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Abstract: The natural salt meadows of Tilopozo in the hyperarid, Atacama Desert of northern Chile,
which are located at approximately 2800 m above sea level, are under pressure from industrial activity,
and cultivation and grazing by local communities. In this research, the land surface covered by salt
meadow vegetation was estimated from normalized difference vegetation indices (NDVI) derived
from Landsat Thematic Mapper (TM), Enhanced Thematic Mapper (ETM+) and Operational Land
Imager (OLI) data from 1985 to 2016. The vegetated area of the Tilopozo salt meadows decreased by
34 ha over the 32-year period studied. Multiple regression models of the area covered by vegetation
and climate data and groundwater depths were derived on an annual basis, as well as for both
the dry and wet seasons and had R2 values of 83.0%, 72.8% and 92.4% respectively between the
vegetated areas modeled and those estimated from remotely sensed data. These models are potentially
useful tools for studies into the conservation of the Tilopozo salt meadows, as they provide relevant
information on the state of vegetation and enable changes in vegetation in response to fluctuations in
climate parameters and groundwater depths to be predicted.
Keywords: high altitude wetlands of the Andes (HAWA); land surface changes prediction models;
conservation wetlands; model for vegetation cover estimation; Atacama Desert

1. Introduction
The importance of wetlands is greater in places where water resources are scarce, e.g., the arid
and semi-arid ecosystems of South America [1,2]. In the Altiplano regions of South America, there are
wetlands at high altitudes, which are located at the maximum altitude for vegetation growth and at
less than the zero isotherms [1]. In these locations, natural salt meadows can be found [1,3]. These salt
meadows are characterized by stagnant and saline waters [4], and have a water table that is either
at the ground surface or a few meters below this. For example, the depth of the water table in the
Tilopozo salt meadows is found between 0 and 3.65 m, with an average depth if 1.82 m [5,6].
The salt meadows of Tilopozo are located to the south of the Salar de Atacama, Chile [7], and the
presence of the ecosystem depends on the discharge of the flow from the Monturaqui-Negrillar-Tilopozo
aquifer (MNT-aquifer), which has an extension of 60 km [8]. Since 1986, water has been extracted from
the MNT-aquifer for industrial purposes (metallic and non-metallic mining), and this has an established
monitoring plan through a water monitoring network for the conservation of this wetland [9].
A series of studies have been undertaken to model the influences of different factors on changes
in vegetation cover [10]. Among them, Hyandye et al. [11] determined that variations in precipitation,
slope aspect, road network density generate changes in land use. Los et al. [12] and Hyandye et al. [11]
highlighted that the analysis of satellite images and statistical models together constitutes a powerful
Land 2019, 8, 20; doi:10.3390/land8010020

www.mdpi.com/journal/land

Land 2019, 8, 20

2 of 17

combination to evaluate and model change processes and their underlying causes. Another study was
carried out by Chahouki and Chahouki [13], who used a digital elevation model (DEM) and statistical
tools to generate a predictive map of rangelands in an arid context, obtaining a projection of vegetation
distributions according to species, which was based on soil variables estimated from a DEM.
In the context of this research, the normalized difference vegetation index (NDVI) has been used
to detect vegetation cover in wetlands and determine the extent of wetland areas [14]. Various studies
have been developed in arid and hyper-arid zones, in which correlations between vegetation cover
and rainfall have been obtained, with results that allow vegetation cover to be predicted and that
have applications for the conservation or management of pastures and wetlands [15,16]. In this sense,
Mwita et al. [17] mapped small wetlands using NDVI. Dong et al. [18] developed a wetland map based
on the use of NDVI using Landsat images. Recently, Qu et al. [19] analyzed trends in NDVI between
1982 and 2011 for wetlands in China. They were able to correlate them with climatic conditions and
indicators of human activity and developed a multiple regression model that determined the response
of vegetation to climatic factors. In the context of this research, NDVI has been used to detect vegetation
cover in wetlands and determine the extent of wetland areas [14]. Different authors have highlighted
that NDVI is one of the most important indexes for evaluating the state of vegetation, because it is
correlated with photosynthesis and primary production [20–22].
Today, there are many methods for monitoring the state of conservation of the wetlands through
remote sensing [5,23]. Remote sensing allows evaluation of land use changes and variations
in vegetation cover [5,20,23,24] and changes in the wetland ecosystems because of hydrological
variations [23,25]. Multitemporal analysis of satellite images is usually used to identify and estimate the
changes in the surface of the cover with vegetation [5,23]. Vegetation and land use change in wetland
areas may also be due to abrupt changes produced by floods, fires, or human interventions [20,26].
Studies, such as those of Li et al. [20], have evaluated the dynamics and loss of marshes and meadows
vegetation in wetland due to hydrological variations using NDVI data derived from Landsat Thematic
Mapper (TM), Enhanced Thematic Mapper (ETM+) and Operational Land Imager (OLI) sensors,
and generated accuracies up to 91%.
Consequently, the present study sought to determine changes in vegetation cover of the slat
meadows of Tilopozo between 1985 and 2016, using the NDVI index estimated from Landsat TM and
OLI images, and to design predictive models, for the surface covered with vegetation, on the basis of
meteorological information and data from a groundwater monitoring network.
2. Methodology
2.1. Study Area
The study area corresponded to the salt meadows of Tilopozo, located to the south of the Salar de
Atacama, San Pedro de Atacama, Antofagasta Region, Chile (23◦ 460 42”S; 68◦ 140 39”W; 2800 m above
sea level; Figure 1).
The salt meadows of Tilopozo are characterized by hydrohumedal and hygrohumedal structures
that are influenced by the spatial distribution of confined and unconfined groundwater. Its feeding
was freatogenic of discharge, given its dependence on the waters coming from the discharge of
the MNT-aquifer [27,28]. This leads to phreatically influenced azonal vegetation, with transitional
hygrophilic species, such as Distichlis spicata, Lycium humile and Tessaria absinthioides, as well as
strict hygrophilic species, such as Baccharis juncea, Juncus balticus and Schoenoplectus americanus
(S. americanus) [29,30], which are all perennials. Differences in soil moisture and groundwater levels
lead to surface variations, mainly in transitional hygrophilic species. The wetland contracted and
expanded according to variations in annual rainfall during the time period analyzed; it was noted to
expand in wet years (e.g., during the year with the highest wet season rainfall, 2002) and contract in
dry years (e.g., 1991, Figures 2 and 3).
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Figure 1. Position of the salt meadows zones of Tilopozo associates to three upwelling of water (1–3),
located to the south of the Salar de Atacama.

