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Abstract: Lake Poopó is located in the Andean Mountain Range Plateau or Altiplano. A general
decline in the lake water level has been observed in the last two decades, coinciding roughly with an
intensification of agriculture exploitation, such as quinoa crops. Several factors have been linked
with the shrinkage of the lake, including climate change, increased irrigation, mining extraction and
population growth. Being an endorheic catchment, evapotranspiration (ET) losses are expected to
be the main water output mechanism and previous studies demonstrated ET increases using Earth
observation (EO) data. In this study, we seek to build upon these earlier findings by analyzing an
ET time series dataset of higher spatial and temporal resolution, in conjunction with land cover
and precipitation data. More specifically, we performed a spatio-temporal analysis, focusing on
wet and dry periods, that showed that ET changes occur primarily in the wet period, while the dry
period is approximately stationary. An analysis of vegetation trends performed using 500 MODIS
vegetation index products (NDVI) also showed an overall increasing trend during the wet period.
Analysis of NDVI and ET across land cover types showed that only croplands had experienced an
increase in NDVI and ET losses, while natural covers showed either constant or decreasing NDVI
trends together with increases in ET. The larger increase in vegetation and ET losses over agricultural
regions, strongly suggests that cropping practices exacerbated water losses in these areas. This
quantification provides essential information for the sustainable planning of water resources and
land uses in the catchment. Finally, we examined the spatio-temporal trends of the precipitation
using the newly available Climate Hazards Group Infrared Precipitation with Stations (CHIRPS-v2)
product, which we validated with onsite rainfall measurements. When integrated over the entire
catchment, precipitation and ET showed an average increasing trend of 5.2 mm yr−1 and 4.3 mm yr−1,
respectively. This result suggests that, despite the increased ET losses, the catchment-wide water
storage should have been offset by the higher precipitation. However, this result is only applicable to
the catchment-wide water balance, and the location of water may have been altered (e.g., by river
abstractions or by the creation of impoundments) to the detriment of the Lake Poopó downstream.

Keywords: evapotranspiration ET; NDVI; precipitation; water resources; catchment; Lake Poopó;
MODIS; CHIRPS; climate change

1. Introduction

Endorheic or terminal catchments, i.e., those with no surface drainage to rivers or oceans constitute
25% of the world’s continental area (excluding Greenland and Antarctica) and are mostly located in
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semi-arid and arid climates [1]. Given the lack of outlet drainage, the surface water storage in endorheic
catchments depends critically on the equilibrium among precipitation, evapotranspiration (ET) and
groundwater exchange [2–4]. This equilibrium is affected, for example, by increases in agricultural
land and irrigation, which intensifies ET water losses. ET and evaporation from open water surfaces
may also be exacerbated by warming temperatures. Climate change combined with human activity
has caused severe perturbances in the water balance of several endorheic basins around the world,
leading to the shrinkage of their terminal lakes [4,5], such as Lake Urmia in Iran [6,7], the Aral Sea
in Kazahkstan and Uzbekistan [8,9], Lake Chad in Central Africa [10] and the Great Salt Lake in the
USA [5].

The Altiplano, in the Andean Mountain Range, is an endorheic, semi-arid catchment and the
second largest mountain plateau in the world. Several studies have highlighted the vulnerability
of the Altiplano’s water resources to climate change. For example, López-Moreno et al. [11] and
Hunziker et al. [12] documented temperature increases in the Altiplano in the order of 0.20 ◦C decade−1

for the periods 1965–2012 and 1981–2010, respectively. Hoffmann and Requena [13] estimated the
impact of long-term temperature increments on water resources in the northern part of the Altiplano
and concluded that it would lead to a dramatic reduction of water in lakes, rivers, glaciers and wetlands,
especially during the dry season. Other studies [14], using time-series of satellite images, revealed a
43% reduction of the total glacial cover in the Bolivian Andean Mountains in the period 1986–2014,
which has given rise to new and potentially dangerous proglacial lakes. Vuille et al. [15] projected
a decrease in water availability due to the retreat of Tropical Andean glaciers and the consequent
decrease of their reservoir effect. Using global and regional climate models [16–18], some studies
predicted changes in precipitation patterns that would lead to the intensification of floods and droughts
in the area. In addition to climate change, anthropogenic activities have increased the pressure on
the Altiplano’s water resources and are likely to exacerbate it further in the future. For example,
annual quinoa yield, for which the Altiplano is a major producer, escalated from 28,500 to 75,500 tonnes
in Bolivia between 2008 and 2014 [19]. Satgé et al. [20] showed increasing ET rates over cropland
in the Altiplano between 2000 and 2014, suggesting its connection to the agriculture intensification.
According to Buytaert and De Bièvre [21] the projected population growth in the tropical Andes will
increase water demand by up to 50% in 2050. Based on population projections and glacio-hydrological
simulations, several scenarios of increase in water demand in Bolivia from 2011 to 2039 of magnitudes
ranging from 15% to 53% have been observed [22]. Mining, which is one of the main economic activities
in the area, has increased significantly during the last decade leading to the release of heavy metals
and other pollutants into the water bodies, thus impairing soil productivity, local fauna and human
water use [23,24].

