical transitions’,
can occur. The likelihood of such shifts is expected to increase for a variety of ecosystems, and it
is difficult to predict how close an ecosystem is to a critical transition. Recent modelling studies
identified indicators of impending regime shifts that can be used to provide early warning signals of
a critical transition. The identification of such transitions crucially depends on the ability to monitor
key ecosystem variables, and their success may be limited by lack of appropriate data. Moreover,
empirical demonstrations of the actual functioning of these indicators in real-world ecosystems
are rare. This paper presents the first study which uses remote sensing data to identify a critical
transition in a wetland ecosystem. In this study, we argue that a time series of remote sensing data
can help to characterize and determine the timing of a critical transition. This can enhance our
abilities to detect and anticipate them. We explored the potentials of remotely sensed vegetation
(NDVI), water (MNDWI), and vegetation-water (VWR) indices, obtained from time series of MODIS
satellite images to characterize the stability of a wetland ecosystem, Dorge Sangi, near the lake Urmia,
Iran, that experienced a regime shift recently. In addition, as a control case, we applied the same
methods to another wetland ecosystem in Lake Arpi, Armenia which did not experience a regime
shift. We propose a new composite index (MVWR) based on combining vegetation and water indices,
which can improve the ability to anticipate a critical transition in a wetland ecosystem. Our results
revealed that MVWR in combination with autocorrelation at-lag-1 could successfully provide early
warning signals for a critical transition in a wetland ecosystem, and showed a significantly improved
performance compared to either vegetation (NDVI) or water (MNDWI) indices alone.

Keywords: critical transitions; early warning signals; resilience; time series; modified vegetation
water index; spectral index; wetland; MNDWI

1. Introduction

Human activities may invoke gradual but profound changes to ecosystems such as coral reefs,
lakes, wetlands and forests. The response of an ecosystem to such changes may not always be gradual,
predictable, and reversible, but might instead be nonlinear, abrupt and irreversible [1]. Such changes
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are also called abrupt shifts, regime shifts or critical transitions. Critical transitions occur when
ecosystems are not resilient and cannot cope with external stresses [2]. When the resilience of an
ecosystem decreases, the ecosystem will be slower in recovering from small disturbances until it is so
close to a critical threshold, that is also called a ‘tipping point’. Under such a situation, even a small
perturbation can invoke a critical transition to another state where returning to the previous state can
be difficult and sometimes impossible [3].

As a consequence of increasing natural and human-caused changes, the likelihood of critical
transitions is expected to increase for many ecosystems [2,4–6]. However, it is hard to predict how close
a system is to a tipping point and when a critical transition is going to occur [7]. Theories of critical
transitions suggest that variables representing the state of an ecosystem change predictably before
critical transitions. These state variables can therefore provide early warning signals of the upcoming
transition [8]. This change, in advance of a critical transition, refers to a dynamic phenomenon—’critical
slowing down’—defined as decreased recovery rates when the resilience of an ecosystem is low [9].
A number of methods have been developed that measure critical slowing down. These methods are
statistical indicators that characterize time series of a state variable and provide proxies of its return rate
to equilibrium after a perturbation. Ecosystems close to a transition have state variables with decreased
equilibrium return rates following perturbations [10]. These state variables also are increasingly
temporally autocorrelated and show high variability [10]. Therefore, autocorrelation [11,12], and
standard deviation [13] are both expected to increase as resilience is lost prior to a transition. In some
cases, disturbances push the state of an ecosystem toward near-tipping-point values, and therefore,
the distribution of the time series also becomes asymmetric [5]. Under such situations, we may
observe a rise in the skewness of the time series [1]. Alternatively, a general model may be fitted
to a state variable that can approximate non-linear processes (e.g., Nonparametric Drift Diffusion
Jump—NDDJ—model) [10].

Despite the strong theoretical underpinning that supports these ideas [11], evidence from
empirical demonstrations is limited and real-world tests are rare [12]. One important reason is
that most of the metrics require high-frequency observations of relevant environmental variables. Lack
of such observations imposes limitations because, in practice, it is difficult to measure high-frequency
time series of the right variables at the appropriate scale. For instance, the data to explore the state
of an ecosystem may need to be collected through long-term fieldwork [2,8,10,13]. As an alternative,
remote sensing datasets with high temporal resolution may provide relevant ecosystem variables that
can be used to retrieve indicators of critical transitions through time.

