
 

Colombiaœs Central Eastern Andes Përamo 

Ecosystem Land Cover Monitoring: A 

Disturbance Temporal Trajectory 

Assessment for Protected Areas  

MASTER OF SCIENCE IN GEOINFORMATICS ENGINEERING 

TESI DI LAUREA MAGISTRALE IN INGEGNERIA 

GEOINFORMATICA 

 

Author: Daniel Alberto Aguirre Nieto  

 

Student ID: 10776457 

Advisor: Dr. Giovanna Venuti  

Co-advisor : Dr. France Gerard 

Academic Year: 2022-23 



 

 

 

 

 



 i 

 

 

Abstract (ENG) 

The Páramo is a high-elevation ecosystem found only in the tropical Americas . It is 

characterised by rich biodiversity, plant endemis m, and plays a key role in carbon 

storage and water regulation . Anthrop ogenic disturbance from agriculture , grazing, 

and mining have historicall y threatened this fragile ecosystem. Colombia hosts nearly 

half of the world's total  Páramo surface areas and has delimited  37 different protected 

Páramo Complex areas since 2011, as a measure to counteract their decline. This 

decline is significant  in the central Eastern Andes, which hosts the majority of the 

countryɀs populatio n and forms a central hub of economic activit y. This Thesis focused 

on 3 Paramo Complexes (Guerrero, Rabanal y Río Bogotá and Altiplano Cundiboyacense) 

that were sub-divide d in to 6 Protected Areas (GUE, RRB, ACB_A, ACB_B, ACB_G, 

ACB_R). The disturbance due to agriculture  was assessed over 47 years using Landsat 

and Sentinel-2 multispectral  images, from a strictly  land-cover perspective. The 

assessment revealed that between 1977 and 2024, Agriculture -Grass areas have 

increased in most of the protected areas wi th some of them being historically  

dominated by this land cover: GUE: 34,1% to 41,4%; RRB: 9,9% to 16,3%; ACB_A: 

78,7% to 74,2%; ACB_B: 69,9% (year 1988) to 79,2%; ACB_R: 55,4% to 69,2%; ACB_G: 

27,0% to 31,9%. Change analysis detected dynamic agriculture gain -loss behaviour, 

with a clear deceleration  of Agriculture -Grass gain. A spatial-temporal Index to 

determine agriculture disturbance was proposed and calculate d (GUE: 40,52 RRB: 

12,85; ACB_A: 74,82; ACB_B: 75,02; ACB_R: 71,84; ACB_G: 39,96). The Index should 

be interpreted as a representativeɭand optimistic  lower boundɭ persistent 

Agriculture -Grass land cover percentage of the given area for the 47-year period . The 

findings of this study  should be used to form a mul tidisciplinary approach to Páramo 

ecosystem monitoring, in order to fully understand the consequences of agricultural 

disturbance. 

 

Key-words:  Páramo, Ecosystem monitoring, Land cover change, Land cover temporal 

trajectory, Landsat, Sentinel-2, Google Earth Engine. 
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Abstract (ITA) 

Il Páramo è un ecosistema di alta quota che si trova solo nelle Americhe tropicali. È 

caratterizzato da una ricca biodiversità, endemismi vegetali e svolge un ruolo chiave 

nello stoccaggio del carbonio e nella regolazione dell'acqua. I disturbi antropici 

derivanti da agricoltura, pascolo ed estrazione mineraria hanno storicamente 

minacciato questo fragile ecosistema. La Colombia ospita quasi la metà delle aree di 

superficie totale del Páramo del mondo e ha delimitato 37 diverse aree protette del 

Complesso del Páramo dal 2011, come misura per contrastare il loro declino. Questo 

declino è significativo nelle Ande centro -orientali, che ospitano la maggior parte della 

popolazione del paese e costituiscono un fulcro centrale dell'attività economica. 

Questa tesi si è concentrata su 3 Complessi del Páramo (Guerrero, Rabanal y Río 

Bogotá e Altiplano Cundiboyacense) che sono stati suddivisi in 6 Aree Protette (GUE, 

RRB, ACB_A, ACB_B, ACB_G, ACB_R). Il disturbo dovuto all'agricoltura è stato 

valutato in 47 anni utilizz ando immagini multispettrali Landsat e Sentinel -2, da una 

prospettiva strettamente di copertura del suolo. La valutazione ha rivelato che tra il 

1977 e il 2024, le aree agricole-erbacee sono aumentate nella maggior parte delle aree 

protette, alcune delle quali sono state storicamente dominate da questa copertura del 

suolo: GUE: dal 34,1% al 41,4%; RRB: dal 9,9% al 16,3%; ACB_A: dal 78,7% al 74,2%; 