In meteorological terms, the salt meadows of Tilopozo experience high thermal oscillations and
low levels of precipitation, with extreme events in the wet season [31]. Based on records from 1975 to
2016 of the Peine meteorological station of the General Directorate of Water (DGA), average monthly
precipitation was 1.67 ± 1.65 mm, most of which occurred January and March, with a maximum
of 14.57 ± 16.43 mm [31]. The lowest monthly precipitation totals (0.00 ± 0.00 mm) occur between
September and November. Meanwhile, the historical average annual temperature was 16.51 ± 3.31 ◦ C.
The coldest month is July, with a minimum of −0.72 ± 1.63 ◦ C, while the warmest is December, with a
maximum of 31.82 ± 1.64 ◦ C (Figure 3). The monthly average evapotranspiration was 163.63 mm, with
minimum values in the winter months of June and July, and summer peaks in December and January.
2.2. Vegetation Cover in the Tilopozo Salt Meadows between 1985 and 2016
The surface covered by vegetation in the salt meadows of Tilopozo was estimated using two Landsat
TM or OLI images per year (dry season—September, and wet season—March), for the period 1985–2016.
Images with less cloud cover were selected to avoid errors in the estimate (Table 1), then radiometric [32]
and atmospheric [33] corrections were conducted. The salt meadows of Tilopozo were easily recognized
using the normalized differential vegetation index (NDVI). The threshold value of NDVI for the vegetation
was determined as 0.13 [21,34,35]. The use of this NDVI threshold is supported by research in other
hyper-arid areas in Chile [36,37], and was complemented by visual analysis of true colour composites.
This allowed the surfaces covered by vegetation to be identified for the wet and dry season images,
and for the ‘annual images’, i.e., the averages of the wet and dry season images.
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Figure 2. Maximum and minimum extent of vegetation cover in the Tilopozo salt meadows in the
period studied.

Figure 3. Average monthly precipitation (mm), evapotranspiration (mm) and temperature (◦ C) for the
period 1975–2016 for Peine meteorological station.
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Table 1. Landsat Thematic Mapper (TM) and Operational Land Imager (OLI) images used in the research.
ID

Date

Discharge Name

Cloud

Sensor

ID

Date

Discharge Name

Cloud

Sensor

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30

30 March 1985
05 August 1985
02 April 1986
09 September 1986
04 March 1987
30 October 1987
06 March 1988
30 September 1988
25 March 1989
17 September 1989
28 March 1990
20 September 1990
15 March 1991
23 September 1991
01 March 1992
09 September 1992
20 March 1993
28 September 1993
03 February 1994
17 October 1994
26 March 1995
18 September 1995
28 March 1996
20 September 1996
11 February 1997
07 September 1997
03 April 1998
10 September 1998
06 April 1999
29 September 1999

LT52330761985089AAA03
LT52330761985217XXX04
LT52330761986092AAA08
LT52330761986252AAA03
LT52330761987063AAA07
LT52330761987303CUB00
LT52330761988066CUB00
LT52330761988274CUB00
LT52330761989084CUB00
LT52330761989260CUB00
LT52330761990087CUB00
LT52330761990263CUB00
LT52330761991074CUB00
LT52330761991266CUB00
LT52330761992061CUB00
LT52330761992253CUB00
LT52330761993079CUB00
LT52330761993271CUB00
LT52330761994034CUB00
LT52330761994290CUB00
LT52330761995085CUB00
LT52330761995261CUB00
LT52330761996088CUB00
LT52330761996264CUB02
LT52330761997042CUB00
LT52330761997250CUB01
LT52330761998093COA00
LT52330761998253COA02
LT52330761999096CUB00
LT52330761999272COA02

10%
0%
0%
0%
0%
1%
0%
0%
35%
18%
23%
20%
18%
18%
0%
8%
29%
30%
28%
19%
16%
26%
19%
20%
30%
19%
19%
18%
0%
9%

L5 TM
L5 TM
L5 TM
L5 TM
L5 TM
L5 TM
L5 TM
L5 TM
L5 TM
L5 TM
L5 TM
L5 TM
L5 TM
L5 TM
L5 TM
L5 TM
L5 TM
L5 TM
L5 TM
L5 TM
L5 TM
L5 TM
L5 TM
L5 TM
L5 TM
L5 TM
L5 TM
L5 TM
L5 TM
L5 TM

31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60

08 April 2000
23 September 2000
10 March 2001
18 September 2001
29 March 2002
08 September 2003
18 March 2004
26 September 2004
05 March 2005
29 September 2005
08 March 2006
16 September 2006
11 March 2007
19 September 2007
13 March 2008
21 September 2008
16 March 2009
24 September 2009
19 March 2010
11 September 2010
22 March 2011
30 September 2011
12 April 2013
19 September 2013
14 March 2014
22 September 2014
17 March 2015
25 September 2015
19 March 2016
11 September 2016

LT52330762000099CUB00
LT52330762000259CUB02
LT52330762001069COA00
LT52330762001261CUB00
LT52330762002088COA00
LT52330762003251CUB00
LT52330762004078CUB00
LT52330762004254CUB00
LT52330762005064COA00
LT52330762005272CUB00
LT52330762006067CUB02
LT52330762006259COA00
LT52330762007070CUB00
LT52330762007262CUB00
LT52330762008073CUB00
LT52330762008265CUB00
LT52330762009075COA02
LT52330762009267COA02
LT52330762010078CUB00
LT52330762010254CUB00
LT52330762011081CUB00
LT52330762011273CUB00
LC82330762013102LGN01
LC82330762013262LGN00
LC82330762014073LGN00
LC82330762014265LGN00
LC82330762015076LGN00
LC82330762015268LGN00
LC82330762016079LGN00
LC82330762016255LGN00

12%
18%
35%
19%
0%
31%
0%
9%
7%
29%
0%
20%
5%
19%
10%
15%
1%
14%
6%
18%
7%
11%
8%
5%
2%
3%
3%
3%
2%
2%