We expect that remote sensing can significantly improve our ability to estimate critical transitions.
Firstly, the wealth of remote sensing data from many sensors, wavelengths, and resolutions can play
an important role in characterizing the properties and functioning of complex ecosystems and their
processes. Secondly, the repeated and consistent observations of the Earth’s surface by remote sensing
across large spatial extents makes these data ideal for monitoring ecosystem dynamics and evaluating
inter-annual variability, magnitudes, and changes of associated ecosystem processes. Although remote
sensing data can be used to characterize ecosystem variables, it is not known whether spectral data are
suitable to estimate critical transitions in complex ecosystems. Moreover, remotely sensed spectral data
are not equally sensitive to changing conditions in an ecosystem, and time series of some variables
cannot provide a timely warning of critical transitions [14]. Therefore, testing the potential of remotely
sensed variables to quantify ecosystem resilience is crucially needed [14,15]. For example, it has been
shown that time series of NOAA-AVHRR Normalized Difference Vegetation Indices (NDVI) provides
valuable information about the functioning, state, and variability of a wetland ecosystem at global
and regional scales [16]. In addition to NDVI, other spectral indices, such as the Modified Normalized
Difference Water Index (MNDWI), which provides information on water extent, can be related directly
or indirectly to the status of a wetland ecosystem [17].

This study tested if remote sensing data can estimate critical transitions in a wetland ecosystem.
It is based on two wetland ecosystems in Iran and Armenia: one that has faced rapid algal blooming in
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the last decade due to eutrophication stress (Dorge Sangi in Iran), and one that is located in a protected
national park that has not experienced a serious change or a regime shift (Lake Arpi in Armenia), used
as a case control. We hypothesize that a combination of water and vegetation indices can be applied to
represent the state of a wetland ecosystem and estimate critical transitions. Besides existing indices,
we propose a new composite index and test whether it can enhance the ability of leading indicators to
generate early warning signals of a critical transition in a wetland ecosystem.

2. Materials and Methods

2.1. Study Sites

Dorge Sangi is a wetland with fresh to brackish water covering an area of 380 hectares, lying
in a closed basin in the northwest of Iran (36◦59.4′N, 45◦33.6′E) and in the south part of lake Urmia
(the sixth largest Salt Lake in the world; Figure 1B). It is a shallow wetland where the water table
fluctuates according to seasonal precipitation. In the study area, the wet season is in winter, when
most precipitation falls, and the dry season is in summer. The wetland was designated as a Ramsar
Site (Convention on Wetlands of International Importance) in 1975 given its rich biodiversity and
importance as a bird sanctuary, particularly for migratory water birds [18].
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The water level in Dorge Sangi has been influenced by the drastic changes in the water level of 
Lake Urmia, located in the northern border of the study area. Decreases in the extent of Lake Urmia 
to about 10% of its original size in the last decade have been reported [19,20] as a critical transition 
toward an alternative state—a salt pan—which is similar to the catastrophic death of the Aral Sea 
[21]. The variation of the water level in Lake Urmia, derived from Satellite Radar Altimetry data of 
Jason-3, Jason-1 and TOPEX/P [22] (Figure 2A), shows that this ecosystem dried completely around 
2010, and water level fluctuations were lost afterward. The water body in Dorge Sangi displayed 
serious reduction in both water level and hydroperiods starting in 2003 [23]. The reduction hits a 
peak in 2006 and lasted until 2013. These changes were the result of regional water resource 
development plans. These water level reductions were intensified by an increase in the frequency 

Figure 1. Location of the two case studies: (A) Lake Arpi in Armenia in August 2014; (B) The Dorge
Sangi wetland in Iran; the two photos represent the condition of the study area in the spring time of
the years 2001 and 2013.

The water level in Dorge Sangi has been influenced by the drastic changes in the water level of
Lake Urmia, located in the northern border of the study area. Decreases in the extent of Lake Urmia
to about 10% of its original size in the last decade have been reported [19,20] as a critical transition
toward an alternative state—a salt pan—which is similar to the catastrophic death of the Aral Sea [21].
The variation of the water level in Lake Urmia, derived from Satellite Radar Altimetry data of Jason-3,
Jason-1 and TOPEX/P [22] (Figure 2A), shows that this ecosystem dried completely around 2010,
and water level fluctuations were lost afterward. The water body in Dorge Sangi displayed serious
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reduction in both water level and hydroperiods starting in 2003 [23]. The reduction hits a peak in 2006
and lasted until 2013. These changes were the result of regional water resource development plans.
These water level reductions were intensified by an increase in the frequency and severity of droughts.
To demonstrate the regional decrease in precipitation, Figure 2B displays the standard precipitation
index (SPI). The SPI is a meteorological drought index, recommended by the World Meteorological
Organization and measures normalized anomalies in precipitation [24].

1 
 

 

Figure 2. Urmia Lake height variation (in meters) for years 2001–2014 based on satellite radar altimetry
data (A); Standard Precipitation Index (SPI) for Dorge Sangi during, years 2001–2013, based on
measurements from Naghadeh, which is the nearest weather station to Dorge Sangi (B).

