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The different ecological components of fragile ecosystems in the Pantanos de Villa Wildlife Refuge are
naturally affected by fluctuations in climate variability, mainly due to climatological elements. The impact of
vegetation by climatic variability was determined based on the normalized difference vegetation index (NDVI)
with climatic data for the dry season from 2000 to 2020 (May). The results showed an increasing trend in the
NDVI during the study period. Vegetation was most vigorous in 2020 with an NDVI of 0.548. Likewise, in the
summer season, vegetation cover had an inverse association with correlation values of -0.323, -0.252, -0.138
and -0.270 for temperature, precipitation, humidity and insolation, respectively. In addition, using Landsat 7
ETM+, Landsat 8 OLI satellite imagery and geographic information systems (GIS), 8 vegetation units were
identified in the wetland, which were dominated by a greater distribution of desert saltgrass (Distichlis spicata).
From the results, it was concluded that some climatic elements have a greater impact on the ecological
components, especially on vegetation.

1. Introduction

Climate variability puts wetland biodiversity at risk, evidencing significant changes in the geographic relief,
vegetation covers and water bodies, unbalancing the ecological functions, geochemical cycles, carbon
sequestration and environmental services provided by wetlands (Shand et al., 2017). This variability is linked
to climate change because it influences the interaction of species with their natural environment, generating
an imbalance in reproduction, migration and taxonomy (Miller et al., 2018). This phenomenon manifests itself
naturally through fluctuations in climatic variables at the regional or local level. It also causes extreme events
such as droughts, floods, cold and heat waves, and heavy rainfall (Butterfield et al., 2020). Remote sensing
has been shown to be a tool to monitor and map the spatio-temporal dynamics of fragile ecosystems, mainly
vegetation cover caused by climatic variables (Zhu et al., 2020). NDVI as part of remote sensing is used to
estimate changes in wetlands and to provide information, monitoring and assessment of the growth status of
vegetation cover affected by climatic variables such as temperature, precipitation and evapotranspiration that
influence arid, semi-arid and wetland regions (Piedallu et al., 2019). Remote sensing, by processing satellite
images such as Landsat ETM, OLI, MSS (Yang et al.2020), MODIS (Li and Xiao, 2020), CBERS-2B - CBERS-
4 (Flores, 2019) and Sentinel 2A (Li et al. 2019) allows the mapping of changes in different types of wetlands
(Wang et al., 2020). In addition, these images are able to differentiate vegetation covers and units such as
plantations, grasslands, shrubs, wetlands, agricultural areas, and bamboo forests (Singh et al., 2020).
Wetlands (carbon sinks) are considered climate regulators, vulnerable to the effects induced by climatic
variables (Mohamed et al., 2020). This fragile ecosystem is formed by abiotic and biotic components that
interact with each other and is one of the most productive ecosystems on the planet (Hernandez and Mufoz,
2018). Therefore, this research focused mainly on determining the impact of climate variability on the
ecological components of the Pantanos de Villa in Peru, mainly on the vegetation cover, considering climatic
elements such as precipitation, humidity, temperature and insolation in the NDVI. In addition, to determine the
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effect of climate variability on the identification of vegetation units present in the study area during the summer
season from 2000 to May 2020.

2. Materials and methods
2.1 Study area

The Pantanos de Villa Wildlife Refuge is a wetland located in the Chorrillos district of Peru. It is geographically
located 12°10'- 12°13' S; 77° 01'-77°02' W, between 0 and 15 m.a.s.l., with an approximate extension of
263.27 ha (Pulido, 2018). The climatic condition is arid because it is located in the coastal strip; during the
summer season there is a monthly rainfall with values of 0 to 5.5 mm, the temperature ranges from 15.6 to 26
°C, in the month of February there is an average relative humidity of 86%, in the winter season the
temperature ranges from 14 to 19 °C and in August there is a maximum relative humidity of 92% (Garrote et
al., 2020).

2.2 Data sets

The data of the climatic variables (precipitation, temperature, humidity and insolation) were obtained from the
National Service of Meteorology and Hydrology of Peru (SENAMHI) and the National Water Authority (ANA) of
the Peruvian state. In addition, data from NASA's POWER project was used to complete the database of the
variables studied. A total of 21 scenes were collected from two sets of Landsat images (ETM and OLI)
acquired from the United States Geological Survey (USGS) platform.

2.3 Landsat image processing

Pre-processing was done, which consists of correcting or calibrating the images to minimize errors. The
corrections were made using ENVI 5.1 software. The radiometric correction allowed to improve the
imperfections of each pixel, and the atmospheric correction allowed to eliminate the cloud cover (cirrus
clouds). This last correction was made through the FLAASH (Fast Line-of-sight Atmospheric Analysis of
Spectral Hypercubes) module. Subsequently, the corrected images were processed with ArcGIS 10.8
software through supervised classification. Ten representative points or training sites were chosen along the
raster image to group the pixels with the same spectral signature, differentiating the different types of
vegetation units. To validate the whole process, the maximum probability method was applied.