L5 TM
L5 TM
L5 TM
L5 TM
L5 TM
L5 TM
L5 TM
L5 TM
L5 TM
L5 TM
L5 TM
L5 TM
L5 TM
L5 TM
L5 TM
L5 TM
L5 TM
L5 TM
L5 TM
L5 TM
L5 TM
L5 TM
L8 OLI
L8 OLI
L8 OLI
L8 OLI
L8 OLI
L8 OLI
L8 OLI
L8 OLI
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2.3. Predictive Modelling of Vegetated Surfaces
2.3.1. Meteorological Information and Water Table Depths
The precipitation and temperature data for the salt meadows of Tilopozo were obtained from
historical records (1975–2016) for the Piene meteorological station of the DGA, located 12 km from
the study area (23◦ 410 03”S, 68◦ 030 29”W, 2460 m above the mean sea level). Any missing data
were calculated using an estimate of the average of the corresponding months [38]. The potential
evapotranspiration was calculated using the minimum, maximum and average monthly temperatures
from 1975–2016, as well as the monthly solar radiation for the same period, following the proposals by
Hargreaves et al. [39] and Samani [40] for hyper-arid zones. Subsequently, the dry and wet seasons
were determined by identifying the trimesters with least and most precipitation, respectively [38].
The information on the groundwater level in the salt meadows of Tilopozo was obtained from the
water monitoring network of the Early Warning Plan of the MNT-aquifer [9], which has 30 piezometers
and observation wells installed in the surroundings of the salt meadows of Tilopozo to control or
prevent the negative effects that could result from over-exercising rights to use water from the aquifer
which has been granted for the development of industrial activity. Information on cutting-edge
piezometers and observation wells are available from 2000, when the monitoring scheme for the salt
meadows of Tilopozo began [9].
2.3.2. Construction of Models to Predict Surface Vegetation Cover
The first step in constructing the models consisted of performing covariance and correlation
tests on average precipitation, average evapotranspiration and water table depths from piezometers.
Data from the observation wells of the water monitoring network were used, along with vegetation
cover data for the salt meadows, to determine the best covariance and correlation values and to
define statistically significant relationships between the variables [41]. The procedure was performed
separately for the annual model, and the dry (September to November) and wet (January to March)
season models (Figure 4).

Figure 4. Two-step procedure for the selection of valid variables for the construction of multiple
regression models, such as predictors of surface covered with vegetation in the salt meadows of
Tilopozo, for annual, dry season and wet season data.
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The second step was to select and process the variables that showed a high covariance and
correlation with vegetation cover using a multiple regression model. The models were iterated by
intercalating variables in different positions, after which the best-fit models were selected based on the
following criteria:
(i) models that had the best R2 and R2 -adjusted values;
(ii) models that had high statistical significance; and
(iii) models that had the greatest number of statistically significant variables.
Statistical significance was evaluated using the Fisher’s F-test, with a confidence interval of 95%
(Figure 4). Three prediction models of vegetation cover were constructed:
(i) an annual prediction model;
(ii) a prediction model for the dry period; and
(iii) a prediction model for the wet period.
Models were calibrated for the period 2000–2016. The models were run using rainfall,
evapotranspiration and water table depth data. Variations between the estimated (from satellite
images) and modeled surface vegetation cover were observed.
Models predicting vegetation cover for the salt meadows were validated by comparing the area
estimates from satellite images with those obtained from the models. With that information a trend
line was adjusted, and the coefficient of determination was obtained.
3. Results
3.1. Vegetation Cover in the Tilopozo Salt Meadows between 1985 and 2016
The average decrease in water table depths in the well and piezometers were 8 cm between
1985 and 2016. The average annual rate of decrease for all wells (TP) and piezometers (TPZ) was
−0.013 cm year, ranging from −0.8 cm year at piezometer TPZ2 to −0.0004 cm year at piezometer
TPZ10 (Table 2). The surface vegetation cover, determined from satellite images, in the salt meadows of
Tilopozo showed oscillating behavior, as a function of time. On average, 100.43 ha was covered with
vegetation, with a maximum area of 166.05 ha in March 1995, during the wet season, and a minimum
of 60.48 ha in September, during the dry season of 2009 (Figure 5). A 34 ha decrease in the satellite
image-derived estimates of the vegetated area of the Tilopozo salt meadows was recorded between
1985 and 2016. The differences in the greatest and lowest areal extents of vegetation were higher for
the dry periods (44 ha) than for the wet periods (24 ha) (Figure 5). The rates of vegetation loss differed
markedly before and after 2002. From 1985 to 2002 there was a net increase of 15 ha, equating to 0.88 ha
year. During this time, the maximum area of vegetation was 166 ha in March 1995, and the lowest area
was 62 ha in September 1992 (Figure 6a). Meanwhile, from 2003 to 2016, the decrease in the vegetated
area was lower (−0.54 ha/year); the net decrease was 6 ha (Figure 6b).
Table 2. Average annual water table depths in piezometers (TPZ) and observation wells (TP) used
for the construction of a model for the prediction of the surface covered with vegetation in the salt
meadows of Tilopozo, during the period, 2000–2016.
Phreatic Level of Observation Points (Meters above Sea Level)
(Piezometers = TPZ; Wells = TP)

Year
2000
2001
2002
2004
2005
2006

TPZ2A

TPZ2B

TPZ2C

TPZ3

TPZ4

TPZ8

TPZ12

TP2

−1.53
−1.44
−1.52
−1.53
−1.51
−1.58

−1.08
−1.04
−1.13
−1.17
−1.16
−1.19

−0.99
−0.91
−0.99
−1.02
−1.00
−1.04

−1.21
−1.15
−1.23
−1.22
−1.21
−1.24

−0.96
−0.88
−0.94
−0.91
−0.93
−0.99

−0.65
−0.61
−0.66
−0.66
−0.64
−0.65

−0.84
−0.8
−0.85
−0.85
−0.82
−0.85

−3.78
−3.79
−3.80
−3.84
−3.84
−3.86
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Table 2. Cont.
Phreatic Level of Observation Points (Meters above Sea Level)
(Piezometers = TPZ; Wells = TP)

Year
2007
2008
2009
2010
2011
2013
2014
2015
2016

TPZ2A

TPZ2B

TPZ2C

TPZ3

TPZ4

TPZ8

TPZ12

TP2

−1.58
−1.55
−1.54
−1.57
−1.58
−1.55
−1.55
−1.52
−1.61

−1.20
−1.16
−1.18
−1.20
−1.21
−1.18
−1.24
−1.19
−1.26

−1.07
−1.00
−1.03
−1.06
−1.08
−1.05
−1.08
−1.05
−1.12

−1.26
−1.23
−1.21
−1.25
−1.25
−1.21
−1.24
−1.21
−1.28

−0.98
−0.95
−0.96
−1.04
−1.05
−0.97
−1.00
−0.92
−0.97

−0.67
−0.64
−0.63
−0.66
−0.67
−0.64
−0.68
−0.68
−0.71

−0.86
−0.84
−0.84
−0.87
−0.88
−0.85
−0.89
−0.87
−0.93

−3.9
−3.93
−3.90
−3.92
−3.92
−3.94
−3.96
−3.96
−4.00

Figure 5. Evolution of the area of vegetation cover of the Tilopozo wetlands (from Landsat TM and
OLI-derived normalized differential vegetation index (NDVI) data) for March and September between
1985 and 2016.