The drought periods were not the only reason for reductions in the hydroperiods of the
basin [21,23]; the over-use of water wells, instead of using surface water runoff, and filling of surface
water canals with sediments (which cut off water flow to the wetlands) led to even further reductions in
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the water balance of the ecosystem and water level fluctuations. Water level fluctuations may be one of
the reasons for the regime shift in Dorge Sangi, as it has negative impacts on species richness [25], and
aquatic habitats [26]. In addition, it can create stressed conditions to which only specialized vegetation
is adapted [27], that, in turn, changes the dynamics of vegetation in wetlands [28]. Studies also showed
that changes in water quality and quantity may result in a large shift in plant communities and change
the trophic state of a wetland [29]. Moreover, the observed elevation in salinity (from 0 up to 20 ppt in
our study period) and nutrient loading [30] in Dorge Sangi, as a result of rising agricultural activities,
created favorable conditions for blue-green algae blooms [30,31]. In addition, a complete drought
was reported in Dorge Sangi in 2011, that was probably because of the construction of a new water
drainage channel [30]. All of these changes have resulted in the Dorge Sangi site being included in the
international Montreux Record—a list of wetland sites where major changes in ecological properties
are occurring or are expected to occur—in 2007.

Our second study site is a wetland considered to be of international importance on the Ramsar
list in Armenia, called Lake Arpi (located 41◦03′N 43◦37′E) in the Lake Arpi National Park. It has an
almost similar eco-hydrological system as Dorge Sangi, consisting of fresh water with less than 100 cm
depth similar to Dorge Sangi prior to the disturbances. Both wetlands are mainly fed by precipitation
and are listed in the Ramsar convention. The mean annual temperature in Dorge Sangi is 12.1 ◦C
and in Arpi 11 ◦C; and the mean annual precipitation in Dorge Sangi is 471 mm and in Arpi 550 mm.
As the Arpi wetland is located in a protected national park, it has been undisturbed by anthropogenic
effects. This healthy wetland ecosystem will be used as a case-control for validating the results.

2.2. Remote Sensing Data

2.2.1. MODIS Data

Moderate-Resolution Imaging Spectroradiometer (MODIS) surface reflectance products
(MOD09A1 V5 at 500 m resolution) were downloaded from NASA Land Processes Distributed Active
Archive Center; LP DAAC as eight-day composites from January 2001 to December 2014. The Dorge
Sangi and Arpi study sites comprised 15 and 35 MOD09A1 pixels, respectively, that remained constant
for the entire period from 2001 to 2014. A pixel was designated as a wetland pixel based on the national
map of land cover of Iran with a Landsat resolution (i.e., 30 m [32]) for Dorge Sangi, and on the visually
delineated wetland boundary from Landsat image of Arpi in 2014.

Each surface reflectance (MOD09A1) pixel contains the best possible L2G observation during an
eight-day period (e.g., no clouds or cloud shadow and low aerosol loading). These data were used to
calculate the vegetation and water spectral indices (explained in the following sub-sections). The time
series of the spectral indices were then aggregated using a mean function for each month at each pixel.
To estimate the overall changes for each study area, the pixels were then spatially aggregated also using
a mean function into a single value for each month. We used the quality flag layer of the image product
to remove poor quality retrievals, and applied a linear interpolation method to fill in the gaps in the
time series. We used monthly data in this study for two reasons: (1) previous studies have shown that
both gradual and abrupt changes in wetlands can be appropriately quantified at a monthly temporal
resolution [16,33,34]; and (2) it was the optimum temporal resolution which minimized missing values
(i.e., maximized the number of best quality surface reflectance retrievals) throughout the time series.

2.2.2. Spectral Indices

We used the ‘golden standard’ in vegetation monitoring, Normalized Difference Vegetation Index
(NDVI), because it is the most widely used vegetation spectral index and is also provided as a long
time-series for the entire world. It can be particularly useful for indicating nutrient levels, as well as
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assessing eutrophication in wetlands [35,36], and therefore, it might characterize a critical transition in
the chemical state of wetlands [37]. NDVI was calculated as [38]:

NDVI =
B nir – Bred
B nir + Bred

(1)

where Bred and B nir are the surface reflectance factors in the red MODIS band (band 1, 0.620 to
0.670 µm) and the near infrared (NIR) MODIS band (band 2, 0.841 to 0.876 µm), respectively. Higher
values of NDVI indicate more green vegetation.