ACB_B: dal 69,9% (anno 1988) al 79,2%; ACB_R: dal 55,4% al 69,2%; ACB_G: dal 27,0% 

al 31,9%. L'analisi del cambiamento ha rilevato un comportamento dinamico di 

guadagno-perdita dell'agricoltura, con una chiara decelerazione del guadagno 

agricolo-erbaceo. È stato proposto e calcolato un indice spazio-temporale per 

determinare la perturbazione agricola (GUE: 40,52 RRB: 12,85; ACB_A: 74,82; ACB_B: 

75,02; ACB_R: 71,84; ACB_G: 39,96). L'indice dovrebbe essere interpretato come un 

limite inferiore rappresentativo e ottimistico della percentuale di copertura persistente 

di terreni agricoli e pascoli dell'area data per il p eriodo di 47 anni. I risultati di questo 

studio dovrebbero essere utilizzati per formare un approccio multidisciplinare al 

monitoraggio dell'ecosistema di Páramo, al fine di comprendere appieno le 

conseguenze della perturbazione agricola. 

 

Parole chiave: Páramo, Monitoraggio degli ecosistemi, Cambiamento della copertura 

del suolo, Traiettoria temporale della copertura del suolo, Landsat, Sentinel-2, Google 

Earth Engine. 
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Document Structure 

The present document is structured by chapters in the following manner:  

 

Chapter 1 introduces the different abbreviations used within  the document and 

presents the main objectives of the Thesis. 

 

Chapter 2 aims to present the reader with  a review of the state of the art and the 

methods, covering all relevant theoretical foundation s that have support ed the 

development of  the Thesis. 

Sub-Chapter  2.1 presents a summary of what constitutes a Páramo ecosystem focusing 

on a land cover perspective, its location, characteristics, as well context on its 

importance. This Sub-Chapter also provides an overview of land cover monitoring 

efforts in the Colombian context and the role of this Thesis in contributing to that 

monitoring . Also, it  highlig hts the importance of continuous  multidisciplinary  

monitoring for a more holistic understanding of the health of the  Páramo ecosystems, 

beyond the perspective of landcover. 

Sub-Chapter  2.2 focuses on the remote sensing basics related to satellite-based land 

cover monitoring.  It includes an explanation of the physical principles behind the 

instruments used to capture the data, their resolution , factors influencing  the 

processing of their acquisitions, and labelling of the available  data products. It then 

presents the different satellite missions with the sensor characteristics chosen for this 

Thesis. 

Sub-Chapter  2.3 covers the aspects behind the data procurement and characteristics 

from a historic context  and the theory behind the pre-processing methods necessary to 

obtain a suitable product for analysis. It includes a brief explanation of the different  

levels at which data is made available for end users, as well as the Google Earth Engine 

platform  and its innovative approach . It also includes the fundamentals for the  pre-

processing methods used in this Thesis including radiometric  corrections, geometric 

corrections, data visualisation strategies, data masking, and data integration. 

Sub-Chapter  2.4 explains the theory behind digital image classification and its 

extension to satellite acquisitions, the machine learning basics and the classification 

algorithms used in this Thesis, the sampling design for robust statistical inference, as 



2 |  

 

 

well as examples of different Land Use Land Cover (LULC)  products with their class 

schemas at a global, continental-regional, national and national -regional level. 

Sub-Chapter 2.5 provides an overview of  the accuracy assessment and uncertainty 

estimation for LULC classification products , the importance of the error matrix, the 

description of  the different accuracy metrics and their unbiased estimators based on 

best practices found in literature . 

Sub-Chapter 2.6 presents the conceptualisation of the change detection, the 

consistency required for effective ecosystem monitoring, the algorithms employed and 

the role of statistical testing with the test s used in the present work. 

Sub-Chapter 2.7 provides a general perspective on indices and their use for different 

applications with in Earth Observation. 

 

Chapter 3 presents the scope and methodology  followed to obtain, pre-process, and 

classify the satellite data, the statistics and metrics used for accuracy assessment and 

validation , as well as the change detection analysis and disturbance index proposal. A 

complete methodological flowchart for the Thesis is available in Appendix A.1. 

Sub-Chapter 3.1 presents the Páramo study assessment areas selected for this Thesis 

in terms of their location , their grouping for analysis, their specific characteristics in 

terms of climate, history, size, anthropogenic activities,  land use pressures and 

population characterisation . 

Sub-Chapter 3.2 deals with the construction of the satellite image Data Pool and data 

selection by objective ranking, to define the study epochs around reference years. It 

presents the datasets accessed and their availability, the ranking principles followed 

and the resulting 11 epochs defined for the Thesis.  

