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Abstract 

Wetlands in the High Andes play an important role both for the ecosystem and 

local farmers. The monitoring and management of wetlands requires a more 

thorough knowledge of their size and spatial distribution. The mapping of wetlands 

based on satellite remote sensing data is difficult due to a lack of aerial 

photography and ancillary data as well as the presence of land cover types which 

have a similar spectral signature, especially croplands. We compared wetlands to 

croplands and a class comprised of shrubs and grasslands based on multi-temporal 

Landsat 8 OLI data to enable a more accurate classification. Applying several 

standard classification methods using ENVI 5.2, we found that the highest 

accuracy could be obtained by using maximum likelihood classification. An overall 

accuracy of 93 % with a kappa coefficient of 0.8421 was achieved. Still, some 

confusion between similar classes could not be avoided. The method also led to a 

strong overrepresentation of croplands. 

  



Zusammenfassung 

Feuchtgebiete in den Hochanden spielen sowohl für das Ökosystem als auch für 

die lokale Landwirtschaft eine wichtige Rolle. Für die Beobachtung und 

Verwaltung von Feuchtgebieten wird eine genauere Kenntnis ihrer Größe und 

räumlichen Verteilung benötigt. Die Kartierung von Feuchtgebieten auf 

Grundlage von Satellitendaten gestaltet sich jedoch wegen eines Mangels an 

Luftbildern und unterstützenden Daten sowie des Vorkommens von 

Landbedeckungstypen mit einer ähnlichen spektralen Signatur, insbesondere 

landwirtschaftlicher Nutzflächen, schwierig. Wir verglichen Feuchtgebiete 

anhand von multitemporalen Landsat 8 OLI-Daten mit landwirtschaftlichen 

Nutzflächen und steppenartigen Flächen, um eine genauere Klassifikation zu 

ermöglichen. Bei der Anwendung mehrerer Standard-Klassifikationsmethoden in 

ENVI 5.2 stellten wir fest, dass die höchste Genauigkeit durch die Maximum 

Likelihood-Methode erreicht werden konnte. Eine Gesamtgenauigkeit von 93 % 

mit einem Kappa-Koeffizienten von 0,8421 wurde erreicht. Dennoch konnte eine 

Verwechslung der untersuchten Landbedeckungsklassen nicht vollständig 

vermieden werden. Zudem waren landwirtschaftliche Nutzflächen im Ergebnis 

deutlich überrepräsentiert. 
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Introduction 

In the semi-arid region of the High Andes, wetlands play an important role both 

for the ecosystem and local populations who frequently use them for livestock 

grazing. The monitoring and management of these wetlands is an important issue, 

especially as the average annual precipitation is decreasing whilst water demand 

increases (SQUEO et al., 2006). However, information about High Andean Wetlands 

is scarce and mainly limited to individual areas; spatial distribution and size of the 

land cover type as a whole are unknown. Due to their isolated location and the 

inaccessibility of the region, no complete mapping of High Andean Wetlands has 

been realised so far (OTTO et al., 2011). Therefore, satellite remote sensing data is 

currently the only way to gain information about High Andean Wetlands at a large 

scale, though it has proved difficult to identify wetlands based on these data alone 

(ibid). Problems arise from several issues of land cover classification, especially 

that of wetlands, e.g. mixed pixels, misclassification of small areas and, in 

particular, confusion with similar land cover classes (OZESMI & BAUER, 2002). In 

the case of High Andean Wetlands, confusion mostly occurs with other vegetation-

dominated areas such as croplands and shrubs or grasslands.  

The High Andean Wetlands which are subject to this study (s. Figure 1) have been 

described in detail by OTTO et al., 2011 and others (SQUEO et al., 2006, COOPER et 

al., 2010). They occur at altitudes of about 4000 to 5000 m, between the growth 

limits of many crops as well as canopy forests and the snow line (COOPER et al., 

2010; OTTO et al., 2011). There are many different subtypes of High Andean 

Wetlands. In this work, we will focus on wetlands in or around river basins which 

are supplied by fluvial water and / or snow melt and glacier streams. The land 

cover typically consists of a dense cushion plant cover dominated by different 

species of Juncaceae (s. Figure 1), but may also contain tall grass or shrubs as well 

as bare soil and small ponds or streams. These wetlands are commonly referred to 

as Bofedales (SQUEO et al., 2006). They are dependent on summer rain and are 

often intensively used by local farmers, including for regular burning (COOPER et 

al., 2010). Thus, their aspect may change significantly over the year depending on 

water supply and other meteorological and anthropogenic influences. Their dense 
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plant cover compared to the surroundings is especially distinct on a false colour 

image acquired shortly after the rainy season (Figure 1).  

         

Figure 1: One of the wetlands used as training areas. Left: Esri Digital Globe Geo Eye Earthstar Geographics 

CNES / Airbus image from the ArcGIS base maps database. Middle: Same area as false colour image from 

Landsat 8 data acquired in May 2014. Right: Photography of an example area (wet part with cushion plant 

vegetation) taken in May 2006, from: OTTO et al., 2011. 

 

According to GARCIA et al., 2007, half of the active population living in and around 

the study region work in the agricultural sector. Small-scale agriculture is still 

predominant; in 1992, 91 % of agricultural units were smaller than 10 ha (TAPIA, 

1992, p. 57). Historically, agriculture was the main anthropogenic factor shaping 

the landscape of the High Andes (ZIMMERER, 1999). For many crops, growth is 

limited to an altitude of up to approximately 4 000 m above sea level (TAPIA, 2000). 

However, cultivation of certain species is possible at up to 4 200 to 4 300 m in the 

study region depending on exposition, soil quality, and drainage. Therefore, it is 

difficult to specify a definitive limit (MORLON, 1992, p. 27). Although a zone model 

based on altitude is often applied to the agricultural landscapes of the Andes, crops 

atypical of the zone may constitute up to 50 % of the crop plants found in a specific 

area (ZIMMERER, 1999). Located at an approximate altitude of 4 000 m above sea 

level, the study region would usually be characterised as part of the potato-tuber 

zone.  

In spite of the constraints caused by the high altitude and a semi-arid climate, the 

area around Lake Titicaca is known for its high diversity of crops (GARCIA et al., 

2007). The most important species are quinoa (Chenopodium quinoa) and potato 

(Solanum spec.), especially bitter potato (Solanum andigenum and Solanum 

jucepzukii) (TAPIA, 2000, GARCIA et al., 2007). Both crops are successfully 

cultivated, but their annual yield is variable and unpredictable. This is mostly due 
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to the general shortage and great annual variability of precipitation (GARCIA et al., 

2007). The growing period of both quinoa and potato is longer than the annual 

rainy season which makes irrigation an important issue for local farmers (ibid). In 

spite of this, only 20 % of agricultural areas were irrigated in 1985, which may 

partly be due to the often strongly sloped parcels cultivated by farmers (BECKER, 

1994, p. 41). 