In addition, we used a water index, MNDWI, that can be used to delineate surface water features
and estimate the amount of water in an ecosystem [39]. MNDWI was reported as the most reliable
index among 11 remotely sensed water indices [40–42] to generate reliable information from MODIS
images [43,44]. MNDWI was calculated as:

MNDWI =
B Green – B SWIR
B Green + B SWIR

(2)

where B SWIR refers to the surface reflectance of shortwave infrared (SWIR) MODIS band (band 6,
1.23 to 1.25 µm), and B Green refers to green MODIS band (band 4, 0.55 to 0.57 µm).

In addition, we propose a new index, the Modified Vegetation Water Ratio (MVWR), which is the
ratio of vegetation cover to open water cover. It uses the information content of four spectral bands
(green, red, NIR and SWIR), and therefore, it potentially contains more information about the wetland’s
physical status. It has been argued that an index based on combining vegetation and water may reflect
a wetland ecosystem functioning more efficiently than either vegetation or water index alone [45].
The new index we propose is based on an existing composite index called the Vegetation Water Ratio
(VWR). VWR was put forward based on simply applying the ratio of a vegetation index (e.g., NDVI) to
a water index, called Land Surface Water Index (LSWI). LSWI has been shown to successfully estimate
the successional stages in a wetland ecosystem [45]. Thus, VWR can be calculated as:

VWR =
∑ NDVI
∑ LSWI

(3)

where ∑ NDVI and ∑ LSWI are the annual sums of NDVI and LSWI, respectively. In order to have
VWR comparable with the other indices, we used the monthly sums of NDVI and LWSI in this study.
LWSI is positively correlated with the cover of water in a pixel, and is calculated as:

LSWI =
Bnir − BSWIR
Bnir + BSWIR

(4)

where Bnir and BSWIR are the surface reflectance factors of corresponding MODIS bands.
Inspired by this, we propose our new index MVWR based on the ratio of rescaled NDVI and

MNDWI indices calculated on a monthly basis as:

MVWR = ln(
NDVI + 1

MNDWI + 1
) (5)

We calculated MVWR on a monthly basis, as leading indicators need a high temporal resolution,
and a monthly time step was also used for NDVI and MNDWI. As NDVI and MNDWI roughly range
between −1 and +1, we simply rescaled them to a range between 0 and 1 to avoid the effect of negative
values in the composite index. We scaled the indices by adding a value of +1 to each index, and then
dividing it by 2. In the calculation of the ratio, the division term is lost. We smoothed the time series of
NDVI and MNDWI using a moving average (a symmetric window with a size of 3 and equal weights)
prior to the calculation of the index. MVWR indicates more green cover at positive values, and more
water cover at negative values. We selected MNDWI instead of the LSWI to calculate the MVWR
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because it has been shown in a number of studies that MNDWI is a more reliable index compared to
other water indices including LSWI [41,42,46].

2.3. Leading Indicators for Critical Transition

A recently suggested approach to generate early warning measures of critical transitions is to
use statistics that measure the critical slowing down in the dynamics of a state variable of a system
as a transition is approached [10,47–49]. This slowing down is the result of decreases in the rates of
recovery in a system after perturbations [7,50].

We used two kinds of indicators: metric-based and model-based indicators [51]. Metric-based
indicators quantify changes in the statistical properties of a time series—including autocorrelation,
standard deviation, and skewness—without fitting data to a specific model structure. Model-based
indicators, attempt to fit a model to data in order to quantify the changes [51]. In the case of a noisy
time series, Nonparametric Drift Diffusion Jump (NDDJ) models can be used for this. Both types of
indicators try to capture changes in the correlation structure and variability of a time series.

All analyses were implemented in the R environment v. 3.3.1 [52] using functionalities of the
rts package for manipulating time series of satellite images [53], and the early warnings package for
calculating the leading indicators [5].

2.3.1. Metric-Based Indicators

Critical transitions can be expressed in a time series of a state variable in a system using several
metric-based indicators: autocorrelation [54,55], variance [10], and skewness [1]. Analysis of simulation
models exposed to stochastic forcing showed that if the system is driven gradually closer to a tipping
point, there is a marked increase in the autocorrelation that builds up long before the critical transition
occurs [1]. An increase in autocorrelation indicates that the state of a system becomes more similar
between consecutive observations [11], and can be considered as the simplest way to measure critical
slowing down [56]. Autocorrelation can be calculated considering a certain time lag. Most studies
on leading indicators so far have considered time lags of one time-step, or lag-1 autocorrelation. We
followed the same rule. It can be calculated by [11]:

ρ1 =
E[(zt − µ)(zt+1 − µ)]

δ2
z

(6)

where µ is the mean and δ is the variance of variable zt.
Slow return rates to a stable state can also make the system drift wider around that state, and

cause increased variance in the fluctuations prior to a transition [1,11]. Variance is the second moment
around the mean of a distribution and can be expressed as standard deviation by:

SD =

√
1

n− 1

n

∑
t=1

(zt − µ)2 (7)

In addition to autocorrelation and variance, an increase in the asymmetry of fluctuations may
happen as a result of an unstable equilibrium close to a tipping point [1]. In such cases, we can observe
a rise in skewness [5]. Skewness is the standardized third moment around the mean of a distribution
and can be calculated by [1]:

SK =
1
n ∑n

t=1(zt − µ)3√
1
n ∑n

t=1(zt − µ)2
(8)

Before applying the metric based models, the data should be detrended and smoothed to eliminate
the effect of nonstationary conditions on the leading indicators. Several detrending approaches are
commonly used including Gaussian, Linear and Loess filters, and first-differencing [57]. Filtering
methods detrend within a rolling window [11]. We used Kendall’s τ between each indicator and time
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to find the best size of the rolling window and the best bandwidth (for the Gaussian filter) through
a sensitivity analysis. Kendall’s τ is a nonparametric statistic to measure the association between
two measured quantities [58] ranging from −1 to +1. Greater Kendall’s τ values refer to stronger
trends [58]. We tried to identify those detrending settings that best identify trends in leading indicators.
Thus, we calculated the leading indicators for various sizes of rolling windows (ranging from 25% to
75% of the time series length) and bandwidths (ranging from 25% to 75% of the time series length for
the Gaussian filter) with increments of 10% for four different detrending approaches (Gaussian, loess,
and linear filters, and first-differencing).

We also tested whether the trends in the leading indicators were not due to random chance. To do
so, 1000 surrogate datasets were generated by fitting the best linear autoregressive moving average
model (ARMA) based on AIC to the residuals after detrending with the same length as the residual time
series [5]. Following [5], the trend estimations from the original data were compared with the trend
estimations from the surrogate data with the same correlation structure and probability distribution as
the original dataset. For each simulated dataset, we estimated the trend in autocorrelation, skewness,
and standard deviation using Kendall’s τ. We then estimated the probability of finding a trend by
chance by comparing Kendall’s τ of the original data to the number of cases in which the statistic was
equal to or smaller than of the estimates of the simulated records, P(τ∗ ≤ τ). Trends were calculated
over the entire time series, except when there was a clear break point, in which case tau was calculated
for the part of the time series before the break point occurred.

2.3.2. Model-Based Indicators

Metric-based indicators have a risk of showing false signals of upcoming critical transitions given
their sensitivity to the size of rolling window and detrending method [5]. Although we tried to find
the best settings for these parameters through the sensitivity analysis, we also used the model-based
indicators using the NDDJ model, that can identify a critical transition without the need to specify a
rolling window and detrending of the data [10]. The equation to estimate the NDDJ model is:

dxt = µ(xt−, θt)dt + σD(xt−, θt)dW + d

(
Nt

∑
n=1

Zn

)
(9)

where the drift term µ(xt−, θt) measures the instantaneous deterministic change in the time series, the
diffusion term σD(xt−, θt) measures the standard deviation of relatively small shocks that occur at
each time step, and the jumps (the last term in Equation (9)), are relatively large shocks that occur
intermittently. Jumps are characterized by an average magnitude σZ(θt) where Zn ∼ N(0, θt), and
the probability of a jump arriving in a small time increment (i.e., d t) is λ(xt−, θt) d t. The subscript
t-indicates that a function is evaluated just before each time step. Total variance combines the
contributions of diffusion and jumps together [59–61].

The outputs of this model can signal an upcoming critical transition in several ways [5,60],
including: (1) an increase in the trends of drift and diffusion; (2) an increase in the total variance (which
is based on the composition of the diffusion and jump variance, shown to detect a critical transition
with high precision by [60]; (3) an increase in the conditional variance of x (which is estimated as the
difference between the second conditional moment and the square of the first conditional moment;
see [5] for the details); (4) an increase in the jump intensity; and (5) increased fluctuations of the total
variance and the jump intensity between their maximum and minimum values.
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3. Results