Sub-Chapter 3.3 explains the pre-processing steps applied to the satellite image data 

and parameter selection of the transformations applied to the d ifferent datasets. It also 

explains the generation of the epoch Mosaics that comprise the data cube.  

Sub-Chapter 3.4. explains in detail  the selection of the number of classes and schema, 

the data clustering approach for the oldest datasets, the definition of the sample areas 

under a random stratified sampling  approach, and the sample areas spectral 

signatures analysis. It also describes the applied classification methods, the 

hyperparameter tunning and iterative approach, with the respective accuracy 

assessment and statistics of the classification results.  

Sub-Chapter 3.5 covers the scope methods for change detection employed within the 

Páramo Complex Protected Areas, the reduced binary schema and the three timesteps 

defined. It explains the change typologies both for the  bi-temporal cases and the 

change trajectories defined for the multitemporal case. 
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Sub-Chapter 3.6 presents the conceptual and mathematical formulation of the 

agriculture disturbance index for the Páramo areas and explains how to interpret it . 

 

Chapter 4 summari ses the results obtained for land cover and land cover change, their 

statistics, accuracies and error estimation. 

Sub-Chapter  4.1 presents the classification results for each Páramo Complex of the 

assessment areas, their  statistical characterisation and its corresponding accuracy 

assessment. It defines the baseline results, presents the LUL C produ cts obtained, 

analyses the high confidence overall  trends, and class-specific accuracy behaviours . 

Sub-Chapter  4.2  reveals the change detection and temporal trajectory results of the 

LULC classes for each Páramo Complex of the assessment areas for three different time 

steps of the study period . It explain s the reduction  to the binary Agriculture -

Grass/Other  schema and the conversion of the Agriculture -Grass to a ȿ,2(ɯÌØÜÐÝÈÓÌÕÛɀ 

area proporti on, reviews the statistical significance of the changes, presents the bi-

temporal change and temporal trajectory maps, and analyses the time step results. 

Sub-Chapter  4.3 shows the results for the Agriculture Dis turbance Index proposed 

and presents the final  Páramo areas ranking . 

 

Chapter 5 discusses the results considering similar work conducted, mirroring the 

Sub-Chapters of Chapter 4. 

 

Chapter 6 condenses the main conclusions, findings and implications  of the work 

conducted. Highlights  the limitations enunciated throughout  the development and 

proposes considerations to guide further investigation.  
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1 Introduction  

1.1. Abbreviations  

The following table  compiles all the abbreviations used throughout the document . 

Table 1.1: List of Abbreviations.  

Abbreviation  Definition  

ACB Altiplano Cundiboyacense  

("ÖÓÖÔÉÐÈɀÚɯPáramo Complex Protected Area) 

AGRI Agriculture visualisation composite 

ANN  Artificial Neural Network  

AOI  Area of Interest 

API Application Programming Interface  

BOA Bottom of the Atmosphere  

CAR Corporación Autónoma Regional de Cundinamarca  

("ÜÕËÐÕÈÔÈÙÊÈɀÚɯ1ÌÎÐÖÕÈÓɯ$ÕÝÐÙÖÕÔÌÕÛÈÓɯ ÜÛÏÖÙÐÛàȺ 

CART Classification and Regression Tree 

CHI  Chingaza 

("ÖÓÖÔÉÐÈɀÚɯPáramo Complex Protected Area) 

CI Confidence Interval  

CLC CORINE Land Cover  

CORINE Collaboration for Information on the Environment  

CVS Cruz Verde y Sumapaz 

("ÖÓÖÔÉÐÈɀÚɯPáramo Complex Protected Area) 

CRS Coordinate Reference System 

DEM  Digital Elevation Model  

DL  Deep Learning 

DN  Digital Number  

EMR Electromagnetic Radiation 

EO Earth Observation 

EPSG European Petroleum Survey Group 

(Public Geodetic Parameter Dataset Registry) 

ESA European Space Agency 

ETM Enhanced Thematic Mapper 
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FOV Field of View  

GML  Gaussian Maximum Likelihood  

GCP Ground Control Point  

GEE Google Earth Engine 

GSD Ground Sampling Distance 

GUE Guerrero 

("ÖÓÖÔÉÐÈɀÚɯPáramo Complex Protected Area) 

HC High Confidence  

IDE Interactive Development Environment  

IFOV Instantaneous Field of View 

IGBP International Geosphere-Biosphere Programme 

IGM  Iguaque y Merchán 

("ÖÓÖÔÉÐÈɀÚɯPáramo Complex Protected Area) 