         

Figure 2: One of the cropland areas used for testing. Left: Esri Digital Globe Geo Eye Earthstar Geographics 

CNES / Airbus image from the ArcGIS base maps database. Middle: Same area as false colour image from 

Landsat 8 data acquired in May 2014. Right: Photography of agriculture near Lake Titicaca. With permission 

from J. Incahuanaco. 

 

To sum up, the agricultural areas we might expect in the study area are mainly 

comparatively small, rain-fed croplands with robust local crops, mostly tubers and 

some cereals such as quinoa. They show medium to high plant vitality and a high 

plant cover during the rainy season as opposed to low plant vitality or bare soil 

during the dry season. Figure 2 shows examples of these small, variable parcels in 

close proximity to Lake Titicaca. However, there are examples of intensive, 

irrigated croplands and large parcels of land planted with wheat, barley, or corn 

similar to typical European or North American agricultural areas, too. Due to 

artificial irrigation systems, the difference between rainy and dry season is less 

distinct in these cases.  

One source of open-access remote sensing data covering the entire study area is 

the Landsat database. It contains a large number of data sets collected by several 

satellites, the newest addition being Landsat 8 which was launched in 2013. After 

Landsat 6 failed to reach orbit and Landsat 7 developed an error several years ago, 

this mission is the first in the Landsat series since Landsat 5 to offer high-quality 

open-access remote sensing data. Landsat 8 has been subject to several studies 
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assessing its potential for land cover and land use classification. POURSANIDIS et 

al., 2015 compared Landsat 8 and Landsat 5 data with regard to urban and peri-

urban land cover types and concluded that land cover classifications based on 

Landsat 8 data are slightly more accurate than former Landsat data products. ROY 

et al., 2014 see high potential for global change research as Landsat 8 data are 

collected on a daily basis and made available to public and private users at once. 

Furthermore, there are several studies assessing the applicability of Landsat 8 

data for vegetation mapping in different contexts and climate zones (s. BHATTI & 

TRIPATHI, 2014; ZHENG et al., 2014), including comparisons to earlier Landsat data 

products. DUBE & MUTANGA, 2015 for instance, concluded that Landsat 8 has high 

potential for vegetation mapping due to its sensor design and improved spectral 

range for certain bands which is narrower than in former Landsat sensors. Due to 

these improvements, it is reasonable to assume that Landsat 8 data products 

might allow an accurate differentiation between wetlands and croplands in the 

high Andes. 

OZESMI & BAUER, 2002 assessed the use of satellite remote sensing data, including 

Landsat TM, for wetland mapping by reviewing numerous studies using different 

classification methods on wetlands. This study is especially relevant to our work 

as it specifically deals with problems encountered in wetland mapping such as 

mixed pixels, changes of the spectral signature due to different data acquisition 

dates, and confusion with other vegetation-dominated areas. In spite of these 

issues, the authors found that satellite remote sensing data has a high potential 

for wetland mapping in large geographic areas. More accurate classification results 

could be achieved by using rule-based methods and maximum likelihood 

classification. Another way to improve the classification of wetlands was the use of 

multi-temporal data. 

The main question addressed in this work is derived from a previous study on High 

Andean Wetlands, specifically Bofedales based on satellite remote sensing data 

(OTTO et al., 2011). During the work on this study, it proved to be difficult to 

differentiate between High Andean Wetlands and other vegetation-dominated 

land cover types, i.e. shrubs, grasslands, and agricultural areas. An altitude 

threshold of 4.000 m above sea level was used to attempt a differentiation between 
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wetlands and croplands. This method could not avoid some confusion between 

these two land cover classes, especially at altitudes close to the threshold value. 

Therefore, our intention is to develop a method based on the characteristics 

captured by remote sensors. In the long term, the objective of this work is to 

provide a preliminary step in mapping of wetlands in a large part of the High 

Andes. 

Thus, we focused on croplands which form one of the predominant land cover types 

in the study area and are easy to identify using high resolution open-access CNES 

/ SPOT 2015 images available on the Google Earth software as well as the “Lake 

Titicaca sub-basin: Land use map 2003” developed by the GAF AG on behalf of the 

European Space Agency (ESA) and the World Bank (GAF AG, 2011). Firstly, we 

identified differences in the spectral signature of these two land cover types 

captured by the Landsat sensors. The term spectral signature refers to the 

response of a feature in the individual bands of a remote sensor. Secondly, we 

attempted to separate all three main vegetation-dominated land cover classes in 

the study area, i.e. wetlands, croplands, and shrubs or grasslands. Finally, we 

discuss whether Landsat 8 data allow a more precise differentiation of wetlands 

and croplands compared to earlier Landsat data products, specifically Landsat 5 

TM imagery. 
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Study region 

The study area is situated in the outer tropics, at approximately 15 ° S and 69 to 

70 ° W, on the Peruvian Altiplano, one of the world’s largest plateaus, in the west 

and northwest of Lake Titicaca (s. Figure 3). It is part of the region in the western 

and central cordillera of the High Andes between Lima and northern Chile 

dominated by dry grasslands which is locally referred to as Puna. The part of the 

Puna region northwest of Lake Titicaca is characterised as a distinct ecoregion 

called “wet Puna” due to its comparatively high rates of precipitation (SQUEO et 

al., 2006). 

Daylight lasts between 10 and 13 hours over the year and net radiation is positive 

due to a high solar angle. However, the climatic conditions are mainly dominated 

by the immense structure of the Andes, significantly influenced by great height 

differences (s. Figure 3) as well as exposition and fundamentally different from 

conditions in lowlands at a similar degree of latitude. According to the altitude-

based zonation introduced by the Colombian natural scientist F.J. Caldas (1717-

1816), the study area is situated between the “tierra fria” (“cool land”) and “tierra 

helada” (“icy land”) zones which illustrates the contrast with tropical lowlands. 

Temperatures may sink by a rate of 0.6 °C/100 m difference in altitude in the South 

American tropics. However, they usually stay above freezing point which can be 

explained by high radiation and counter-radiation rates. At night, temperatures 

below 0 °C may be expected between April and October. Above 4 200 m, however, 

the daily change of temperatures below and above freezing point is a major feature 

of local climate (WEISCHET, 1996, p. 348 - 356). 
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Figure 3: Study area. True colour image from Landsat 8 data acquired in May 2014, raw data. Below: Altitude 

profile of transect A-B (west to east), no scale. Altitude in meters above sea level. The grey lines mark the 

approximate location of the largest wetland (left) and a large cropland-dominated area (right) in the study 

region (s. Figure 1, Figure 2)  

 

Precipitation in the tropics usually occurs in the form of short rainstorms of 

variable intensity. It is mainly caused by convection; as a result, it is more frequent 

during the months of high radiation. (WEISCHET, 1996, p. 356 ff.) As a rule, 

frequency and intensity of precipitation decrease with increasing altitude. Due to 

lower temperatures, the maximum content of water vapour is lower than in the 

lowlands. In reality, there is a zone of maximum precipitation at about 900 to 
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1 500 m above sea level above which precipitation significantly decreases. Extreme 

precipitation events do not occur at high altitudes (ibid). Over the semi-arid South 

American Altiplano, over 60 % of annual precipitation is concentrated in the 

austral summer between December and February (GARREAUD & ACEITUNO, 2001). 