3.1. Detecting Critical Transition

We started our analysis by examining the spectral behavior of the two study sites at the beginning
and the end of the time series (i.e., the years 2001 and 2014) in the wet and dry seasons (i.e., January,
and August respectively; Figure 3). This shows whether the spectral profile changed before and after
the transition. In Dorge Sangi, a large difference can be observed in the spectral profiles of the years
2001 and 2014 for both the wet and dry seasons, suggesting changes in the area between the two years.
In contrast, the mean surface reflectance factors in the healthy Arpi wetland showed similar behavior
between the two years for the wet and dry season. The overall level of the surface reflectance factors in
Arpi was also higher than in Dorge Sangi.Remote Sens. 2017, 9, 352  9 of 18 
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The seasonal fluctuations during the study period can be recognized in the time series of all the
indices (Figure 4) and these patterns are much more regular in the undisturbed system (Arpi) than in
the disturbed system (Dorge Sangi). Moreover, an abrupt increase in NDVI and MVWR, and an abrupt
decrease in MNDWI can be noticed for Dorge Sangi in 2009. In the Arpi wetland, only slight variations
over time can be seen and no significant trend is noticeable. This suggests that the spectral indices in
the healthy Arpi wetland remained consistent throughout the study period.
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Figure 4. The time series of four remotely sensed indices, Normalized Difference Vegetation Index
(NDVI), Modified Normalized Water Index (MNDWI), Vegetation-Water Ratio (VWR), and Modified
Vegetation-Water Ratio (MVWR) used as the variables in (A) Dorge Sangi study site, and (B) Arpi
study site. The red line indicates the trend obtained using a moving average with a window size of
3 time steps.

3.1.1. Metric-Based Indicators

The first-difference detrending method resulted in the strongest trends, as expressed by Kendall’s
τ at a rolling window size of around 50% of the time series, for most indices. This rolling window
should not be either too short, as that can lead to noisy time series, or too long, as that smoothes the
fluctuations that may be indicative of a critical transition. The sensitivity analysis on the trends in the
leading indicators show that autocorrelation of MVWR and MNDWI is less sensitive to the rolling
window size than the other indices (Figure 5). The positive Kendall’s τ for MVWR obtained from all
indicators (around 0.9 for both the skewness and autocorrelation, and around 0.5 for the standard
deviation) suggests that the leading indicators based on this spectral index correlated the strongest
with the observed critical transition in the wetland, compared to NDVI, VWR, and MNDWI. In Arpi,
all the indices showed less sensitivity to the sizes of the rolling window, except VWR that showed
sensitivity for the Skewness.

The probability of whether significant positive trends of the indicators detected in the spectral
indices are due to chance (based on the comparison with the surrogate datasets) was very low for all
the indicators and across all the indices (Table 1). This suggests that the significant positive trends
found in the original datasets relate to the described critical transition.
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Table 1. Kendall’s τ trend and its associated significance (Dorge Sangi|Arpi).

Spectral Indices
Indicators

Autocorrelation Standard Deviation Skewness

NDVI 0.296 *|−0.293 *** −0.514 ***|−0.389 *** 0.439 *|−0.409 ***
MNDWI 0.397 ***|−0.268 *** −0.782 ***|−0.499 *** 0.127 ***|0.275

VWR 0.152|0.019 −0.523 ***|0.698 *** 0.145|−0.633
MVWR 0.850 ***|−0.225 *** 0.406 ***|0.285 *** 0.754 ***|−0.025 ***

Significance level: *** P < 0.001; ** P < 0.01; * P < 0.05, P < 0.1.

In Dorge Sangi, MVWR showed a strong significant increase in the autocorrelation (Figure 6A,
Kendall’s τ = 0.850) before September 2009, and a strong significant decrease (Kendall’s τ = −0.812)
after that time. This could be indicative of a critical transition [6,12,62,63] with a tipping point at the
time of the change in trend (i.e., September 2009). The positive trend prior to the transition suggests
that the ecosystem slowed down, acting as an early warning signal for the transition. The negative
trend after the tipping point suggests that the ecosystem stabilized at a new state after the transition.
Autocorrelation in MNDWI and NDVI mirrored the observed pattern in MVWR, but had a lower
magnitude and were more erratic than MVWR. NDVI and MNDWI showed a negative trend in the
standard deviation and therefore does not act as a warning signal of the critical transition. In contrast,
the standard deviation of MVWR showed a positive trend in the first years of the time series, but
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this trend extended beyond the moment the system switched and only started declining after 2012.
Similarly, the skewness of MNDWI showed a positive trend prior to the transition in Dorge Sangi,
followed by a negative trend, but here the signal also switched sign in 2012 rather than 2009. In addition,
MVWR was the only variable that showed a positive trend for all the indicators and the strongest trend
for most of the indicators in Dorge Sangi (Figure 6A and Table 1).Remote Sens. 2017, 9, x FOR PEER REVIEW  12 of 18 

 

 
Figure 6. Metric-based leading indicators based on NDVI, MNDWI, VWR, and MVWR for Dorge Sangi (A), and Arpi (B) wetlands. The first, second, and third rows show 
autocorrelation at lag 1 (acf), standard deviation (SD), and skewness of each spectral indices, respectively; the red dotted lines mark the width of the rolling window used 
to detrend the data; the blue dotted lines mark the moment the trend changes abruptly which could be indicative of a tipping point. 