2.4 Calculation of NDVI and identification of vegetation units

NDVI is related to vegetation conditions in the wetland. It is a numerical indicator whose range of variation is -
1 and +1, where positive values correspond to vegetation zones and negative values correspond to soil and
water. To calculate the NDVI, the multispectral band combination method was applied according to each
Landsat version. To facilitate the analysis of NDVI values, ranges from -1 to 0 were chosen for the non-
vegetation class, from 0 to +0.25 for the mixed vegetation class and from +0.25 to +1 for the dense vegetation
class. To map the NDVI dynamics present in the study area, the raster format was converted to a shapefile
(shp). NDVI calculations for Landsat ETM and Landsat OLI satellites were performed using equation (1) and
equation (2), respectively (Roy et al., 2016).

NDVI = Psb4 — Psh3 1)
" Psb4 + Psb3
Psb5 — Ps b4

—_7 7 2

NDVI Psb5 + Ps b4 @)

Where, Ps b4 and Ps b3 correspond to the near infrared and red band of the Landsat 7 ETM version,
respectively. Ps b5 (near infrared) and Ps b4 (red band) belong to Landsat 8 OLI.
On the other hand, the vegetation units were identified by means of the supervised classification that was
executed using ArcGIS 10.8 software. This classification uses spectral signatures of the raster bands of the
processed images in order to extract information from each vegetation unit found.

3. Results and discussion
3.1 Impact of climate variables on the NDVI

The results revealed that the climatic variables generated a slight increase in vegetation within the wetland
(Table 1). In the year 2000, areas with little vegetation and presence of water bodies were shown, obtaining
an NDVI value of -0.057. For the years 2005, 2010, 2015 and 2020, NDVI values increased to 0.153, 0.359,
0.431 and 0.767, respectively, indicating greater vegetation in the areas. However, this does not mean that
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vegetation is in suitable condition, because climate variability can influence vegetation growth and
development (Ley et al., 2018). It has been documented that in dry seasons, variations in climatic variables
have an effect on changes and expansion of vegetation cover by increasing NDVI values (Yang et al., 2020).
Rainfall during the summer season does not exceed 7 mm, showing anomalies and a downward trend from
2000 to 2014. In 2015, rainfall increased to a maximum of 6.08 mm, while in 2020, a significant decrease was
observed (0.35 mm). Even under low rainfall conditions, NDVI continued to increase slightly to approach the
value of 1 (dense vegetation), with a correlation of -0.323, indicating a low negative relationship.

Temperature had a negative correlation of -0.252, the behavior of this climatic variable slightly increased NDVI
values, and consequently influenced the slight increase in vegetation during the summer. For the years 2000,
2005, 2010, 2015 and 2020, the temperature values were 20.7, 21, 19.3, 18.9 and 22.2°C, respectively,
registering its highest value in the last year of study. These results are in contradiction with Chu (2019), who
showed that NDVI in the summer season had positive correlations with temperature.

Humidity in the summer season showed a gradual decrease from 2000 onwards. However, from 2015 to 2020
it increased significantly from 70.7 to 77.5%, respectively, allowing water absorption in vegetation, and as a
consequence, NDVI presented a very low negative association with a value of -0.138. According to Piedallu et
al. (2019), humidity causes greenness in vegetation reflected in NDVI values. Other factors such as
evapotranspiration and precipitation allow vegetation cover to modify the extent of other ecosystems and even
biodiversity (Zhu et al., 2019).

In 2000, 2005, 2010 and 2015, insolation presented similar values which were 19.81, 19.91, 19.12 and 19.39
MJ/m2, respectively. Already in 2020 there was a decrease (18.21 MJ/m2), showing a low negative correlation
of -0.270.

On the other hand, the changes experienced by wetlands are reflected in the degradation of ecological
components that are caused by anomalies in climatic variables (Shen et al, 2019).

Table 1: Values of climate variables, NDVI and Spearman correlation

Summer season Climatic variables
year NDVI Precipitation Temperature Humidity Sunshine
value (mm) (°C) (%) (MJ/m?)
2000 -0.057 2.62 20.7 72.8 19.81
2005 0.153 1.17 21.0 70.8 19.91
2010 0.359 1.14 19.3 70.2 19.12
2015 0.431 6.08 18.9 70.7 19.39
2020 0.767 0.35 22.2 77.5 18.21
Spearman correlation -0.323 -0.252 -0.138 -0.270

3.2 NDVI distribution and spatial dynamics

The vegetation evolution of the wetland was mapped for the years 2000, 2005, 2010, 2015 and 2020. Figure 1
shows the maps of the three vegetation classes obtained by NDVI and the variations that occurred during the
study period. The results revealed that dense vegetation had a positive evolution occupying larger areas
within the wetland, i.e., a higher concentration of plant biomass. Likewise, the mixed vegetation class had a
positive trend in the surface of the study area. Meanwhile, the non-vegetation class showed a decreasing
trend allowing the decrease of areas with scarce vegetation and different areas occupied by other components
(bare soil and water bodies), as shown in Table 2.

Table 2: Values of the three vegetation classes for the period 2000 to 2020

Summer season 2000 2005 2010 2015 2020

Vegetation classes Area % Area % Area % Area % Area %
(km?) (km?) (km?) (km?) (km?)