There is no seasonal snow cover as temperatures below freezing point mainly occur 

during the dry season (MORLON, 1992). 
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Materials and methods 

Data 

The study is based on open-access remote sensing data from the Landsat mission. 

Landsat is a cooperation between the U.S. Geological Survey (USGS) and the U.S. 

National Aeronautics and Space Administration (NASA) to routinely gather land 

imagery from space. The first Landsat satellite was launched on the 23rd of June 

1972 by NASA. Six additional satellites with improved sensors have been added to 

the program since. Each has been developed and launched by NASA, after which 

the USGS assumes ownership and responsibility of the satellite and gathers the 

data. As a last step, the data are added to the Landsat archive where they are 

available for public and private use. Landsat data are used in several fields such 

as geography, forestry, agriculture, global change research or spatial planning by 

both public and private groups (U.S. DEPARTMENT OF THE INTERIOR, U.S. 

GEOLOGICAL SURVEY, 2015). 

The first Landsat satellites, 1, 2 and 3, carried a Multi Spectral Scanner (MSS) 

with a resolution of about 80 m. Landsat 4 and 5 were equipped with the Thematic 

Mapper (TM) which offers an improved caption of the shortwave infrared spectrum 

and a spatial resolution of 30 m. Landsat 7 is equipped with the Enhanced 

Thematic Mapper (ETM+) and collects data in the form of 30-meter visible, near-

infrared, and shortwave-infrared bands, a 60-meter thermal band, and a 15-meter 

panchromatic band. Landsat 8 carries two push-broom sensors, the Operational 

Land Imager (OLI) and Thermal Infrared Sensor (TIRS). (U.S. DEPARTMENT OF 

THE INTERIOR, U.S. GEOLOGICAL SURVEY, 2015). The push-broom technique works 

with a row of sensors perpendicular to the movement of the satellite and allows a 

wider capture of the Earth’s surface. The two Landsat satellites which are still 

operational, Landsat 7 and 8, circle the Earth from north to south at an altitude of 

705 km, completing an orbit every 98.9 minutes and passing over the same point 

every 16 days. The push-broom technique of the Landsat 8 sensors permits the 

creation of new imagery of the same point on the Earth’s surface every eight days 

(ibid). 
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Landsat 8 data products are available in the form of level 1 T (terrain corrected) 

Geo TIFF with metadata as 16-bit unsigned integer data. The pixel size is 15 m for 

panchromatic, 30 m for multispectral and 100 m for thermal bands (U.S. 

DEPARTMENT OF THE INTERIOR, U.S. GEOLOGICAL SURVEY, 2015). The most 

important changes from Landsat 7 to Landsat 8 data products are the coastal / 

aerosol bands, cirrus bands, and improved multispectral bands. There is a new 

quality assessment band which enables users to choose scenes with the least 

possible atmospheric disturbance (ibid). Furthermore, the spectral range of several 

bands has been reduced significantly, especially in the near infrared (NIR) and 

shortwave infrared (SWIR) spectra. For the question at hand, these spectra (bands 

no. 5, 6 and 7, s. Table 1) are especially interesting as they permit an exact 

assessment of the type and state of vegetation as well as the water content of soil 

and plants (DAVIDSON et al., 2006). 

 

Table 1: Bands of the Landsat 8 OLI and TIRS sensors. From: DEPARTMENT OF THE INTERIOR, U.S. GEOLOGICAL 

SURVEY, 2015 

Spectral 
bands 

Wavelength 
(µm) 

Resolution 
(m) 

Description 

1: Coastal / 
aerosol 

0.435–0.451 30 Aerosols, shallow water 

2: Blue 0.452–0.512 30 Visible, minerals 

3: Green 0.533–0.590 30 Visible; peak vegetation 

4: Red 0.636–0.673 30 Visible 

5: Near Infrared 0.851–0.879 30 Vegetation vitality 

6: Shortwave 
Infrared 1 

1.566–1.651 30 Soil and vegetation water content, thin 
cloud penetration 

7: Shortwave 
Infrared -2 

2.107–2.294 30 Soil and vegetation water content, thin 
cloud penetration 

8: Panchromatic 0.503–0.676 15  

9: Cirrus 1.363–1.384 30 Clouds and cloud shadows 

10: Thermal 
Infrared 1 

10.60–11.19 100  

11: Thermal 
Infrared 2 

11.50–12.51 100  
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The data used for this work are derived from the Landsat archive via the USGS 

Earth Explorer (U.S. DEPARTMENT OF THE INTERIOR, U.S. GEOLOGICAL SURVEY, 

2015, online). We used Landsat 8 scenes acquired on 6th and 15th May 2014 as well 

as 2nd and 9th July 2014 (s. Figure 4). Thus, both the rainy and dry season are 

represented. Even at a small scale, the higher reflectance in the visible green, near 

infrared, and shortwave infrared spectra in the data sets acquired shortly after the 

rainy season are visible (s. Figure 4). Unfortunately, no data sets covering the 

whole study region on the same date could be found. The data sets at hand are 

derived from two consecutive flyovers respectively and are the closest in date 

available. Because of the differences between both scenes due to possible changes 

in atmospheric conditions within eight days, atmospheric correction was 

performed by applying the dark subtraction tool in ENVI 5.2. 

                

                

     

Figure 4: Data from Landsat 8 after atmospheric correction, cloud and shadow masking, and mosaicking. Top 

row: May 2014 (rainy season), bottom row: July 2014 (dry season). From left to right: True colour image (bands 

4; red, 3; green; 2; blue), false colour image (bands 5 (NIR); red; 4 (red); green; 3 (green); blue, false colour 

image with SWIR 1 (red), Band 9 (cirrus). Scale bar and north arrow apply to all images. 

 

The meteorological conditions at the time of data acquisition may significantly 

influence the quality of satellite data. Therefore, we will briefly describe them 

based on data collected by three meteorological stations situated inside the study 

area at altitudes above 4 000 m above sea level (appendix 1) (NATIONAL WEATHER 
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SERVICE AND HYDROLOGY OF PERU 2015, online). In May 2014, the average 

temperatures on the dates of data acquisition were 6.1 °C on the 6th and 4.5 °C on 

the 15th. On the 2nd of July, the average temperature was 4.0 °C and eight days 

later, 4.9 °C. No precipitation was recorded on either of the data acquisition dates. 