Lake Poopó, at the South East of the Andean Altiplano, is a shallow saline lake which supports
livestock and fishing activities of local communities [20,25,26]. More than half of Lake Poopó’s annual
input comes from the Desaguadero River, which originates from Lake Titicaca’s overflow. Apart from
rare overspills towards the Laca Jahuira River, on the southwest of the lake [26,27], the major water loss
mechanism of Lake Poopó is evaporation. The Desaguadero River and Poopó’s catchments undergo
pronounced wet and dry seasons, causing a rapid recharge of Lake Poopó during the wet season, and a
slower decline of water levels as the evaporation exceeds the inflows in the dry season [25]. The annual
maximum and minimum lake extents strongly depends on the annual precipitation, as shown by
Satgé et al. [20]. As a result of this dependency, Lake Poopó dried completely on several occasions in
the past after severe dry episodes, e.g., in the early 1940’s, 1970’s, mid–1990’s and late 2015 [25].

Apart from the above mentioned specific extreme dry periods, some authors have claimed a
declining trend in Lake Poopó water storage in the last two decades [20,28]. Satgé et al. [20] highlighted
the clear decoupling of the lake extent from the annual precipitation in 2013 and 2014. Several studies
have related the lake’s decline to the abovementioned pressures over the Altiplano water resources:
rapid expansion of arable land in the catchment and an associated increase of ET losses [20]; the
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decreasing flow discharge in the Desaguadero River, presumably linked to irrigation uses [25,29,30],
and the increased evaporation due to climate warming [11,29].

The lack of substantial ground-based hydro-meteorological observations and the large extent of
the study area lead to the use of remote sensing data techniques to map and monitor the Altiplano
water resources trends. Earth observation satellites have imaged the Earth periodically since the 1970s.
These images can be processed to derive a wide range of spatial information of paramount relevance
for water resource monitoring, such as the extent of water bodies [31–35], the spatial distribution
of rainfall [36–38], inland water surface temperature [39–42], vegetation indexes [43–48] and ET
dynamics [49–53], among others.

Satgé et al. [20] used monthly satellite products to assess ET losses over the Altiplano for the
period 2000–2014 and pointed at the ET increase from cropland as a potential driver of Lake Poopó’s
decline. The highest increases in ET were located in the northern part of the Desaguadero-Poopó (DP)
system, despite the maximum cropland expansion being reported at the south and southwest of Lake
Poopó by Jacobsen et al. [54] and Ayaviri and Vallejos [55]. So far, there is no integrated assessment of
ET and vegetation tendencies for the study area. A better understanding of the interconnection among
those factors is critical to tackle jointly land use and water resources planning.

The study presented here builds on the critical findings on ET trends by Satgé et al. [20] and
extends those by using improved and more frequent ET products. Furthermore, we undertook, for the
first time, an integrated assessment of vegetation, ET losses and precipitation spatio-temporal trends
over the DP system. The study exploits the improved ET product from the National Aeronautics
and Space Administration (NASA) obtained by the Moderate Resolution Imaging Spectroradiometer
(MODIS, MOD16A2.006 Global Terrestrial Evapotranspiration 8–Day Global 500 m; [53]) together with
MODIS Terra and Aqua vegetation index product (MOD13Q1.006 and MYD13Q1.006 16–Day Global
250 m; [56,57]) and Climate Hazards Group InfraRed Precipitation with Station Data (CHIRPS [58])
precipitation product. The processing was conducted using the new cloud-based Google Earth Engine,
which enabled the integration of the complete time series of daily and 8-day products for the period of
analysis, involving over 5000 raster datasets.

Temporal trends of vegetation, ET and precipitation were mapped for the entire study period,
which encompassed the sharp increase in quinoa yield. The trends for the wet and dry seasons were also
analysed independently for the first time. An additional novelty of this study is the characterization of
ET and vegetation trends and absolute values for the broad land uses and geographical areas in the
Altiplano. Although absolute values must be taken with caution due to their limited validation over
the study area, their temporal trends are robust, and they represent the relative water consumption
among different land covers. This information is of paramount relevance for the sustainable land use
planning and management of water resources in the Altiplano. It is worth noting that, although final
figures of precipitation inputs and ET outputs are provided for the entire system, a water balance
was not attempted and the main conclusions are drawn from the comparison of the reliable temporal
trends of those parameters.

2. Materials and Methods

2.1. Study Area and Period

The Andean Altiplano is the second largest mountain plateau on the Earth after the Tibetan
Plateau. It has an approximate area of 192,000 km2 at an average elevation of 4000 m, distributed over
the countries as follows: Chile (4%), Peru (26%) and Bolivia (70%). The highest point is Mount Sajama
(6542 m) and the lowest is at the bottom of Lake Titicaca (3533 m) [59]. It is one of the poorest regions
in South America with a total population of 2.2 million [59].