3.2. Prediction Models of the Vegetation-Covered Surface
The prediction model for the vegetation-covered surface used water table depth records from
eight piezometers and observation wells (Table 2). This is less than the total number of piezometers
and observation wells in the monitoring network, because some of them were rejected because of
known errors [30].
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Figure 6. Trends in vegetated areas of the Tilopozo salt meadows 1985–2002 (a) and 2003–2016 (b).

3.2.1. Prediction Model of Wet Period Vegetation Cover
The prediction model of the land surface covered with vegetation for the wet period, from January
to March, was formed using the trimester averages of precipitation, evapotranspiration and the water
table levels from piezometers (TPZ2A , TPZ2B , TPZ3 , TPZ4 , TPZ8 and TPZ12 ), and the observation well
TP2 . Ninety-seven iterations were performed to determine the best fit to Equation (1).
Cow = 456 + 1.35 Pp − 0.816 ETp + 266 TPZ2A + 103 TPZ2B − 687 TPZ3
+176 TPZ4 + 1160 TPZ8 − 970 TPZ12 + 113 TP2 ,

(1)

where Cow is the surface covered with vegetation in the wet period (ha); Pp is the precipitation for
the wet period (mm); ETp is the potential evapotranspiration for the wet period (mm); TPZ2A , TPZ2B ,
TPZ3 , TPZ4 , TPZ8 and TPZ12 are the water table levels for the wet period (m); and TP2 is the water
table depth for observation well for the wet period (m).
In this model, six (of 10) variables showed statistical significance (the constant, Pp, TPZ3 , TPZ4 ,
TPZ8 , and TPZ12 ). The model, in its entirety, was statistically significant (p < 0.05), in addition to
showing strong correlations for the estimated values with vegetated areas mapped from satellite
images and modeled data (R2 = 97.10% and R2 (adj.) = 91.90%).
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3.2.2. Prediction Model of Dry Period Vegetation Cover
The equivalent prediction model for the dry period of July–September used trimester averages of
precipitation, evapotranspiration and the water table levels from piezometers, TPZ2B , TPZ4 . TPZ8 ,
and TPZ12 . Ninety-six iterations were performed to determine the best fit to Equation (2).
Cod = 38 + 6.23 Pp + 1.69 ETp + 277 TPZ2B − 64.30 TPZ4 − 464 TPZ8 − 970 TPZ12

(1)

where Cod is the surface covered with vegetation in the dry period (ha); Pp is the precipitation for the dry
period (mm); ETp is the potential evapotranspiration for the dry period (mm); and TPZ2B , TPZ4 , TPZ8
and TPZ12 are the water table levels for the dry period (m). In this model, three (out of seven) variables
showed statistical significance (Pp and to piezometers readings from TPZ2B ). The model, in its entirety,
was statistically significant (p < 0.05), in addition to showing strong correlations for the estimates of
vegetated areas mapped from satellite images and the modeled data (R2 = 81.60% and R2 (adj.) = 67.90%).
3.2.3. Prediction Model of Annual Vegetation Cover
The annual prediction model of the surface covered with vegetation used average annual
precipitation and evapotranspiration, and depths to the water table from the TPZ2C piezometer and the
observation well TP2 . Ninety-nine iterations were performed to determine the best fit to Equation (3).
Co y = −683 + 5.25 Pp + 0.33 ETp − 63.60 TPZ2c + 184 TP2 ,

(3)

where Co y is the surface covered with vegetation for the annual period (ha); Pp is the annual precipitation
for the period (mm); ETp is the potential evapotranspiration for the annual period (mm); TPZ2c is
the piezometers for the annual period (m); and the level for the observation well TP2 for the wet
period (m). In this model, three (out of five) variables showed statistical significance (the constant, Pp,
and TP2 ). The model, in its entirety, was statistically significant (p < 0.05). The correlations between
the estimated values for vegetated area mapped from the satellite images and the modeled data were
high (R2 = 82.20% and R2 (adj.) = 75.10%).
Differences between estimated vegetated area from the annual model and the values obtained
from satellite images were minimal, and were less variable than the dry and wet period models.
Extreme precipitation events, such as those registered in 2002 and 2015, produced differences in the
estimates of the vegetated area mapped from satellite images and modeled values. However, the trends
shown in Figure 7 were similar.

Figure 7. Modeled vegetation areas (annual model) and those estimated from satellite images for the
Tilopozo salt meadows, 2000–2016.
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3.2.4. Model Validation
The estimates of vegetated areas from satellite imagery were compared to outputs from the
predictive models Equations (1)–(3). For the wet period, the average difference between the vegetated
area estimates and the modeled data was 0.91 ± 4.91 ha. The greatest differences were observed in
2004 and 2009, where strong oscillations in the surface covered with vegetation were observed.