At two out of the three stations, the minimum temperature dropped below 0 ° C on 

all four days. The cool and dry meteorological conditions at the time of data 

acquisition combined with the high altitude of the study region let us assume very 

high quality data. This assumption was confirmed by the quality assessment bands 

available for Landsat 8 data sets (appendix 2). However, some atmospheric 

disturbance mainly caused by cirrus clouds has been detected (s. appendix 2 and 

Figure 4). 
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Methods 

In order to distinguish between wetlands and croplands in the study area, we 

designated exemplary training areas of each type using the “Lake Titicaca sub-

basin: Land use map 2003” (GA FAG, 2011) and Google Earth (s. Figure 5). The 

geometric structure of croplands allows a simple visual identification of these areas 

with high certainty. Ground truth data is available for part of the wetlands from a 

previous study in the same area (OTTO et al., 2011). To compensate the differences 

in size between different training areas of the same type, we randomly chose a 

sample of 100 pixels representing each training area with the ENVI 5.2 stratified 

random sample tool using ground truth Regions of Interest (ROI). We used six 

training areas for each land cover type; thus, each type is represented by 600 

pixels. Plus, we created training areas for three other land cover classes, i.e. water 

bodies, bare soil, and shrubs / grasslands to enable a complete classification of the 

study region. 

To assess the adequacy of the training areas representing the two land cover 

classes of interest, we created histograms of the pixels used for classification. Plus, 

we calculated an error derived from the mean difference between the three single 

images acquired during two different flyovers for both data sets (May 2014 and 

July 2014) using a training area situated in a position where the three scenes 

overlap. Then, we compared the means calculated for each training area and for 

both months to identify differences in the spectral signature. 
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Figure 5: High resolution remote sensing data of training areas. Two columns on the left: Wetlands, right: 

Croplands. From: Esri, Digital Globe, Geo Eye, Earthstar Geographics, CNES / Airbus DS, USDA, USGS, 

AEX, Getmapping, Aerogrid, IGN. 

We applied atmospheric correction tools in ENVI 5.2 to improve data quality. To 

transform the raw data given in digital numbers into top of atmosphere 

reflectance, we applied ENVI 5.2 radiometric calibration. As the study area is 

situated in a high-altitude mountain area with little atmospheric disturbance, we 

assumed that top of atmosphere reflectance is similar to ground reflectance after 

applying the dark subtraction tool for basic atmospheric correction. To avoid data 

values below 0 and above 1 which cannot be processed by ENVI 5.2, we rescaled 

the resulting data set using the band math tool with the following equation derived 

from a video by ELSAID, 2014, online, on each band.  

(B1 le 0) ∗ 0 + (B1 ge 1) ∗ 1 + (B1 gt 0 and B1 lt 1) ∗
float(B1)

1
     (1) 

Thus, values below 0 were transformed into 0 and values above 1 were changed to 

1. In this case, B1 may refer to any band of the data set. Plus, we cut the irrelevant 

extreme northern and southern parts of the Landsat scenes to reduce the data sets 

to the relevant values. 
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We calculated hill shadows based on data from the Shuttle Radar Topography 

Mission (SRTM) (U.S. DEPARTMENT OFT THE INTERIOR, U.S. GEOLOGICAL SURVEY 

(ed.), 2006) and masked the darkest shadow by applying a threshold value. We 

masked clouds manually using band 9 (cirrus) of the Landsat 8 data sets. Then, 

we transformed the three Landsat scenes into one Geo TIFF image by applying the 

seamless mosaic tool with colour correction (histogram matching in overlapping 

areas) and edge feathering. Next, we calculated statistics for the training areas 

and exported the results to .txt files which could then be analysed using R Studio 

with R 3.2.0. We compared the mean values per band for wetlands and croplands 

for each data set in order to establish a difference between the spectral signatures 

of both land cover types. As a next step, we compared wetlands and croplands to a 

third land cover class comprised of grasslands and shrubs, again using the mean 

values for each band. Plus, we calculated and compared the Normalized 

Differentiated Vegetation Index (NDVI) for each date and land cover type using 

the correspondent tool in ENVI 5.2 based on equation 2 (JONES & VAUGHAN, 2010, 

p. 166).  

𝑁𝐷𝑉𝐼 =
𝑁𝐼𝑅−𝑅𝑜𝑡

𝑁𝐼𝑅+𝑅𝑜𝑡
          (2) 

As another means of comparing the different spectral responses of the different 

land cover classes, we used standard scatterplots produced in ENVI 5.2 based on 

the band combinations red and NIR as well as red and SWIR 1. This approach 

allows a visual interpretation of the distribution of pixel values and shows 

approximate threshold values between land cover classes in different spectra. Plus, 

we were able to include all five land cover classes used for testing. 

To test our results of land cover classification, we used several classification 

methods in ENVI 5.2, namely spectral angle mapping, maximum likelihood, and 

isodata classification. Whereas the first two tools are supervised classification 

methods, isodata classification is unsupervised. The difference between supervised 

and unsupervised classification is that on the one hand the user enters a number 

of predefined training areas for supervised classification. For unsupervised 

methods, on the other hand, an algorithm separates pixels by similarity. Spectral 

angle mapping treats pixels as vectors in an n-dimensional space, n being the 
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number of bands used for classification. Pixels are classified by calculating the 

angle between the spectra and sorting pixels with similar characteristics to 

predefined classes. Maximum likelihood classification assumes a normal 

distribution of pixel values for each class. Then, the probability of belonging to 

either of the predefined classes is calculated for each of the unclassified pixels. 

Finally, we used the decision tree classification method based on band thresholds 

and expressions defined by the user on combined multi-temporal data from the end 

of the rainy season and the dry season to achieve the best possible results. 

By comparing the results of all four methods we could assess the advantage of 

explicitly distinguishing between wetlands and croplands in contrast to an 

automatic classification created by ENVI 5.2. Firstly, we used all seven bands of 

the Landsat 8 data sets plus the NDVI band. Secondly, we applied the most 

accurate classification method to different band combinations.  

We calculated confusion matrices using the respective tool in ENVI 5.2 to compare 

the accuracy of the different classification methods (s. EXELIS VISUAL INFORMATION 

SOLUTIONS (ed.) 2015, online) based on testing areas chosen the same way as the 

training areas. Confusion matrices show several interesting values. The overall 

accuracy represents the percentage of input pixels that were correctly classified. 