Two large lakes lay on the Altiplano: Titicaca and Poopó (Figure 1). Lake Titicaca feeds the
Desaguadero River which ends at Lake Poopó, contributing approximately 65% of its water volume [25].
This research will focus on the DP system which is the surface catchment contributing runoff to Lake
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Poopó. The DP has an area of approximately 58,000 km2 at a mean terrain elevation of 3810 m,
limited by Lake Titicaca to the north, Cordillera Occidental to the south west and Cordillera Real to the
north east (separates the DP from the Amazon basin). The DP is virtually an endorheic system with
rare overspill discharge events towards Salar de Uyuni [26,27].
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Figure 1. Study area indicating: (a) the location of the Titicaca-Desaguadero-Poopó-Salares
(TDPS) system within the South American continent; and the DP system within the TDPS; (b) the
Desaguadero-Poopó (DP) system, the Regions of Interest (ROIs) representative of land cover types (see
Section 2.3 for land-cover definitions) and the location of meteorological stations.

Annual precipitation varies with the latitude, ranging from about 750 mm yr−1 in the north
to 160 mm yr−1 in the arid south. Rainfall is very unevenly distributed over the year, with 95% of
the annual precipitation falling between October and March, while July and August are the driest
months. The average annual temperatures are around 10 ◦C, achieving their minimum during the
months of June and July and their peaks in the months of December and January. According to
Pillco-Zolá et al. [60], the monthly average relative humidity varies between 52% and 68%. In terms
of vegetation, 65% of the total vegetation area is covered by grassland followed by alpine vegetation
(12%), crops (11%), bareland (9%) and wetland (3%). The most common crops in the Altiplano are
potatoes and quinoa [54,61] being the area of largest quinoa production in the world.

This study analysed the vegetation, ET and precipitation spatio-temporal trends in the DP system
for the period 2002–2014. The years 2015 and 2016 were excluded from the analysis due to the
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occurrence of an extreme El Niño phenomenon, which significantly altered the hydrological trends.
The analysis was carried out encompassing the entire period from 2002 to 2014, and also focusing
on the wettest months, January and February, and the driest ones, July and August. The overall and
seasonal trends were mapped over the entire DP system, and also examined independently for the
main land cover types.

2.2. Experimental Data

The remote sensing products and on-site records used in this study are listed in Table 1. Most of
the analyses were carried out using the Google Earth Engine (GEE) platform [62], which enabled the
effective access and processing of large spatio-temporal datasets.

Table 1. Datasets used in this study.

PRODUCT NAME MOD16A2 MOD13Q1 MYD13Q1 MOD09A1 SRTM CHIRPS

Physical magnitude Evapotranspiration
(ET) NDVI NDVI Reflectance Terrain elevation Precipitation

Spatial resolution 500 m 250 m 250 m 500 m 30 m 0.05 arc degrees
Temporal interval 8 days 16 days 16 days 8 days N/A Daily

Number of
products used 16 May 2012 Mosaic of 10

granules
Entire study period 598 299 288 4748

Wet season 105 52 48 770
Dry season 104 52 52 806

2.2.1. Satellite Data

Two identical MODIS instruments are installed on board the Terra and Aqua satellites of the
NASA, each imaging the entire Earth twice daily. Optimal quality pixels (i.e., with no sub-pixel cloud,
low aerosol nor sensor view angle <30 degrees) from consecutive MODIS images are selected and
used to produce vegetation index maps at 8-day intervals, made available as products MOD13Q1
and MYD13Q1 [56,57]. For the analysis of vegetation trends in the DP system, this study used the
normalized difference vegetation index [63]. The accuracy of the MOD13Q1 and MYD13Q1 NDVI
values for clear pixels is reported as ±0.025 [64].

Global actual and potential ET (ET, ETp) estimates are also derived from MODIS images combined
with ancillary datasets and made available at 8-day intervals as product MOD16A2 [53,65]. ET estimates
account for the actual (as opposed to potential) evaporation from canopy and soil, and for the real
transpiration through plant´s stomata, and are provided in mm day−1. This study used ET and ETp
product MOD16A2 version 6, which improves the previous version 5 in spatial resolution, from 1000 m
to 500 m, and in the accuracy of near real-time surface weather data. It has been validated for 232
watersheds and 46 eddy flux towers [53], and its accuracy has been assessed with an average mean
absolute error of about 24%, within the 10%–30% range of accuracy of ground ET observations [53,66,67].

MODIS surface reflectance [68] data was acquired for 16 May 2012, at the end of the wettest season
in the study period, to generate a water mask. Table 1 summarizes the satellite data used in this study.