Non-vegetation 2.284 86.85 1469 55.86 0.792 30.11 0668 2539 O 0

Mixed vegetation 0.334 12.90 1163 4414 1.272 48.34 1.633 62.10 1.440 54.77
Dense vegetation 0.004 0.24 0 0 0.558 21.53 0.319 1248 1.178 45.23

Figure 4 shows the variation of the three vegetation classes. In 2000 (see Figure 4-a), the area of the non-
vegetation class (represented in yellow) is 2.284 km2 (86.85%) and presents an NDVI value of -0.264 that
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shows the presence of water bodies, arid soils and areas of low vegetation cover. Mixed vegetation is the
second most present class within the wetland, with an area of 0.334 km2 (12.90%). Meanwhile, the dense
vegetation class had too small an area of 0.004 km2 (0.24%).

The dense vegetation class was not present in 2005 (Fig. 4-b), registering a null value, while mixed vegetation
increased its area to 1.163 km2 (44.14%), and the extent of the non-vegetation class decreased to 0.792 km2
(30.11%).

Figure 4-c shows that in 2010 there was an increase in the areas of the dense and mixed vegetation classes,
with values of 0.558 and 1.272 km2, respectively. Meanwhile, the area of the non-vegetation class decreased
to 0.792 km2.

In 2015 (Fig. 4-d), the wetland had an increase in the area of mixed vegetation (1.633 km2), a slight decrease
in the area of dense vegetation (0.319 km2) and a lower predominance of the non-vegetation class (0.792
km2).

By 2020 (Fig. 4-e), Pantanos de Villa was mostly occupied by the mixed (1,440 km2) and dense (1,178 km2)
vegetation classes, with NDVI values of 0.219 and 0.548, respectively.
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Figure 1: Variation of the three vegetation classes: a) NDVI 2000, b) NDVI 2005, c) NDVI 2010, d) NDVI 2015
and e) NDVI 2020

A study conducted in a geographically similar context found that mixed vegetation occupied the greatest
extent of the wetland during the years 2004 to 2018, however the areas of sparse vegetation were increasing
due to the reduction of dense vegetation caused by different land uses and anthropogenic activities (Flores,
2019).

3.3 Identification of vegetation units

Table 3 shows the eight vegetation units identified by the two Landsat versions. The Landsat 7 (ETM+) image
set identified 3 vegetation units including cumbungi (Typha domingensis), desert saltgrass (Distichlis spicata)
and Chairmaker's bulrush (Schoenoplectus americanus). Typha domingensis is a species found in many
wetlands and its ecological function is to improve the quality of water bodies as well as to restore fragile
ecosystems (Eid et al. 2020). Distichlis spicata was most prevalent in the Pantanos de Villa, and is a species
that grows in environments with saline soils (Ledn et al., 1995). Schoenoplectus americanus, this species is
found among aquatic grasses and saline soils with saltgrass (SERNANP, 2016).

On the other hand, with Landsat 8 (OLI) five vegetation units were digitally identified throughout the wetland,
including: the species Salicornias (Salicornia fruticosa), a halophyte tolerant to high soil salinity levels and that
can survive in arid areas (Marco et al., 2019); reed (Phragmites australis), a neophyte that grows in very wet
soils (Jakli¢ et al, 2020); water lettuce (Pistia stratiotes), a floating aquatic macrophyte found in water channels
(Jakli¢, Koren and Jogan 2020); floating pennywort (Hidrocotyle ranunculoides), another aquatic species
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found in slow-flowing waters (Ledn and Saenz 2020) and sawgrass (Cladium Jamaicense) which is a
macrophyte that contributes to wetland restoration (Pulido et al. , 2020).

Previous studies have mapped wetlands as deciduous, coastal and other evergreen wetlands (Wang et al,
2020). In addition, other studies indicate that smaller-scale satellite image processing allows for differentiation
of vegetation cover such as plantation, grasses, shrubs, wetlands, and agricultural areas (Singh et al., 2020),
including bamboo forests (Li et al. 2019).

Table 3: Vegetative units identified with Landsat ETM and OLI

Summer season

Satellite / sensor Vegetative unit Scientific name
Desert saltgrass Distichlis spicata
Chairmaker's bulrush Schoenoplectus americanus
Reed Phragmites australis
Landsat ETM / Landsat OLI . .
saw-grass Cladium Jamaicense
Cumbungi Typha domingensis
Salicornias Salicornia fruticosa
floating pennywort Hidrocotyle Ranunculoides
Water lettuce Pistia stratiotes

4. Conclusions

The research determined through mapping the impact of climate variability on the ecological components of
the Pantanos de Villa. It was demonstrated that climate variability generates positive and negative impacts on
vegetation, which was evidenced in the normalized difference vegetation index (NDVI). In addition, it was
shown that the mixed vegetation had a greater area with respect to dense vegetation and non-vegetation. A
total of eight vegetative units were also identified, with the species Distichlis spicata having the greatest
presence in the Pantanos de Villa.
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