The kappa-coefficient is another value expressing the accuracy of the classification 

which tends to be more conservative as it takes into account that pixels might be 

correctly classified at random. The ground truth tables show how many of the input 

pixels were classified as being of a particular  class. The error of commission shows 

pixels which were incorrectly classified as part of the class of interest, whereas the 

error of omission is the number or percentage of pixels belonging to the class of 

interest which were labelled as another class (ibid). We used five testing areas for 

each class of interest. The producer accuracy represents the probability of a pixel 

being labelled as the class of interest if it belongs to this class. The user accuracy 

shows the probability that a pixel actually does belong to the class to which it was 

assigned. 
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Results 

Atmospheric correction and rescaling as well as sub-setting of the Landsat scenes 

led to a reduction of the data sets to relevant pixels and excluded land cover types 

irrelevant to the question at hand. For instance, some parts of the Atacama Desert 

in the west as well as the Amazonian rainforest in the east extend into the scenes 

used in this work. The masking of shadows based on a threshold did not 

significantly reduce the overall size of the data set but visibly reduced the 

misclassification of deep shadows as water bodies or wetlands. Clouds which were 

not visible when looking at bands 1 to 7 of the data sets at hand could be identified 

using band 9. A crude manual masking of thick clouds and part of the cirrus clouds 

increased the accuracy of all classification methods. However, cirrus clouds covered 

a high percentage of the scenes acquired in July and could not entirely be masked 

without losing relevant pixels. Consequently, some atmospheric disturbance was 

still present in the data sets on which the following results are based. 

A comparison of the mean reflectance values by band of the training sites for the 

two main land cover classes of interest, wetlands and croplands, showed a 

significant difference between bands 6 and 7 (SWIR) as well as bands 1 to 4 for 

Landsat 8 imagery acquired in May 2014. No significant difference appears in the 

near-infrared spectrum (band 5) (s. Figure 6). In July of the same year, no 

significant difference between the two land cover types in any spectrum was 

captured by the Landsat 8 sensors. This is mainly due to the larger standard 

deviation calculated for this data set, especially concerning the training areas of 

wetlands (Figure 7). 
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Figure 6: Comparison of mean reflectance of the two land cover types on the corrected Landsat 8 data set 

acquired in May 2014. The fine lines represent the mean standard deviation per band and the error bars 

represent the mean difference per band between different scenes. The mean values were calculated based on 

random pixel samples from the training areas. The grey vertical lines mark the mean wavelength per band; 

bands 1-7 from left to right. 

 

Figure 7: Comparison of mean reflectance of the two land cover types on the corrected Landsat 8 data set 

acquired in July 2014. The fine lines represent the mean standard deviation per band and the error bars 

represent the mean difference per band between different scenes. The mean values were calculated based on 

random pixel samples from the training areas. The grey vertical lines mark the mean wavelength per band; 

bands 1-7 from left to right. 
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Both graphs show characteristic spectral signatures typical for vegetation-

dominated areas. Plant cells absorb most of the radiation in the visible spectrum 

whereas the space between the cells reflects near-infrared radiation (JONES & 

VAUGHAN, 2010, p. 36 ff.). Consequently, the bend in the near-infrared spectrum 

indicates that a high percentage of the area is covered by green plants. It has been 

shown that shortwave infrared reflectance is significantly influenced by vegetation 

water content, with a low reflectance value indicating high vegetation water 

content (DAVIDSON et al., 2006, ZHENG et al., 2014). The most significant change 

between the two graphs occurs in this spectrum, captured by bands 6 and 7. 

Generally, higher reflectance in this spectrum was measured during the dry 

season, in July. It appears that the spectral signatures of both land cover types are 

sensitive to the change of the seasons. We focused on bands 6 and 7 of the data set 

acquired shortly after the end of the rainy season (May) to distinguish between 

croplands and wetlands in the study area. 

To ascertain that the mean values used for the comparison are representative of 

the land cover types, we created histograms for each training area, again using 

randomly selected pixel samples. Since we decided to focus on the near infrared 

and shortwave infrared spectra, only the histograms for bands 5, 6, and 7 are 

represented (Figure 8, appendix 3). The histograms tend to show an approximately 

normal distribution. Thus, the mean and standard deviation used for the 

comparison between the different data sets are representative of the pixel samples. 
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Figure 8: Histograms of wetlands (training areas) for bands 5, 6, and 7, May and July 2014. X-axis: Reflectance 

value, y-axis: Count. The vertical line marks the mean value used for the comparison. Histograms of pixel 

samples of croplands and shrubs / grasslands are shown in the appendix (appendix 3). 

Next, we included a third land cover class comprised of grasslands and shrubs in 

the comparison (Figure 9, Figure 10). Thus, we took all main vegetation-dominated 

land cover types present in the study area into account. The comparison between 

the three land cover types shows that the spectral signature of shrubs and 

grasslands is very similar to that of the other two land cover types, wetlands and 

croplands, in both May and July. The mean reflectance in the near infrared 

spectrum is slightly superior to the values found in wetlands and croplands which 

indicates high plant vitality even during the dry season. In the shortwave infrared 

spectrum, shrubs and grasslands possess lower reflectance values than croplands, 

but higher reflectance values than wetlands during both seasons. However, when 

taking the standard deviation into account, there is no significant difference 

between either of the first two land cover classes and shrubs or grasslands.  
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Figure 9: Comparison of mean reflectance of all three land cover types on the corrected Landsat 8 data set 

acquired in May 2014. The fine lines represent the mean standard deviation per band and the error bars 

represent the mean difference per band between different scenes. The grey vertical lines mark the mean 

wavelength per band; bands 1-7 from left to right.  

 

 

Figure 10: Comparison of mean reflectance of all three land cover types on the corrected Landsat 8 data set 

acquired in July 2014. The fine lines represent the mean standard deviation per band and the error bars 

represent the mean difference per band between different scenes. The grey vertical lines mark the mean 

wavelength per band; bands 1-7 from left to right. 
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The scatterplots produced of the different land cover classes show high overlap 

between wetlands, shrubs / grasslands and also croplands but little overlap 

between these three classes of interest and other land cover classes. When plotting 

band 5 (NIR) against band 4 (red), vegetation-dominated areas appear as a single 

cluster which can easily be separated from other land cover classes. In the plot 

representing the SWIR spectrum on the y-axis, the cluster containing wetlands 

appears to be closer to the pixel values representing water than the other 

vegetation-dominated land cover classes. There is still some obvious overlap, 

however. 

  

Figure 11: Scatterplot of band 4 (x-axis) with bands 5 or NIR (left) and 6 or SWIR 1 (right) with the five land 

cover classes: wetlands (purple), croplands (yellow), shrubs / grasslands (green), water bodies (blue), and bare 

soil (orange). 

 

Next, we calculated the Normalized Differentiated Vegetation Index (NDVI) and 

compared the results for each of the three land cover classes and on both dates. 