Figure 8. Model validations based on modeled and observed data for the wet period model (a),
dry period model (b), and the annual model (c).
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The correlation between the vegetation area estimates and the modeled data was R2 = 92.40%
(Figure 8a). The model for the dry period had an average difference of 0.09 ± 5.11 ha between the
vegetated areas estimates from satellite images and modeled data, although the differences in each
year were greater than in the wet period model. The correlation coefficient between the two estimates
was R2 = 72.80% (Figure 8b). The average difference between vegetated areas mapped from satellite
images and the modeled data was 0.18 ± 6.89 ha. The major differences between the estimated and
modeled data occurred when extreme variations in the surface covered with vegetation were observed.
These were the result of extreme climate events, and show a correlation of R2 = 83.04%.
4. Discussion
The differences observed in the changes in water table depths can be explained by the structure of
the aquifer and the soils of the salt meadows, which were described as having different permeabilities,
which facilitates or hinders the movement of water [42]. Furthermore, Vyacheslav et al. [43] observed
that the well and the piezometers upstream of the salt meadows of Tilopozo presented greater water
table depths due to the cone of depression produced by the extraction of waters in the upper part of
the MNT-aquifer.
After ten years of pumping in the upper part of the MNT-aquifer, there was a decrease in the
water table in the Tilopozo’s salt meadows [44,45]. This in turn generated a change in the observed
vegetal coverage rates.
Thes differences in decreases in the water table (due to variations as the permeability and fissures
in the soil) imply an increase in the aeration zone and a decrease in the saturated zone. This affects the
soil moisture availability of the highest points in the salt meadows, limiting the soil moisture available
for the transitional hygrophytes. The specific responses of these species will depend on adaptive
strategies and root systems [46–48]. Consequently, lowering of the water table is reflected in the loss of
surface areas covered with vegetation.
The surface covered with vegetation in the salt meadows of Tilopozo between 1985 and 2002
showed both intra- and inter-annual oscillations (Figure 5a). This behavior could be due to the
fact that the analysis of the vegetation using NDVI can be influenced by the phenological stage of
the species present in the study area, which may modify the estimation of the surface covered with
vegetation [20,26]. Concerning the species in the salt meadows of Tilopozo, little information is available
on their spectral behavior according to their phenological stage. One of the most important and
extensive plants in the salt meadows of Tilopozo is S. americanus. However, Langley and Megonigal [49]
indicated that determining the phenological stage of S. americanus using NDVI is very complex, because
the biomass is brown, and this generates very low NDVI values, which can be interpreted as bare soil.
In addition, as S. americanus plants increase in height, their leaf areas decrease, which impacts NDVI in
a counterintuitive manner, because higher biomass leads to lower NDVI values [50].
NDVI has been used widely to estimate vegetation biomass, but its use has limitations in arid
lands [51]. For example, vegetation is not always green, and therefore, it is difficult to detect using
NDVI [51,52]. Vegetation can also be confused with soil [53], since darker soils can have higher NDVI
than vegetation [54]. Qu et al. [19] developed a multiple regression model that determined the response
of vegetation to climatic factors, and complex relationships that indicated lags between the occurrence
of a meteorological event, and the observable effects on the NDVI in areas with greater precipitation
were obtained. Meanwhile, du Plessis [16] pointed out that statistical relationships between vegetation
cover and precipitation in arid-zone grasslands are deficient because there are factors that determine
vegetation behavior that cannot be measured from satellite imagery such as slope, soil moisture and
water table depth. Sorrell et al. [55] also identified water table depth as a factor that determines
hygrophyte species cover.
Wetlands with small areal extents have been appropriately delimited through the use of
NDVI [16,17,36,37,56]. These studies have been confirmed by Dong et al. [18], who developed a
wetland map-based in NDVI and obtained accuracies between 83–87%.
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In arid-zone wetlands in Spain, Domíngez-Biesiegel et al. [35] used an NDVI value of 0.20 for the
determination of vegetation. Moreover, Pan et al. [21] evaluated Chinese wetlands using an NDVI
threshold of 0.13, the same value used in this investigation.
Other authors working in similar situations highlighted that the NDVI offers the best estimates of
percentage plant cover and can be used in a wide range of vegetation densities on arid and semi-arid
zone meadows [19,56,57]. Purevdorj et al. [57] highlighted that SAVI is a better indicator of vegetation
cover at low densities than NDVI. However, it is necessary to have soil correction factors to calculate
SAVI, which restricts its application [56,58].
The vegetation in the salt meadows is likely to reduce the NDVI values of Tilopozo, and can be
impacted by various activities, such as the extraction of water in the upper part of the aquifer [9],
cultivation and grazing [24], and even the uncontrolled burning of the vegetation present in the salt
meadows. Burning is not formally recorded, but was observed by the authors during field campaigns
(Figure 9).
The impact of climatic variables on vegetation cover in the salt meadows of Tilopozo was less than
the human actions listed above, and this may be due to the fact that it is hygrophilous, azonal vegetation,
which is not dependent on climatic conditions, but rather depends primarily on the availability of
water coming from aquifers, or other hydrological characteristics of the study area, such as streamflow
in rainy periods [7,59]. A high dependence of vegetation on water table depths was observed in all
prediction models; see Equations (1)–(3). This inference is supported by high correlation coefficients
between vegetation cover and water table depths recorded in the water monitoring network.

Figure 9. Schoenoplectus americanus meadows at Tliopozo that were damaged by an intentional fire in
November 2017; authors’ photograph.

These characteristics are valid for multiple regression models with different objectives [13,60,61].
The statistical performance of the models developed in this research for the wet, dry and annual periods
was corroborated by obtaining the best R2 and R2 -adjusted values and their statistical significance.
Consequently, the predictive models were well balanced and very close to the estimated values
(Figure 6), with the average differences between modeled and satellite image-derived vegetation area
estimates not exceeding 1 ha in any of the 90 surfaces investigated for the salt meadows of Tilopozo.
The behavior of the prediction models was affected by the occurrence of abrupt increases and decreases
ing vegetation cover. These variations are probably due to extreme weather events, such as the 40.5 mm
of precipitation recorded in 24 h in 2002, which can be compared to the mean annual precipitation of 20
mm. Extreme weather phenomena may activate growth in many of the species present in the area [62].
The occurrence of such events affects the efficiency of the models, and can lead to under- and
overestimation in predicted values [63]. The accuracy and the use of data from the water monitoring
network prediction models of vegetation cover can be used in follow-up work in wetlands like those at
Tilopozo. The follow-up work on vegetation behavior, through the use of a water monitoring network
data, should enable the determination of the status of a wetland, and be able to integrate human
pressures [64].
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The existing research into the wetlands studied has focused on evaluating their composition and
structure [24,65,66], but there has been little research into the background status of these wetlands
against which predicted future states can be compared [63]. According to Liu et al. [64], in the Ordos
Larus Relictus National Nature Reserve, China, there was a change in the structure of the wetland
between 1990 and 2014 due to climate change and the indiscriminate extraction of water. The free water
column decreased by 83.7%, which resulted in vegetation fluctuations. Liu et al. [64] also predicted
that, by 2100, the free water column will have almost disappeared, and that vegetation present will be
reduced by 22.3%.
5. Conclusions
The historical analysis of the surface covered with vegetation in the Tilopozo salt meadows showed
a loss of 34 ha between 1985 and 2016, which equates to an average annual loss of 1.08 ha year−1 . These
changes were mainly correlated with water table variations. A possible lag of ten years between the
start of the pumping in the upper part of MNT-aquifer and the first observable effects on the vegetation
cover in the Tilopozo salt meadows was also noted.
The behaviour of the vegetation cover was less dependent on meteorological conditions than on
groundwater levels. Nonetheless, the existence of extreme precipitation events generated significant
increases in vegetation coverage, which were mainly induced by the activation of germplasm or the
activation of transitional hygrophilic species in the salt meadow ecotone.
The three predictive models showed high correlations between the modeled vegetation cover and
vegetation area estimates from satellite data. The models comply with the objective of being simple to
build and based on easily accessible information.
The annual model had high correlation (R2 = 83.04%), and is proposed as a tool that will allow the
behavior of the vegetation covered surface estimated, using only meteorological information and the
groundwater levels in the piezometers and and the observation well.
The development of the prediction models has facilitated an understanding of some of the
reasons for the fluctuations on the vegetation cover of the Tilopozo salt meadows, in particular climate
variability and human actions. Climate change may ultimately be very important as it affects water
availability in the high Andes [67]. Prediction models like the ones developed in this research will
allow the status of salt meadows and other types of wetlands in hyper-arid areas to be predicted.
They can be useful tools in conservation planning and management, as well as in developing a deeper
understanding of the behavior of vegetation. The models developed in this research will, in particular,
help improve water management in the MNT-aquifer and help lessen the impact of pumping on the
Tilopozo wetland.
Author Contributions: J.S., C.R.-F., and M.P. conceived and designed this study; J.S. and C.R.-F. executed the
methodology; J.S., C.R.-F. and M.P. wrote the paper.
Conflicts of Interest: The authors declare no conflicts of interest.