Figure 6. Metric-based leading indicators based on NDVI, MNDWI, VWR, and MVWR for Dorge
Sangi (A), and Arpi (B) wetlands. The first, second, and third rows show autocorrelation at lag 1 (acf),
standard deviation (SD), and skewness of each spectral indices, respectively; the red dotted lines mark
the width of the rolling window used to detrend the data; the blue dotted lines mark the moment the
trend changes abruptly which could be indicative of a tipping point.

VWR showed a clear jump in the autocorrelation at the moment of the transition. However,
similar jumps can be noticed at the other moments where no transition was supposed to happen,
making indicators based on this index less reliable.

The results from Arpi showed no evidence of transitions from the different spectral indices
(Figure 6B) although some sudden jumps can be observed in the indicators based on VWR, reconfirming
the erratic nature of the indicators based on this index. These results showed a significant trend in
the standard deviation of VWR as well as a weak but significant increase in the standard deviation of
MVWR. Given the known history of Arpi as a healthy wetland, these positive trends can be considered
as false alarms.
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3.1.2. Model-Based Indicators

The model-based indicators showed clear differences before and after the transition that happened
in Dorge Sangi in 2009 (Figure 7A). We can see an increase in the total variance and jump intensity of
NDVI, and MNDWI between 2004 and 2009. In addition, the total variance of MVWR increased after
2004, while it switched from positive spikes to negative spikes after 2009. Furthermore, the diffusion
values for MVWR fluctuated between their maximum and minimum values up to 2009 but fluctuations
subdued after 2009. All these sudden changes in the signal are probably an indication of the transition
that happened in 2009. Moreover, it seems that the signals act as the early warnings of the impending
shift started from 2004.Remote Sens. 2017, 9, x FOR PEER REVIEW  13 of 18 
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For the healthy system, no clear sudden changes in patterns can be observed (Figure 7B), although
VWR is showing a rather erratic pattern, and also the diffusion indicator is not stable for MNDWI
and MVWR.

4. Discussion

It has been argued that estimation of critical transitions in complex real ecosystems is difficult [64].
For example, the indicators that have been introduced for generating early warning signals may
indicate a false alarm due to changes in a stochastic regime of perturbations rather than the
actual ecosystem dynamics [1,47], or, most importantly, due to having insufficient or imprecise
data. Although the potential of remote sensing to overcome such difficulties has been frequently
acknowledged [47,65,66], its application for these purposes has rarely been tested, e.g., [67]. In this
paper, we explored the performance of remote sensing data to evaluate whether robust early warning
signals of a critical transition in a real-world wetland ecosystem can be derived using recently
developed leading indicators.

Most of the indicators to detect critical transitions have been derived from simple models, and
tested through controlled experiments [1]. Although the indicators have been well recognized in
theory, demonstration of these approaches in real ecosystems has been very limited [1,50,51,63], and
concerns exist that they may not work in in complex real ecosystems [64]. An important feature in this
study is that we used two real ecosystems, one that experienced a critical transition (i.e., Dorge Sangi),
and one that did not (i.e., Arpi). Evaluating the indicators for a real ecosystem where a transition
has occurred is possibly the best way to test how well remote sensing based indicators are capable of
detecting critical transitions in advance. It also allows testing the risk of false alarms in real situations.

Our results revealed that when the right spectral index, that represents the state of the ecosystem in
a relevant way [11], is selected, some leading indicators seem to provide early warnings of impending
transitions. These selected indices need to have a direct or indirect link to the underlying mechanisms
that are driving the ecosystem changes. When underlying mechanisms in an ecosystem are known,
we have greater clarity about which parameters caused system fragility. For instance, vegetation and
water are both the key variables characterizing wetlands [45]. The index that was suggested to provide
the most reliable indicator (MVWR) is also a combination of vegetation and water cover information.

In Dorge Sangi, changes in hydrological processes were due to decreasing the water levels in the
wetland and increasing the intensity of droughts. These changes, along with an increase in the size of
the agricultural areas near the wetland, resulted in an increase in nitrogen and phosphorus levels in
water which, in turn benefited algal blooming and potentially increased wetland plants’ chlorophyll
concentrations [68]. Eutrophication also caused an increase in vegetation cover. This probably explains
why MVWR indicate the changes in this system better than the other indices. The index is sensitive
to the interaction of vegetation and water in a pixel based on four spectral regions. In the visible
spectral domain (red), there is low reflectance when chlorophyll and carotene absorption by vegetation
are high. The chlorophyll also reflects in the near infrared wavelengths due to scattering caused by
internal leaf structure. At the same time, in near and short infrared domains, water bodies have their
maximum absorption bands.