The NDVI shows the density of green leaves in a certain area and is therefore a 

good indicator of plant cover and vitality (JONES & VAUGHAN, 2010, p. 165 ff.). The 

graphic representation of the results in the form of boxplots (Figure 12) shows 

differences between various land cover types at the same time, as well as between 

the same land cover types at different times of the year. The highest NDVI was 

calculated for the pixel sample representing wetlands shortly after the rainy 

season. The lowest value is shown by croplands during the dry season. As in the 
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comparison of the spectral signatures of the three land cover classes, there appears 

to be a distinct difference between croplands and wetlands whereas shrubs and 

grasslands overlap with both of the other land cover types. However, all three land 

cover types possess a rather high NDVI both in May and July.  

 

Figure 12: Boxplots of the NDVI for each pixel sample (training areas). Centre line: 50th percentile; top and 

bottom line: 75th and 25th percentile. Whiskers: Farthest point which is no more than 1.5 times the box length 

removed from the box. Dots: Outliers. “Shrubs” stands for both shrubs and grasslands. 

 

Based on the analysis of the two Landsat 8 data sets outlined above, we formed 

three hypotheses for land cover classification of vegetation in the study area using 

Landsat 8 data from May and July 2014: (1) As wetlands show a very high 

reflectance in the near infrared spectrum and a high NDVI, they can be 

distinguished with high certainty from areas without vegetation cover. (2) We 

might expect an accurate distinction between wetlands and croplands as Landsat 

8 OLI captures the differences in soil and vegetation water content in its improved 

shortwave infrared bands. Wetlands seem to have a higher water content than 

croplands, especially shortly after the rainy season. (3) A confusion of shrubs and 

grasslands with wetlands and croplands is difficult to avoid based on Landsat 8 

data as there does not appear to be any significant difference in the spectral 

signature. 
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To test these hypotheses, we applied several standard supervised and 

unsupervised classification methods using ENVI 5.2 (s. chapter Methods). 

Unsupervised classification with the isodata tool did not yield satisfactory results 

as the amount of wetlands was strongly overestimated. The classes containing 

croplands and shrubs or grasslands could not be distinguished. The classification 

based on data acquired in May appears to be slightly more accurate and a known 

structure of wetlands was accurately depicted (s. Figure 13). Results could not be 

improved by reducing the number of bands used for classification. 

       

    

Figure 13: Details from classification results. Left: Isodata classification based on data acquired in May, all 

bands including NDVI, center: Isodata classification based on data acquired in July, all bands, including 

NDVI, right: Spectral angle mapper classification based on data acquired in May, bands 2, 6, 7, and NDVI. In 

the figure on the left, wetlands are shown in yellow. In the centre, the class containing most wetlands is 

turquoise. On the right, wetlands are depicted in purple, Shrubs / grasslands in green, croplands in yellow. 

Black: Unclassified.  

 

Supervised classification using the spectral angle mapping tool in ENVI 5.2 did 

not yield any more accurate results. Again, data acquired in May 2014 produced 

the highest level of accuracy according to the confusion matrix. Overall accuracy 

calculated by the confusion matrix tool was highest when using bands 2, 6, and 7 

as well as the NDVI bands. The reduction of bands used for classification reduced 

the number of unclassified pixels. However, we did not achieve more than about 

30 % overall accuracy when applying this classification method. The errors of 

omission and commission show that many pixels belonging to the wetlands and 

croplands classes were classified as shrubs / grasslands. Generally, the amount of 

cropland was highly overestimated and 40 to 50 % of the pixels remained 

unclassified. 



25 

 

The most accurate classification results were achieved by the maximum likelihood 

method in ENVI 5.2. Overall accuracy was calculated to be up to about 92 % for 

the data sets acquired in May 2014 and could slightly be improved by using multi-

temporal data (s. Table 2). No pixels remained unclassified. However, there are 

significant error values, especially errors of commission (s. Table 2). The amount 

of all land cover types of interest was highly overestimated. There is some 

confusion between shrubs / grasslands and the other classes of interest, but little 

confusion between wetlands and croplands. Bare soil is often classified as 

croplands whereas water surfaces are mostly well distinguished. The best result 

was achieved by using both data sets (May and July) combined with all bands, 

including the NDVI band. Wetlands were usually well captured and the class is 

not as strongly overestimated as croplands. However, the shore areas of lakes are 

partly classified as wetlands.  
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Table 2: Confusion matrix of maximum likelihood classification of Landsat 8 multi-temporal data (May and 

July 2014) using all bands and NDVI, produced by ENVI 5.2  

Overall Accuracy = (43193/46123) 93.6474% 

Kappa Coefficient = 0.8421 

Ground Truth (Pixels) 

Class Shrubs / 

grasslands test 

Wetlands test Croplands test Total 

Unclassified 0 0 0 0 

Shrubs / 

grasslands 

1157 733 512 2402 

Wetlands 864 8441 22 9327 

Croplands 60 739 33595 34394 

Total 2081 9913 34129 46123 

Ground Truth (Percent) 

Class Shrubs / 

grasslands test 

Wetlands test Croplands test Total 

Unclassified 0 0 0 0 

Shrubs / 

grasslands 

55.60 7.39 1.50 5.21 

Wetlands 41.52 85.15 0.06 20.22 

Croplands 2.88 7.45 98.44 74.57 

Total 100.00 100.00 100.00 100.00 

Class Commission 

(Percent) 

Omission 

(Percent) 

Commission 

(Pixels) 

Omission (Pixels) 

Shrubs / 

grasslands 

51.83 44.40 1245/2402 924/2081 

Wetlands 9.50 14.85 886/9327 1472/9913 

Croplands 2.32 1.56 799/34394 534/34129 

Class Prod. Acc. 

(Percent) 

User Acc. 

(Percent) 

Prod. Acc. 

(Pixels) 

User Acc. (Pixels) 

Shrubs / 

grasslands 

55.60 48.17 1157/2081 1157/2402 

Wetlands 85.15 90.50 8441/9913 8441/9327 

Croplands 98.44 97.68 33595/34129 33595/34394 

 

As a last step, we applied the decision tree classification tool to separate wetlands 

from other classes. We used a combination of both data sets to acquire the best 

possible results. As vegetation-dominated areas, especially croplands, were often 

highly overrepresented in the results produced by automatic classification 

methods, we decided to use the NDVI band based on the data set acquired in July. 
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Thus, only areas that remain covered by vegetation during the dry season are 

captured, reducing the overall amount of the classes of interest in the 

classification. The data from the two flyovers in May led to more accurate results 

with all of the automatic classification methods, and so we derived the other bands 

used for decision tree classification from this data set. The following decision tree 

led to the most accurate results  

 

Figure 14: Decision tree used for classification. The variables refer to the respective band numbers (s. Table 

1), b8 being the NDVI band. GT is >, LT is < 

 

First, we separated vegetation-dominated land cover classes from bare soil and 

water bodies by applying a threshold based on the NDVI band derived from the 

comparison illustrated in Figure 12. We then used the visible blue band which 

allows the exclusion of surfaces with a high percentage of mineral substances (s. 