2.2.2. Precipitation Data

Precipitation data were collected from on-site meteorological stations and from satellite rainfall
estimation products. Monthly precipitation data were obtained from twenty-one meteorological
stations of the Servicio Nacional de Meteorología e Hidrología de Bolivia (SENAMHI). Figure 1 shows
the location of these stations, which is sparse and not representative of high-elevation areas. In order
to retrieve measurements from areas poorly gauged by meteorological stations, satellite precipitation
estimations from CHIRPS were used. CHIRPS is a global rainfall dataset at 0.05 arc degree resolution,
derived from satellite and in-situ precipitation measurements, developed by the U.S. Geological
Survey (USGS) and the Climate Hazards Group [58]. CHIRPS precipitation data were successfully
validated in areas adjacent to the DP system [69,70]. Here, monthly accumulated precipitation from
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each on-site meteorological station was compared to the one provided by its corresponding CHIRPS
pixel. Figure 2 depicts the scatter plot for the two datasets, with a Spearman’s correlation coefficient
(CC) of 0.87 with significant results and bias of 2.25 mm month−1 (Figure 2). Given the agreement
between the two datasets, the regional analysis of precipitation was carried out using CHIRPS data,
which provides full coverage of the DP system. A bias correction was not applied since only the
precipitation temporal trends, and not their absolute values, were needed for the purpose of this study.
The lack of precipitation ground data for the validation of the CHIRPS product over the highest parts
of the DP system is acknowledged as a source of uncertainty, and current efforts are in place to improve
their gauging.
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Figure 2. Scatter plot of monthly rainfall estimates from Climate Hazards Group InfraRed Precipitation
with Station Data (CHIRPS) versus in-situ measurements from Servicio Nacional de Meteorología e
Hidrología (SENAMHI) stations.

2.2.3. Topography Model and Land Cover Map

Topographic data for the DP system was obtained from the Shuttle Radar Topography Mission
(SRTM) terrain elevation model [71]. The terrain topography was used to delineate the DP watershed
boundaries, to inform the delineation of control regions and to interpret the study results. The study
used the version 3.0 with 30-m of spatial resolution and an absolute vertical accuracy of ~9 m (90%
confidence) or better [72].

The land cover map Mapa de Cobertura y Uso Actual de la Tierra en Bolivia, COBUSO-2010 [73],
was used to inform the delineation of the control regions as explained in Section 2.3. Commissioned by
the Bolivian Government, COBUSO-2010 is a country-wide, 30-m spatial resolution land cover map
derived from 60 Landsat 5 scenes acquired between 2006 and 2010. This map contains 21 different land
cover types within the DP system.

2.3. Definition of Control Areas for the Main Land Cover Types

In order to associate the mean ET and NDVI magnitudes and trends to the main land cover
types in the DP system and to explore their relative trends, eight broad land cover categories were
defined based on the COBUSO-2010 classes. These categories and the COBUSO-2010 classes that they
correspond to are briefly described below.
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1. Northern Crops corresponds to cropland areas located in the northern part of the system,
which were under exploitation long before 2002, the beginning of the study period. Northern
Crops comprises Multiple Crops extracted from COBUSO-2010.

2. Central Crops represents agricultural areas located in the central valley of the DP system on
alluvial soils and rather flat topography following the course of the Desaguadero River, grouping
Multiple Crops from COBUSO-2010. Besides Multiple Crops, some residual pixels belonging to
Central Crops are classified as Semi-arid Grassland and Wetland in COBUSO-2010.

3. Southern Crops are located south of Lake Poopó and encompass the COBUSO-2010 land cover of
Multiple Crops.

4. Cordillera Real groups Multiple Crops, Sub-humid Andean Forest, Scattered Vivacious
High-Andean Vegetation and Semi-arid Grassland located above 4200 m. All the covers are
included in the same category, since their mixture occurs at a scale difficult to separate at the
ET product resolution. An abundance of irrigation systems has been reported in this area by
Canedo et al. [61] together with an expansion of the mining activity [23].

5. Cordillera Occidental includes Scattered Vivacious High-Andean Vegetation and Scattered Puna
in Sand areas in the North West mountain range.

6. Autochthonous Flora encompasses Semi-arid Grassland, Scattered Puna in Sand areas, Scattered
Vivacious High-Andean Vegetation and Sand Deposits in rare occurrences.

7. Wetland areas are located in the northern and northwestern part of the system due to the high
availability of water. These areas represent flood zones with unique ecosystems and encompasses
Wet Grasslands.

8. Bareland groups Sand, Sault and Lacustrine deposits with almost no vegetation. The highest
extent of bareland is found in the arid south and southwest of the DP system.

Regions of interest (ROIs) were delineated for each of these categories (Figure 1) and validated by
site visits and by visual inspection of multi-temporal, high-resolution Google Earth images. Google
Earth Engine Timelapse [62], was used to ensure that the ROI’s land cover types had not changed
during the study period. The ROIs were used to extract per-class NDVI and ET annual values and
trends as explained in Section 3.3.