Whether the identified leading indicators truly indicated the occurrence of a critical transition
in the Dorge Sangi wetland depends in part on the assumption that the transition in Dorge Sangi
was a real ecosystem transition as a result of the loss of resilience, and that it happened around 2009.
In 2006, national media, as well as several studies, reported serious changes in the Dorge Sangi wetland,
that probably already started earlier [30]. The changes put the wetland on the Montreux list, a list
of endangered wetlands with changes in ecological character, in 2007. In addition, changes in the
vegetation structure, as well as drying, were reported based on sampling data in a period between
November 2008 and February 2009. These reports suggest that the occurrence of the transition was
somewhere around the year of 2009. In general, the occurrence of a regime shift in an aquatic ecosystem
is considered a rapid phenomenon, compared other ecological systems such as for example forests [12].



Remote Sens. 2017, 9, 352 15 of 19

Our results revealed that some indicators (especially the autocorrelation & the total variance in MVWR)
seem to provide early warning signals prior to the occurrence of the critical transition.

According to the model-based indicators, the earliest signal was generated in the year of 2004,
especially by the total variance. The metric-based methods, however, showed the signals started
in 2006. These analyses were limited to the length of the time series that we used according to the
availability of the satellite images. As the results by the metric-based indicators depend on the size
of the rolling window, generating earlier signals was not possible by these methods. It might be a
possibility to generate earlier signals and consequently improve the ability of anticipating the critical
transition if a longer time series dataset was available.

The performance of leading indicators in identifying a critical transition is dependent on the
dynamic of changes in the key ecosystem variables. In Dorge Sangi, the time series of both NDVI
and MNDWI (Figure 4A) show an increase in their fluctuations prior to the abrupt change in 2009.
These fluctuations are to a lesser extent also captured by the jump intensity. Our results showed
agreement with other studies, e.g., [60], which mention that total variance can detect the critical
transition with high precision. Along with the total variance, the autocorrelation was the metric that
showed the best performance in our study and can be recommended for the other studies.

Our results showed that not all indicators that have been identified by theoretical studies seem
to work in reality. For example, the trends of autocorrelation and skewness for NDVI were positive
but the standard deviation showed a negative trend in Dorge Sangi. Also, we found a false alarm
in the positive trend in the standard deviation of MVWR in the healthy Arpi wetland. Two main
reasons can be discussed related to this issue. First the robustness of calculated indicators might be
variable, depending on the used detrending method and the rolling window size used. Second, the
ability of indices to present the state of the ecosystem can vary, depending on the form of changes
in the ecosystem prior to a transition. For example, skewness only performs well when an increase
in the asymmetry of fluctuations happens close to a tipping point. It has been demonstrated that
while autocorrelation always increases prior to a transition, standard deviation may be underestimated
as the fluctuations in an ecosystem become increasingly dominated by low frequencies close to a
transition [69]. Our results showed that the best signal for the transition is based on autocorrelation
compared to the other metric-based methods. It could be that these methods are more sensitive to
pre-processing steps and that this affects their performance, as reported by [5].

In this study, we showed how different spectral indices from satellite data can be used to calculate
leading indicators for critical transitions in an ecosystem. MVWR showed greater performance to
identify the critical transition in the Dorge Sangi wetland comparing to the other indices. The increasing
trend of MVWR in our case study may be due to the synergic effects of eutrophication and water
stresses in the wetland.

Although there are many studies on wetlands that have used satellite images, there is a lack of
studies identifying ecologically relevant dynamics such as critical transitions. To advance knowledge
in this area, the present study used remote sensing data to estimate indicators for critical transition(s)
in a wetland ecosystem. The integration of remote sensing with statistical approaches to estimate early
warning signals of critical transitions in complex ecosystems can provide the foundation to advance
significantly the characterization of ecosystem dynamics across multiple scales in space and time.
Exploring the remote sensing-based metrics that have clear mechanistic links to ecosystem dynamics
will facilitate the development of robust early warning systems [70] for upcoming critical transitions.

5. Conclusions

In this study, we illustrate that remotely sensed vegetation and water indices can be used to
calculate indicators for critical transitions in a wetland ecosystem. We also showed that if the right
spectral index is selected, temporal autocorrelation performed well in generating early warning signals
and in identifying the transitions in a real-world wetland ecosystem, while other indicators mainly
only identified the moment of the transition. We proposed a modified composite vegetation-water
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index, MVWR, and demonstrated that it improved the ability to detect a critical transition in wetland
ecosystems timely manner compared to either vegetation (NDVI), water (MNDWI), or existing
composite vegetation-water (VWR) indices.

Our results demonstrate the applicability of remotely sensed metrics, particularly those that have
a mechanistic link to underlying processes in an ecosystem, for exploring the state of the ecosystem and
consequently improving the ability of the indicators to generate warnings of impending transitions.
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