Table 1). The last part of the expression adds supplementary thresholds to exclude 

water bodies and areas with less than minimal vegetation cover. The second node 

separates wetlands from other vegetation-dominated classes, i.e. croplands and 

shrubs or grasslands. It excludes areas with high reflectance values in the 

shortwave infrared spectrum which indicates a low soil and vegetation water 

content. The thresholds are based on the values illustrated in Figure 6 and Figure 

9 and were refined by several tries of the decision tree classification method until 

no further improvement could be achieved. 
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The overall accuracy could not be improved in comparison to the most accurate 

result achieved by maximum likelihood classification. As the method merely aimed 

to separate wetlands from the other classes, it could only be tested with the testing 

areas belonging to this class. Consequently, the confusion matrix is not comparable 

to the confusion matrices produced for other classification methods in this work 

and is overly positive. The area of wetlands was rather underestimated in this 

case. About 70 % of the testing areas were correctly classified as wetlands 

compared to about 85 % for the maximum likelihood classification (s. Table 2). This 

result does not account for the maximum likelihood classification overestimating 

the total area of wetlands.  

         

    

Figure 15: Left: Detail from the result of decision tree classification. Green: Wetlands, red: Other vegetation-

dominated areas, black: Other (bare soil, water). Centre: Detail from maximum likelihood classification, based 

on the Landsat 8 data set acquired in May 2014 using all bands. Purple: Wetlands, green: Shrubs / grasslands, 

yellow: Croplands, orange: bare soil, blue: Water bodies. Right: Detail from maximum likelihood classification 

based on stacked multi-temporal Landsat 8 data, including NDVI. 

 

A direct comparison between the results of maximum likelihood and decision tree 

classification shows that most areas classified as wetlands coincide on both maps. 

The most significant difference between the results seems to be the 

overrepresentation of croplands in the maximum likelihood classification. The use 

of multi-temporal stacked data reduced the number of pixels belonging to the 

wetlands-class labelled as shrubs / grasslands. 
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Table 3: Comparison of the accuracy of different tests based on confusion matrices. If not specified, all bands 

including the NDVI band were used. 

Test Overall 
accuracy 

Kappa-
coefficient 

Class Producer 
accuracy 
(percent) 

User 
accuracy 
(percent) 

Isodata – May (9262/9262)  
100.0000%   

0.0000 Wetlands 100.00 100.00 

Isodata - July (7677/7677)  
100.0000% 

0.0000 Wetlands 100.00 100.00 

SAM* - May (11755/4622
4)  25.4305% 

0.1447 Shrubs / 
grass 

35.27 25.49 

Wetlands 57.83 84.17 

Croplands 15.45 90.33 

SAM* - July (11767/4614
0)  25.5028% 

0.0906 Shrubs / 
grass 

40.41 25.84 

Wetlands 26.40 81.53 

Croplands 24.35 82.26 

ML** – May 
(bands 2, 6, 
7, NDVI) 

(41749/4618
3)  90.3991% 

0.7591 Shrubs / 
grass 

38.54 30.24 

Wetlands 73.39 83.52 

Croplands 98.48 96.70 

ML** – July 

(bands 2, 6, 
7, NDVI) 

(31686/4587
5)  69.0703% 

0.3769 Shrubs / 
grass 

67.68 22.05 

Wetlands 44.25 35.77 

Croplands 76.37 94.93 

ML** - 
stacked 

(43193/4612
3)  93.6474% 

0.8421 Shrubs / 
grass 

55.60 48.17 

Wetlands 85.15 90.50 

Croplands 98.44 97.68 

Decision tree (7061/7841)  
90.0523% 

0.0000 Wetlands 90.05 100.00 

*SAM : Spectral Angle Mapper 

**ML: Maximum Likelihood Classification 
 

When comparing the accuracy of all tests applied to the data sets at hand (s. Table 

3), it is clear that confusion matrices based on only one class are not representative. 

Thus, only a visual interpretation is possible for the isodata and decision tree 

classification. A high user accuracy and low producer accuracy for the same class 

indicate overrepresentation of the class. An example of this effect are the values 

calculated for croplands in the spectral angle mapper and maximum likelihood 

(July) classifications (s. Table 3). 
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Discussion 

The mean difference between the scenes, including those acquired on consecutive 

flyovers, amounts to less than one standard deviation even before atmospheric 

correction and mosaicking (s. Figure 6, Figure 7, Figure 9, Figure 10). Therefore, 

we judged that a comparison between land cover types distributed over the 

different scenes might be possible although the border between the scenes remains 

visible after mosaicking (s. Figure 4). Atmospheric correction and masking of 

shadows and clouds using ENVI 5.2 reduced the data sets to the relevant pixels.  

The hypotheses set out on page 23 were verified by the results of the tests. Areas 

without vegetation cover could mostly be excluded from the classes of interest. 

However, in comparison to the “Lake Titicaca sub-basin: Land use map 2003” (GA 

FAG, 2011), many areas were classified as vegetation-dominated. This might be 

due to the different data sets at hand and different classification methods. A 

distinction between wetlands and croplands could be achieved by using the 

shortwave infrared bands. The distinction proved to be more difficult during the 

dry season. This conforms to the comparison of the spectral signatures of both land 

cover classes at this time of year (s. Figure 7). The confusion of wetlands or 

croplands with shrubs / grasslands proved to be problematic. It led to an 

overestimation of the area of wetlands present in the study area, especially with 

automatic classification methods. The confusion between croplands and shrubs / 

grasslands appeared to be even more significant.  

The most accurate results were produced by the maximum likelihood and decision 

tree classification methods. Unlike FRIEDL & BRODLEY, 1997, we did not find that 

decision tree classification outperformed maximum likelihood classification. 

MCNAIRN et al., 2005 came to the conclusion that maximum likelihood and decision 

tree classifications yield similar quality of land cover classifications when mapping 

agricultural areas, a finding which conforms to our results. OZESMI & BAUER, 2002, 

state that maximum likelihood classification and rule-based classification are the 

most suitable methods for the classification of wetlands. Unsupervised isodata 

classification did not produce satisfactory results in this case. According to OZESMI 

& BAUER, 2002, results can be improved by increasing the number of classes. We 
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used a mere five to ten classes which may have impaired the quality of land cover 

classification. However, confusion between similar land cover classes is still to be 

expected. 