2.4. Masking Water Pixels

A MODIS surface reflectance image from 16 May 2012 was used to calculate the modified
normalized difference water index (MNDWI) [74] over the entire DP system. A safe threshold of –0.3
was applied in order to identify likely waterlogged pixels and produce the MNDWI water mask. This
mask was applied to the MODIS NDVI products prior to any analysis. It was not applied to the ET
products since a water mask is already incorporated in their derivation. The May 2012 image was
selected for the derivation of a water mask because it was acquired at the end of an extremely wet
season, so it is expected to capture water bodies and prone-to-flood areas at a close-to-peak water
extent condition. A constant water mask, as opposed to a time-varying one, was used for simplicity,
although it may miss few, sporadic water-logged pixels.

2.5. Retrieval and Mapping of Vegetation, ET and Precipitation Trends

Per pixel annual averages of NDVI, ET losses and precipitation were calculated for the study
period, using the entire dataset of the corresponding MODIS products. Per pixel ET, NDVI and
precipitation temporal trends and their significance were assessed by calculating the Sen’s slope
estimator [75] and Mann-Kendall (MK) test [76,77] as explained in the Section 2.5.1. Both, trend slope
and MK test were applied to per-pixel data using the entire study period, and also considering the wet
and dry seasons independently. The approach of the study is based on how physical processes change
over time. This is the reason why the trend analysis was carried out under the assumption that the
datasets follow a long-term persistence viewpoint.
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NDVI, ET and precipitation average values and trends were mapped over the entire DP system
and analysed together with the digital elevation model to identify physiographical regions exhibiting
different temporal patterns. Average values and trends of NDVI, ET and precipitation were averaged
within the ROIs representative of the main land cover types, to identify differential behaviours
among them.

2.5.1. Calculation of Trends and Their Significance

Tests for the detection of trends in time series can be classified as parametric and non-parametric
methods. Non-parametric tests do not presume the data distribution, only require them to be
statistically independent [78]. Ordinary least squares (OLS) has been widely used to estimate linear
trends. However, this method assumes normality in the dataset distribution. A common alternative to
the simple linear regression method, for spatio-temporal vegetation and hydro-climatological analysis,
has been the Sen’s slope estimator [78–83]. Sen’s slope is a non-parametric method which has been
defined as a powerful tool, alternative to OLS, presenting more robustness to the outliers than the
simple linear regression. The Sen’s slope is defined as the median of all possible slopes between pairs
of two-dimensional sample points and it is calculated as follows:

Q = Median
{x j − xi

j− i

}
, for i = 1, . . . , N, (1)

where Q is the slope, xj and xi are the values at time j and i (j > i), respectively, and N is the number of
time periods representing the totality of the observations per pixel. Each point is compared with all
the next data points and the median of the slopes is used to characterize the trend. Positive values
indicate increasing trends while negative values indicate decreasing trends. The significance of the
time series trends was evaluated by the non-parametric MK test [77,78]. The MK is one of the widely
used non-parametric test to detect monotonic trends of hydro-meteorological data series [84–88]. Due
to the study analyses hydrological data which is not normally distributed, non-parametric methods
are well suited for the detection of monotonic trends. The following equations show how to calculate
the test statistic S and the test statistic Z from the MK test:

S =
n−1∑
i=1

n∑
j=i+1

sgn
(
x j − xi

)
, (2)

sgn
(
x j − xi

)
=


−1, i f x j − xi < 0
0, i f x− xi = 0

+1, i f x− xi > 0
, (3)

where n is the length of the dataset, xj and xi represent data points in time series j and i, respectively
(j > i). The difference of the magnitude from each pair of values is compared (xj − xi) when (j > i)
following Equation (3). Sgn (xj − xi) is the function sign whose value can be −1, 0 or 1. A positive S
value means that the trend is increasing while a negative S value means that the trend is decreasing.
The variance of S is estimated by the following equation:

Var (S) =

[
n(n− 1)(2n + 5) −

∑g
j−1 t j

(
t j − 1

)(
2t j + 5

)]
18

, (4)
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where g is the number of the tied groups in the data and tj is the number of data points in each tied
group. The significance of the trend can be found calculating Z value, which is acquired as follows:

Z =


S−1√
Var(S)

, S > 0

0, S = 0
S+1√
Var(S)

, S < 0
. (5)

In the present study, the significant level of Z was assessed at 99%, 95% and 90% intervals of
confidence for |Z| values higher than 2.58, 1.96 and 1.64, respectively. Goodman [89] shows in Table 1
“Bayesian Interpretation of P–values” the correspondence between Z–score and the p-value. The MK
test was assessed in all the NDVI, ET and precipitation spatio-temporal trend analysis.