References
1.

2.
3.
4.

Otto, M.; Scherer, D.; Richters, J. Hydrological differentiation and spatial distribution of high altitude
wetlands in a semi-arid Andean region derived from satellite data. Hydrol. Earth Syst. Sci. 2011, 15,
1713–1727. [CrossRef]
Fowler, D.N.; King, S.L.; Weindorf, D.C. Evaluating abiotic influences on soil salinity of inland managed
wetlands and agricultural croplands in a semi-arid environment. Wetlands 2014, 34, 1229–1239. [CrossRef]
Möller, P.; Muñoz-Pedreros, A. Legal protection assessment of different inland wetlands in Chile. Rev. Chil.
Hist. Nat. 2014, 87, 23. [CrossRef]
Dirección General de Aguas (DGA). Actualización Delimitación de los Acuíferos que Alimentan Vegas y Bofedales,
Región de Antofagasta; Ministerio de Obras Públicas, Gobierno de Chile: Santiago, Chile, 2001; pp. 1–109.
(In Spanish)

Land 2019, 8, 20

5.

6.

7.
8.

9.
10.
11.
12.
13.
14.
15.
16.
17.
18.

19.
20.
21.

22.

23.
24.
25.
26.
27.
28.

15 of 17

Barducci, A.; Guzzi, D.; Marcoionni, P.; Pippi, I. Aerospace wetland monitoring by hyperspectral imaging
sensors: A case study in the coastal zone of San Rossore Natural Park. J. Environ. Manag. 2009, 90, 2278–2286.
[CrossRef]
Grobicki, A.; Chalmers, C.; Jennings, E.; Jones, T.; Peck, D. An Introduction to the Convention on Wetlands
(previously The Ramsar Convention Manual), 5th ed.; Ramsar Convention Secretary: Gland, Switzerland, 2016;
pp. 8–63.
Ellenberg, H. Vegetation Ecology of Central Europe, 4th ed.; Cambridge University Press: Cambridge, UK, 2009;
p. 731.
Anderson, M.; Low, R.; Foot, S. Sustainable groundwater in arid, high Andean basins. In Sustainable
Groundwater Development; Hiscock, K.M., Rivett, M.O., Davison, R.M., Eds.; The Geological Society of London:
London, UK, 2002; pp. 133–144.
Centro de Ecología Aplicada (CEA). Plan de Alerta Temprana del Acuífero Monturaqui-Negrillar-Tilopozo; Minera
Escondida: Santiago, Chile, 2015; p. 673. (In Spanish)
Gaitanis, A.; Kalogeropoulos, K.; Detsis, V.; Chalkias, C. Monitoring 60 Years of Land Cover Change in the
Marathon Area, Greece. Land 2015, 4, 337–354. [CrossRef]
Hyandye, C.; Geoffrey, C.; Safari, J. GIS and Logit Regression Model Applications in Land Use/Land Cover
Change and Distribution in Usangu Catchment. Am. J. Remote Sens. 2015, 3, 6–16. [CrossRef]
Los, S.; Collatz, G.; Bounoua, L.; Sellers, P.; Tucker, C. Global interannual variations in sea surface temperature
and land surface vegetation, air temperature, and precipitation. J. Clim. 2001, 14, 1535–1549. [CrossRef]
Chahouki, M.; Chahouki, A. Predicting the distribution of plant species using logistic regression (Case study:
Garizat rangelands of Yazd province). Desert 2010, 15, 151–158. [CrossRef]
Beck, L.; Hutchinson, C.; Zaunderer, J. A comparison of greenness measures in two semi-arid grasslands.
Clim. Chang. 1990, 17, 287–303. [CrossRef]
Kennedy, P.J. Monitoring the phenology of Tunisian grazing lands. Int. J. Remote Sens. 1989, 10, 835–845.
[CrossRef]
Du Plessis, W. Linear regression relationships between NDVI, vegetation and rainfall in Etosha National
Park, Namibia. J. Arid Environ. 1999, 42, 235–260. [CrossRef]
Mwita, E.; Menz, G.; Misana, S.; Becker, M.; Kisanga, D.; Boehme, B. Mapping small wetlands of Kenya and
Tanzania using remote sensing techniques. Int. J. Appl. Earth Obs. Geoinf. 2013, 21, 173–183. [CrossRef]
Dong, Z.; Wang, Z.; Liu, D.; Song, K.; Li, L.; Jia, M.; Ding, Z. Mapping Wetland Areas Using Landsat-Derived
NDVI and LSWI: A Case Study of West Songnen Plain, Northeast China. J. Indian Soc. Remote Sens. 2014, 42,
569–576. [CrossRef]
Qu, B.; Zhu, W.; Jia, S.; Lv, A. Spatio-Temporal Changes in Vegetation Activity and Its Driving Factors during
the Growing Season in China from 1982 to 2011. Remote Sens. 2015, 7, 13729–13752. [CrossRef]
Li, D.; Lu, D.; Wu, M.; Shao, X.; Wei, J. Examining land cover and greenness dynamics in Hangzhou Bay in
1985–2016 using Landsat time-series data. Remote Sens. 2018, 10, 32. [CrossRef]
Pan, F.; Xie, J.; Lin, J.; Zhao, T.; Ji, Y.; Hu, Q.; Pan, X.; Wang, C.; Xi, X. Evaluation of climate change impacts on
wetland vegetation in the Dunhuang Yangguan National Nature Reserve in Northwest China using Landsat
derived NDVI. Remote Sens. 2018, 10, 735. [CrossRef]
Wilson, N.R.; Normal, L.M. Analysis of vegetation recovery surrounding a restored wetland using the
normalized difference infrared index (NDII) and normalized difference vegetation index (NDVI). Int. J.
Remote Sens. 2018, 39, 3243–3274. [CrossRef]
Guo, M.; Li, J.; Shen, C.; Xu, J.; Wu, L. A review of wetland remote sensing. Sensors 2017, 17, 777. [CrossRef]
Amler, E.; Schmidt, M.; Menz, G. Definitios and mapping of East African Wetlands: A review. Remote Sens.
2015, 7, 5256–5282. [CrossRef]
Li, S.-N.; Wang, G.-X.; Deng, W.; Hu, Y.-M.; Hu, W.-W. Influence of hydrology process on wetland landscape
pattern: A case study in the Yellow River Delta. Ecol. Eng. 2009, 35, 1719–1726. [CrossRef]
Verbesselt, J.; Hyndman, R.; Newnham, G.; Culvenor, D. Detecting trend and seasonal changes in satellite
image time series. Remote Sens. Environ. 2010, 114, 106–115. [CrossRef]
Keddy, P. Freshwater Marshes. In Ecosystem Ecology; Jorgensen, S., Ed.; Elsevier B.V.: Amsterdam,
The Netherlands, 2008.
Zedler, B.; Bonin, C.; Larkin, D.; Varty, A. Salt Marshes. In Ecosystem Ecology; Jorgensen, S., Ed.; Elsevier B.V.:
Amsterdam, The Netherlands, 2008.