The improved shortwave infrared bands appear to be useful to differentiate 

between wetlands and other vegetation-dominated land cover classes. DAVIDSON 

et al., 2006, showed that the shortwave infrared spectrum is suitable for assessing 

vegetation water content. A comparison between the spectral signatures of 

wetlands and other vegetation-dominated land cover classes in the study region 

showed a lower reflectance of wetlands in this spectrum, regardless of the season 

(Figure 6, Figure 7, Figure 9, and Figure 10). This indicates higher soil and 

vegetation water content in wetlands than in other vegetation-dominated land 

cover classes, coinciding with our expectations based on our knowledge of these 

land cover types (s. chapter Introduction), the outstanding characteristic of High 

Andean Wetlands being their steady water supply in an otherwise semi-arid 

environment. Thus, the shortwave infrared bands appear to have some potential 

for distinguishing wetlands from other vegetation-dominated land cover classes in 

the study area. However, some confusion could not be avoided. 

A comparison between the results described above and results produced by 

applying the same methods to data acquired by Landsat 5 TM in May 2011 (Figure 

16) suggests that the refined band range in the shortwave infrared spectrum of the 

Landsat 8 data products provides a slightly higher potential for distinguishing 

between wetlands and croplands in the study area. It is also interesting that the 

partial reflectance of the shortwave infrared spectrum (band 6) is zero for the 

wetlands land cover class. This is probably due to the rescaling operation 

effectuated after dark object subtraction (s. chapter Methods. However, it is 

possible that the differences in the spectral signatures as captured by Landsat 5 

TM and Landsat 8 OLI are merely due to different meteorological conditions at the 

time or prior to data acquisition. For instance, a greater sum of precipitation 

during the preceding rainy season might easily explain the slightly higher 

reflectance value in the near infrared spectrum and slightly lower reflectance value 

in part of the shortwave infrared spectrum captured by Landsat 8 OLI in 2014. A 

direct comparison of data sets acquired by both sensors at the same time might 
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permit us to exclude this possibility. POURSANIDIS et al., 2015 concluded that 

Landsat 8 data leads to more accurate land cover classifications in urban and peri-

urban areas. This suggests that the improved distinction between two land cover 

classes shown by Landsat 8 data might partly be due to the refined band range. 

However, our results are not sufficiently comparable to come to the same 

conclusion regarding High Andean Wetlands. 

 

 

Figure 16: Comparison of mean reflectance values of two land cover types on the corrected Landsat 5 data set 

acquired in May 2011. The fine lines represent the mean standard deviation per band and the error bars 

represent the mean difference per band between different scenes. The mean values were calculated based on 

random pixel samples from the training areas. The grey vertical lines mark the mean wavelength per band; 

bands 1-6 from left to right. 

 

To sum up, open-access remote sensing data, specifically Landsat 8 imagery, 

appears to have some potential for the classification of wetlands in the High Andes. 

Distinguishing from croplands is possible when based on the response in the 

shortwave infrared spectrum if suitable, preferably multi-temporal data are 

available. A data set acquired at a time of year which assures high soil and 

vegetation water content as well as high plant vitality should be included to ensure 

accurate results. As was stated by Ozesmi & Bauer, 2002, ancillary data should be 
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acquired if possible and confusion between similar land cover types cannot be 

entirely prevented. Further research on the topic might include a more exact 

characterisation of the different types of shrubs and grasslands present in the 

study area to give greater contrast with wetlands.  



34 

 

Conclusion 

Wetlands play an important role worldwide, but especially in arid and semi-arid 

regions such as the High Andes. They are important habitats for many endemic 

plant species as well as animals (Squeo et al., 2006). Local populations use 

wetlands for their livestock and are often dependant on the water and animal feed 

available in these areas (Cooper et al., 2010). Plus, wetlands are especially 

sensitive to climate change. Therefore, the monitoring and management of these 

areas is a major issue for local authorities (Otto et al., 2011). 

The High Andes are a large and widely inaccessible area for which very little 

ancillary data is available. Therefore, open-access remote sensing data are an 

invaluable asset for wetland mapping. Some knowledge of the characteristics that 

influence spectral responses of the land cover types found in the region is essential 

for the success of land cover classification. A direct comparison between different 

land cover types with similar spectral signatures gives improved performance to 

supervised and rule-based classification methods. Furthermore, the time of data 

acquisition is crucial for the success of all kinds of land cover classification. 

Consequently, the analysis and interpretation of example data sets carried out in 

this work can be seen as a preliminary step to the development of a fast and 

reliable method for the mapping of High Andean Wetlands based on open-access 

satellite remote sensing data from the Landsat 8 mission.  

It is possible that the accuracy of decision tree classification might be improved by 

a more thorough calibration of the thresholds and equations used. Isodata 

classification might yield more accurate results if the number of classes and 

iterations was increased. However, we could show that maximum likelihood 

classification applied to a data set acquired shortly after the rainy season and after 

suitable pre-processing of the raw data can reach a high level of accuracy in 

identifying wetlands in spite of the strong overrepresentation of croplands. Plus, 

we could develop a simple decision tree which yielded similar results. As we only 

addressed the issues of different data acquisition dates and confusion between 

similar classes, further research on the errors caused by mixed pixels or small 

areas might help to further improve the results of land cover classification in the 
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High Andes. In spite of this, users should keep in mind that confusion between 

similar classes cannot entirely be avoided. The acquisition of ground truth data 

remains crucial to achieve an exact knowledge of the distribution and size of High 

Andean Wetlands. That said, Landsat 8 data appears to have great potential in 

identifying potential areas of High Andean Wetlands which may then be verified 

using high resolution or ground truth data.
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Appendix 

Appendix 1: Meteorological stations used for the description. From: NATIONAL WEATHER SERVICE AND 

HYDROLOGY OF PERU 2015, online 

Department Province, 
district 

Latitude Longitude Altitude * 

Arequipa Caylloma, Tisco 15° 21’ 1’’ 71° 19’ 1’’ 4152 

Apurimac Cotabambas, 
Tambobamba 

13° 56’ 8’’ 72° 9’ 21.39’’ 4013 

Puno Lampa, Paratia 15° 27’ 8.36’’ 70° 35’ 56.35’’ 4367 

*in meters above sea level 

 

Appendix 2: Quality assessment bands enclosed with the Landsat 8 data sets. Top row: Scenes 

LC80020712014135LGN00 (15th of May), LC80030702014126LGN00 (6th of May), 

LC80030712014126LGN00 (6th of May). Bottom row: Scenes LC80020712014183LGN00 (2nd of July 2014), 

LC80030702014190LGN00 (9th of July 2014), LC80030712014190LGN00 (9th of July 2014). Legend for QA 

band interpretation from: U.S. DEPARTMENT OF THE INTERIOR U.S. GEOLOGICAL SURVEY (ed.). (2015), p. 65. 

 

           

           



 

Appendix 3: Histograms of training areas for random pixel samples of croplands and shrubs / grasslands, 

bands 5, 6, and 7. The vertical line marks the mean value used for the comparison.  

        

 

 

 



 

 