3. Results

3.1. Average NDVI, ET and Precipitation Maps

NDVI values averaged for the study period (Figure 3a) range between 0.10 and 0.35 for virtually
the entire DP system. The greenest area, with mean NDVI values from 0.25 to 0.35, is located at the
north end of the catchment and encompasses dense agricultural developments and areas prone to
flooding. The lowest vegetation index values are mainly concentrated at the south of Lake Poopó and
in the mountainous north-west, coinciding roughly with the areas of lowest precipitation. The average
ET losses range from 145 to 550 mm yr−1 (Figure 3b). They appear to be closely related to the terrain
elevation (Figure 3d), increasing more rapidly with elevation over the Cordillera Real. The maximum
ET values are observed in high elevation areas of the Cordillera Real, followed by the northernmost
part, where NDVI values are the highest. The lowest ET losses occur in the drier south part, with
average annual values under 250 mm yr−1. An acute north-south gradient is observed in the spatial
distribution of precipitation, with annual values ranging from 750 mm yr−1 in the north to 230 mm yr−1

in the south (Figure 3c). A detailed analysis of precipitation patterns in the DP system can be found in
Garreaud, et al. [90] and Pillco et al. [91].
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terrain elevation of the DP system. (a) Mean NDVI; (b) Mean ET; (c) Mean annual precipitation;
(d) Terrain elevation.

3.2. Spatio-Temporal Trends in NDVI, ET and Precipitation

Figure 4 depicts the mean annual NDVI, the annual accumulated ET and ETp and annual
precipitation integrated over the entire DP system for every year in the study period together, with the
change of water volume in Lake Poopó. The ET and precipitation time series show a mean increasing
trend of 4.3 mm yr−1 and 5.2 mm yr−1 at significance confidence levels of 90% and 95%, respectively.
The catchment-wide NDVI exhibits a slower and not-significant increasing trend, mimicking to
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some degree the rainfall temporal pattern. ETp shows an increasing trend of 1.59 mm yr−1 without
significance levels.Remote Sens. 2020, 12, x FOR PEER REVIEW 10 of 19 

 

 
Figure 4. Evolution and temporal trends of ET, Potential ET (ETp), precipitation and mean NDVI over 
the entire DP system, and volume change in Lake Poopó [92]. 

 

Figure 4. Evolution and temporal trends of ET, Potential ET (ETp), precipitation and mean NDVI over
the entire DP system, and volume change in Lake Poopó [92].

Figure 5 illustrates the spatial distribution of the analysed temporal changes and their per-pixel
significance. Figure 5a shows that per-pixel vegetation changes across the entire period were small
over most of the catchment. Two clusters of NDVI trends can be identified: one corresponds to the
areas around Charahuaito (see Figure 5a) in the southwest part of Aroma province, exhibiting the
largest positive NDVI change rate; the second cluster is located at the north end of the system, close to
Machaca, and exhibits a negative trend. Both clusters correspond to the areas with the highest mean
NDVI (Figure 3).

The spatial distribution of ET temporal trends reveals highly significant increments over a large
central part of the system (Figure 5b), while the clearer negative trends are concentrated on the
mountainous north-west area. Higher increasing trends were observed in precipitation than in ET over
the DP system, especially in the eastern and central parts of the system. No clear spatial correlations
between the NDVI and ET trends have been identified.
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Some differences were observed in the spatial distribution of increasing ET trends when compared
with those reported by Satgé et al. [20]. The authors observed statistically significant ET increases in
the north of the catchment (see hatched area in Figure 5b). In our research, the highest increases were
observed over a larger, central part of the system. Significant increases were also observed in the south,
where the expansion of quinoa crops was reported [51].

When considering seasonal temporal trends, the wet season presents statistically significant
increases in NDVI, ET and precipitation, whereas the dry season shows no changes or slight decreases
(Table 2, Figure 6). In the wet season, NDVI increments occur largely over areas of high mean NDVI.
The greatest precipitation increases were observed in mountainous areas over the wet season.

Table 2. Regional annual ET mean changes in the DP System from 2002 to 2014. NDVI mean change
for the study period 2002–2014. Statistics obtained from the non-parametric Mann-Kendall test.

Wet Period Dry Period

NDVI ET Precipitation NDVI ET Precipitation

Sen’s slope 0.049 10.7 mm yr−1 13.26 mm yr−1 0.002 −0.7 mm yr−1 0.26 mm yr−1

p value 0.06 * 0.03 ** 0.06 * 0.02 ** 0.24 0.15
Significant pixels 51% 66% 40% 70% 20% 28%

* Significant at 90% confidence level. ** Significant at 95% confidence level.
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Figure 6. NDVI, ET and precipitation seasonal trends over the DP system for the period 2002–2014:
Mean NDVI change (calculated as the mean trend multiplied by the duration of the study period) for
(a) wet season and (d) dry season; ET mean annual change for (b) wet season and (e) dry season; and
precipitation mean annual change for (c) wet season and (f) dry season.

3.3. Analysis of ET and NDVI Trends Per Land Cover Type

Figure 7 depicts the ET and NDVI mean values and mean change rate for the analysed land cover
types. The results reveal that change trends were positive in virtually all cases except for the dry
season and that the largest increases occurred in the wet season for all cover types. Table 3 shows the
significance confidence level of the land cover trends.