Land 2019, 8, 20

29.
30.

31.
32.
33.
34.
35.

36.
37.

38.
39.
40.
41.
42.

43.

44.
45.

46.
47.

48.

49.
50.

16 of 17

Ruthsatz, B. Vegetation und OkologietropischerHochge—Birgsmoore in den Anden Nord-Chiles.
Phytocoenologia 1995, 25, 185–234. [CrossRef]
Ahumada, M.; Faúndez, G. Guía Descriptiva de los Sistemas Vegetacionales Azonales hídricos Terrestres de la
Ecorregión Altiplánica (SVAHT); Servicio Agrícola y Ganadero, Ministerio de Agricultura de Chile: Santiago,
Chile, 2009; p. 118. (In Spanish)
Centro de Ecología Aplicada (CEA). Diagnóstico y Gestión Ambiental Integrada de Humedales Altoandinos;
Ministerio de Medio Ambiente: Santiago, Chile, 2015; p. 408. (In Spanish)
Chander, G.; Markham, B.; Helder, D. Summary of current radiometric calibration coefficients for Landsat
MSS, TM, ETM+, and EO-1 ALI sensor. Remote Sens. Envirom. 2009, 113, 893–903. [CrossRef]
Chavez, P. Image-based atmospheric corrections-revisited and improved. Photogramm. Eng. Remote Sens.
1996, 62, 1025–1036.
Chuvieco, E. Teledetección Ambiental; Editorial Ariel S.A.: Barcelona, Spain, 2008; p. 594. (In Spanish)
Domínguez-Beisiegel, M.; Castañeda, C.; Mougenot, B.; Herrero, J. Analysis and mapping of the spectral
characteristics of fractional green cover in saline wetlands (NE Spain) using field and remote sensing data.
Remote Sens. 2016, 8, 590. [CrossRef]
Castro, C.; Montaña, Á.; Pattillo, C.; Zúñiga, Á. Detección del área con desierto florido en el territorio del
Mar de Dunas de Atacama, mediante percepción remota. Rev. Geogr. Norte Gd. 2014, 57, 103–121. [CrossRef]
Montalva, D.; Monti, C.; Montenegro, N.; Román-Figueroa, C.; Paneque, M. Evolución de la
Deforestación/Devegetación en el norte grande de Chile. In Proceedings of the XV Conferencia Iberoamericana
de Sistemas de Información Geográfica, Valparaíso, Chile, 9–11 September 2015; pp. 37–48.
Gómez, L.; Medina, M. Guía de Métodos Estadísticos en Climatología, 1st ed.; Universidad Nacional Autónoma
de México: Ciudad de México, Mexico, 2012; p. 94. (In Spanish)
Hargreaves, G.; Samani, Z. Reference crop evapotranspiration from temperature. Appl. Eng. Agric. 1985, 1,
96–99. [CrossRef]
Samani, Z. Estimating solar radiation and evapotranspiration using minimum climatological data. J. Irrig.
Drain. Eng. 2000, 126, 96–99. [CrossRef]
Di Rienzo, J.; Casanoves, F.; González, L.; Tablada, E.; Díaz, M.; Robledo, C.; Balzarini, M. Estadística para las
Ciencias Agropecuarias, 3rd ed.; Editorial Brujas: Córdoba, Argentina, 2005; p. 329. (In Spanish)
Centro de Información de Recursos Naturales (CIREN). Sistema de Información Territorial de Humedales
Altoandinos. Suelos II Región de Antofagasta; Centro de Información de Recursos Naturales: Santiago, Chile,
2016; p. 10. (In Spanish)
Vyacheslav, Y.; Rudenko, A.; Bohuslavsky, V.; Bublias, M. Chernobyl-Born radionuclides: Groundwater
protectability whit respect to preferential flow zones. In Applied Hydrogeophysics; Vereecken, H., Binley, A.,
Cassiani, G., Revil, A., Titov, K., Eds.; Springer: Dordrecht, The Netherlands, 2006; pp. 341–376.
Risacher, F.; Alonso, H. Geoquímica del Salar de Atacama, parte 2: Evolución de aguas. Rev. Geol. Chile 1996,
2, 123–134.
Dirección General de Aguas (DGA). Diagnóstico y Sistematización de Información de Planes de Alerta Temprana
Vigentes con Condicionamiento de Derechos; Ministerio de Obras Públicas, Gobierno de Chile: Santiago, Chile,
2014; p. 534. (In Spanish)
Wantzen, K.; Junk, W. Riparian wetlands. In Ecosystem Ecology; Jorgensen, S., Ed.; Elsevier B.V.: Amsterdam,
The Netherlands, 2008; pp. 342–351.
Yin, L.; Zhou, Y.; Huang, J.; Wenninger, J.; Zhang, E.; Hou, G.; Dong, J. Interaction between groundwater and
trees in an arid site: Potential impacts of climate variation and groundwater abstraction on trees. J. Hydrol.
2015, 528, 435–448. [CrossRef]
León, A.; Soto, J.; Seguel, O.; Pérez, J.; Osses, D.; Leiva, N.; Zerega, L. Cobertura vegetal y erosión evitada en
vegas altoandinas, cuenca del río Yeso. In Procesos de Erosión y Sedimentación en Cauces y Cuencas; Balocchi, F.,
Chreties, C., Eds.; Programa Hidrológico Internacional (PHI)-UNESCO: Montevideo, Uruguay, 2016; Volume
3, pp. 97–117. (In Spanish)
Langley, J.A.; Megonigal, J.P. Field-based radiometry to estimate tidal marsh plant growth in response to
elevated CO2 and nitrogen addition. Wetlands 2002, 32, 571–578. [CrossRef]
Kearney, M.S.; Stutzer, D.; Turppie, K.; Stevenson, J.C. The effects of tidal inundation on the reflectance
characteristics of coastal marsh vegetation. J. Coast. Res. 2009, 25, 1177–1186. [CrossRef]