Table 3. Result of the Mann-Kendall (MK) test for the land cover type trend analysis.

NDVI ET

Land Cover Types Entire Period Wet Period Dry Period Entire Period Wet Period Dry Period

Bareland 0.42 0.34 0.36 0.01 ** 0.03 ** 0.38
Wetlands 0.3 0.33 0.32 0.21 0.33 0.44

Cordillera Occ. 0.24 0.28 0.01 ** 0.36 0.32 0.24
Cordillera Orient. 0.03 ** 0.06 * 0.00 ** 0.03 ** 0.26 0.36

Autochthonous Flora 0.01 ** 0.16 0.03 ** 0.04 ** 0.09 * 0.21
Northern Crops 0.14 0.09 * 0.22 0.11 0.18 0.34
Central Crops 0.00 ** 0.00 ** 0.08 * 0.00 ** 0.02 ** 0.48

Southern Crops 0.00 ** 0.00 ** 0.00 ** 0.02 ** 0.02 ** 0.42

* Significant at 90% confidence level. ** Significant at 95% confidence level.
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Figure 7. Mean trends and absolute values of ET and NDVI per land cover type and significance
level of the trends: (a) Mean ET trend (mm yr−1) and mean annual ET (mm); (b) mean NDVI change
(calculated as the mean trend multiplied by the duration of the study period) and mean NDVI.

The results of the vegetation land cover analysis revealed interesting and comparable patterns
of seasonal vegetation trends. Over the period 2002–2014, land cover NDVI trends were generally
positive across the DP system (see Figure 7b), especially during the wet season. As in the ET analysis,
the land cover presenting the highest increases was Central Crops. Greater increases for Northern
Crops and Southern Crops than for Cordillera Real were noticed during the wet season. Wetland was
the land cover without human activity that presented higher increases during the wet season, followed
by Autochthonous flora. Cordillera Occidental and Bareland did not present significant changes in
their dynamics for the entire period. No remarkable changes were noticed during the dry season in
all the land covers. Wetland and Northern Crops were the only land covers showing negative trends
during the entire period.

4. Discussion

Recent years have shown a decreasing trend in the water levels of Lake Poopó coinciding with
an intensification of agriculture practices [19,20,54], mining activity [23,24], urban growth [21] and
a regional increase in the temperatures [11,12]. The study presented here focused on the detailed
temporal analysis of the spatially distributed parameters: ET, precipitation and vegetation. Due to
the complexity of the system, we did not attempt to explain all issues affecting Lake Poopó, but to
exploit state-of-the-art spatio-temporal data to improve our quantitative knowledge of one of the
factors that has been highlighted by recent literature as a possible driver of the lake’s decline: the
increased ET losses.
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4.1. Temporal Assessment of ET, Precipitation and NDVI at the Catchment Scale

From a catchment water balance point of view, our results indicate that the overall increase in
actual ET (average rate of 4.3 mm yr−1) was compensated by the overall increase in precipitation
(average rate of 5.2 mm yr−1) during the analysed period, both trends being statistically significant.
This suggests that the ET is not to blame for depleting the DP system of water. It is likely though,
that the water paths and water storage location have been altered (e.g., due to river abstractions for
irrigation [30] and by impounding upstream tributaries of the lake [93]) in detriment of the downstream
recipient, which is Lake Poopó.

The catchment aggregated ETp losses showed an increasing trend (average rate of 1.6 mm yr−1)
clearly lower than the ET trend. This result strongly suggests that the ET increases are not only driven
by climatic changes, as already pointed out by Satgé et al. [20]. However, the ETp trends should be
interpreted with caution since both, Satgé et al.’s and ours, showed very low significance values.

The analysis regarding the temporal trend of the NDVI indicated an increase of 0.013 for the entire
period which may be influenced by the intensification in agriculture and irrigation practices [54] and
also by the effect of increased precipitation over natural vegetation.

4.2. Spatial Distribution of ET, Precipitation and NDVI Trends

Given previous literature linking the increased ET losses in the DP system to farming and irrigation
and the fact that irrigated crops in arid regions normally show higher vegetation indices than the
surrounding landscape, it was initially expected to find a spatial consistency between ET and NDVI
increases. However, such relationship was not clear. For instance, in the northern part of the system,
around Machaca (see Figure 5b), an NDVI decrease coincides with an ET increase, while both ET and
NDVI increased comparably around Charahuaito. The analysis of ETp located the largest increases in
the north of the DP system, including the area around Machaca. This observation seems consistent
with Seiler et al. [94] results, who indicated that the highest temperature increments in Bolivia for the
period 1965–2004 had occurred in the north of the DP system. This observation suggests that climate
trends have played a significant role in exacerbating the water losses in that specific area.