Land 2019, 8, 20

51.

52.
53.
54.

55.
56.
57.
58.

59.
60.
61.
62.

63.
64.

65.

66.
67.

17 of 17

Tian, F.; Brandt, M.; Liu, Y.; Verger, A.; Tagesson, T.; Diouf, A.A.; Rasmussen, A.; Mbow, C.; Wang, J.;
Fensholt, R. Remote sensing of vegetation dynamics in drylands: Evaluating vegetation optical depth (VOP)
using AVHRR NDVI and in situ green biomass data over West African Savel. Remote Sens. Environ. 2016,
117, 265–276. [CrossRef]
Munyati, C.; Ratshibvumo, T. Characterizing vegetation cover in relation to land use in the Inkomati
catchment, South Africa, using Landsat imagery. Area 2011, 43, 189–201. [CrossRef]
Weiss, J.L.; Gutzler, D.S.; Coonrod, J.E.A.; Dahm, C.N. Long-term vegetation monitoring with NDVI in a
diverse semi-arid setting, central New Mexico, USA. J. Arid Environ. 2004, 58, 249–272. [CrossRef]
Fensholt, R.; Sandholt, I.; Rasmussen, M.S. Evaluation of MODIS LAI, fPAR and the relation between fAPAR
and NDVI in a semi-arid environment using in situ measurements. Remote Sens. Environ. 2004, 91, 490–507.
[CrossRef]
Sorrell, B.; Tanner, C.; Brix, H. Regression analysis of growth responses to water depth in three wetland plant
species. AoB Plants 2012, 43, 1–14. [CrossRef]
Abaurrea, M. Comparación de Índices de Vegetación en Zona Semiárida de Navarra; Universidad Pública de
Navarra: Navarra, Spain, 2013; p. 34. (In Spanish)
Purevdorj, T.; Tateishi, R.; Ishiyama, T.; Honda, Y. Relationships between percent vegetation cover and
vegetation indices. Int. J. Remote Sens. 1998, 19, 3519–3535. [CrossRef]
Navarro, J.; Meléndez-Pastor, I.; Gómez, I.; Almendro, M. Segmentación de imágenes mediante el empleo
de índices de vegetación para la estimación de parámetros edáficos. In Proceedings of the XII Congreso
Nacional de Tecnologías de la Información, Universidad de Granada, Granada, Spain, 19–23 September 2006;
pp. 1093–1105.
Nucci, A.; Angiolini, C.; Landi, M.; Bacchetta, G. Regional and local patterns of riparian flora: Comparison
between insular and continental mediterranean rivers. Ecoscience 2012, 19, 213–224. [CrossRef]
Nieves, A.; Domínguez, F. Probabilidad y Estadística Para Ingeniería. Un Enfoque Moderno; McGraw Hill
Interamericana: Ciudad de México, Mexico, 2010; p. 547. (In Spanish)
Narváez, H.; Bustamante, I.; Combatt, E. Estimación de la salinidad en suelos del delta del río Sinú en
Colombia, mediante modelos de regresión lineal múltiple. IDESIA 2014, 32, 81–90. [CrossRef]
Pliscoff, P.; Zanetta, N.; Hepp, J.; Machuca, J. Efectos sobre la flora y vegetación del evento de precipitación
extreme de agosto de 2015 en Alto Patache, Desierto de Atacama, Chile. Rev. Geogr. Norte Gd. 2017, 68,
91–103. [CrossRef]
Cui, X.; Gibbes, C.; Southworth, J.; Waylen, P. Using remote sensing to quantify vegetation change and
ecological resilience in a semi-arid system. Land 2013, 2, 108–130. [CrossRef]
Liu, D.; Cao, C.; Chen, W.; Ni, X.; Tian, R.; Xing, X. Monitoring and predicting the degradation of a semi-arid
wetland due to climate change and water abstraction in the Ordos Larus relictus National Nature Reserve,
China. Geomat. Nat. Hazard Risk 2017, 8, 367–383. [CrossRef]
Beuel, S.; Alvarez, M.; Amler, E.; Behn, K.; Kotze, D.; Kreye, C.; Leemhuis, C.; Wagner, K.; Willy, D.K.;
Ziegler, S.; Becker, M. A rapid assessment of anthropogenic disturbances in East African wetlands. Ecol. Indic.
2016, 67, 684–691. [CrossRef]
Reis, V.; Hermoso, V.; Hamilton, S.K.; Ward, D.; Fluet-Chouinard, E.; Lehner, B.; Linke, S. A global assessment
of inland wetland conservation status. Bioscience 2017, 67, 523–533. [CrossRef]
Espinoza, P.; Romero, H. Variabilidad y cambios climáticos observados y esperados en el Altiplano del norte
de Chile. Rev. Geogr. Norte Gd. 2015, 62, 169–183. [CrossRef]
© 2019 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