Some differences regarding the spatial distribution of ET trends between the study by
Satgé et al. [20] and the one presented here were observed and illustrated in Figure 5b. This discrepancy
is due to the different MODIS ET product used. While Satgé et al. [20] used approximately 180 ET
products at monthly intervals for the period 2000–2014, this study used a total of 598 ET products
at eight-day intervals, from 2002 to 2014. Furthermore, Satgé et al. [20] analysis used the MODIS
ET product version 5, at a spatial resolution of 1000 m, whereas this research benefitted from the
latest version 6, which is an upgrade of the same product, at a spatial resolution of 500 m. Despite
the mentioned discrepancy in the location of the highest ET increases, both studies report similar
magnitudes of the ET trends. They also agree in the location of the main ET decreases in the north-west
mountains of the DP system. However, unlike [20], our results indicate that the largest ET increases
occurred in the central and southern part of the DP system, reaching average rates of 7 to 13 mm yr−1.
The identified areas include new agriculture exploitations, such as Quinoa crops south of Lake Poopó,
new irrigation systems in the Cordillera Real [61], and also includes the vicinities of the city of Oruro,
which has experienced considerable growth in the last decade, including new roads which may alter
the natural runoff pathways, as revealed by satellite imagery. These areas are also where the largest
increment of actual ET versus ETp was found. More spatially focused studies would be needed to
investigate the specific causes behind the observed increases in order to take the appropriate actions.

The seasonal analysis of ET, NDVI and precipitation spatial trends consistently indicated that the
dry periods were mainly stationary, while the largest and most significant changes occurred during the
wet seasons.
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4.3. ET and NDVI Trends Per Land Cover Type

The results revealed that among the analysed land cover classes only those including crops,
i.e., Central Crops, Southern Crops and Cordillera Real, experienced an increase in both, NDVI and
ET losses, with the only exception of Northern Crops. Additionally, they were the cover types with
the highest increases in ET. This results strongly suggest that cropping practices, such as reported
irrigation in the central part of the system and Cordillera Real [61], or the expansion of quinoa crops at
the south of Lake Poopó [54], exacerbated water losses on these regions. Natural covers showed either
constant or decreasing NDVI trends together with increases in ET. This is most likely caused by the
observed increase in temperatures due to climate change [11,12] and in precipitation.

The land cover analysis quantified the relative water consumption among the selected broad cover
types. This quantification provides essential information for the sustainable planning of land use and
water resources in the DP system, since it informs of the expected increments in water consumption
associated to planned land use transformations, such as crop expansions (e.g., the Bolivian National
Development Plan proposes 1.5 million hectares of new irrigated cropland for 2030) or reforestation [93].
For example, according to our results, the conversion from autochthonous flora to cropland areas
would increase the annual water consumption by 7% when located in the central part of the system,
and by 41% when located within the Cordillera Real. Thus, the ET figures obtained in this research
help estimate the impact of land use transformations in the DP system on the Lake Poopó’s water
balance. It has to be noticed, however, that the land covers defined here were rather broad, and that
future research can further refine the obtained ET figures for more specific cover types and locations
within the DP system.

5. Conclusions

With the aim of exploring catchment changes that may have impacted the Lake Poopó water
balance, this study has undertaken a comprehensive spatio-temporal analysis of changes in vegetation,
ET losses and precipitation over the DP system for the period 2002–2014, using more than 5000 satellite
products. Temporal trends of these parameters have also been quantified for the main land cover
classes in the area. The main conclusions stemming from this study are as follows:

1. The spatio-temporal analysis confirmed an increase of ET losses between 2002 and 2014 within
the DP system, although our study showed the maximum increases of ET losses over the central
area of the catchment, differing from previous studies.

2. The NDVI and ET values averaged annually over the DP system increased at a mean rate of
0.001 yr−1 and 4.3 mm yr−1, which yields mean NDVI and annual ET increments of 0.013 and
56 mm for the 13-year study period. Water inputs into the system due to precipitation increased
at a mean rate of 5.2 mm yr−1, exceeding the ET rise rate.

3. The seasonal analysis revealed that the highest ET and NDVI changes occur during the wet
period contrasting with the stationarity of the dry period.

4. ET losses and their trends have been estimated for the main land covers in the DP catchment.
Their values indicate that the land covers with higher water consumption are: Cordillera Real,
Cordillera Occidental, Northern Crops, Wetlands and Central Crops with average values of 500,
410, 410, 370 and 310 mm yr−1, respectively. This quantification of water consumption per cover
type provides crucial information for the sustainable planning of agriculture exploitation and
water resources use in the DP system.

5. Among the analysed land cover classes, only those including crops, such as Central and Southern
Crops and Cordillera Real, have experienced an increase in NDVI and ET losses, while natural
covers showed either constant or decreasing NDVI trends together with increases in ET. The
larger increase in NDVI and ET losses over agricultural regions, strongly suggests that cropping
practices exacerbated water losses in these areas.
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These results indicate that overall water availability has not decreased at the catchment scale and
urge the investigation of trends in other lake water balance terms, such as the flow discharge in the
Desaguadero River other tributaries, the evaporation losses and the water exchange between the lake
and the aquifer.
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