IR / VIR Infrared / Visible Infrared  

L2-ȱ-L9 Short for Landsat Mission Number  

LCCS Land Cover Classification System 

LEDAPS Landsat Ecosystem Disturbance Adaptive Processing System 

LaSRC Land Surface Reflectance Code 

MADS Ministerio de Ambiente y Desarrollo Sostenible  

("ÖÓÖÔÉÐÈɀÚɯ,ÐÕÐÚÛÙàɯÍÖÙɯ$ÕÝÐÙÖÕÔÌÕÛɯÈÕËɯ2ÜÚÛÈÐÕÈÉÓÌɯ#ÌÝÌÓÖ×ÔÌÕÛ) 

MAGNA  Marco Geocéntrico Nacional de Referencia 

("ÖÓÖÔÉÐÈɀÚɯ-ÈÛÐÖÕÈÓɯ&ÌÖÊÌÕÛÙÐÊɯ1ÌÍÌÙÌÕÊÌɯ%ÙÈÔÌ) 

MIR Middle Infrared  

MODIS Moderate Resolution Imaging Spectroradiometer  

MSI Multispectral Imager  

MSS Multispectral Scanner System 

NASA  National Aeronautics and Space Administration  

NIR  Near Infrared  

OLI  Operational Land Imager  

PA Protected Area 

QA Quality Attributes (of a pixel)  

RE / VRE Red Edge / Vegetation Red Edge 

RF Random Forest 

RGB Red Green Blue (additive colour model) 

RMSE Root Mean Square Error 

RRB Rabanal y Río Bogotá 

("ÖÓÖÔÉÐÈɀÚɯPáramo Complex Protected Area) 

RTM Radiative Transfer Model  

S2 Sentinel-2 
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SE Standard Error  

SIRGAS Sistema de Referencia Geocéntrico para las Américas 

(Geocentric Reference Frame for the Americas) 

SLC Scan Line Corrector 

SR Surface Reflectance 

SVM Support Vector Machine 

SWIR Shortwave Infrared  

TIFF Tag Image File Format 

TIR Thermal Infrared  

TIRS Thermal Infrared Sensor 

TM  Thematic Mapper 

TOA Top of the Atmosphere 

UAV  Unmanned Aerial Vehicle  

URL Uniform Resource Locator 

UTM  Universal Transverse Mercator (plane coordinate grid system) 

USGS United States Geological Survey 

WRS Worldwide Reference System 

YMC Yellow Magenta Cyan (subtractive colour model) 
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1.2. Objectives 

This thesis aimed to employ Satellite Earth Observation (EO) free and open data to 

assess the level of disturbance of the Páramo ecosystem in the central Eastern Andes 

of Colombia. The ecosystem and its disturbances were approached strictly from a land 

cover perspective and within the government -declared boundaries for several of these 

protected areas, formally addressed as the Páramo Complex. The study  developed the 

follow ing 4 key objectives: 

 

1. Classify and establish a baseline land cover map for the Páramo Complex . 

Using the earliest Satellite EO records, estimate the initial extent and location of 

the Páramo ecosystem land cover within the Páramo Complexes of Guerrero 

(GUE), Rabanal y Río Bogotá (RRB), and Altiplano Cundiboyacense  (ACB) as a 

baseline for later comparison. 

 

2. Quantify the degree of change in Páramo land cover over time . Derive a 

ÛÌÔ×ÖÙÈÓɯÛÙÈÑÌÊÛÖÙàɯÖÍɯÛÏÌɯÌÊÖÚàÚÛÌÔɀÚɯÓÈÕËɯÊÖÝÌÙɯÍÙÖÔɯÛÏÌɯÉÈÚÌÓÐÕÌɯÛÖɯÛÏÌɯÔÖÚÛɯ

recent data, estimating the conversion and evolution of the different land cover 

classes within  each Páramo Complex. 

 

3. Develop a Disturbance Index that encompasses spatial -temporal changes to 

appropriately determine Páramo quality . The proposed index intends to 

summari se the current state and evolution of the ecosystem, to use as a metric 

for future monitoring.  

 

4. Identify the most pristine and most disturbed Páramo Complex and Páramo 

areas. Temporal trajectory analysis and the disturbance index at different 

granularities  is applied to  the Páramo Complex and their corresponding 

administrative and hydrological sub-divisions,  to produce an objective ranking 

of the best preserved to most disturbed Páramo areas. 

 

All code developed for the Thesis is publicly available on the following repository:  

https://github.com/Daenel35/Paramo-Land-Cover-Monitoring  

 

 

 

https://github.com/Daenel35/Paramo-Land-Cover-Monitoring
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1.3. Overvi ew of Results 

This Thesis focused on 3 Paramo Complexes (Guerrero, Rabanal y Río Bogotá and 

Altiplano Cundiboyacense) that were sub-divide d in to 6 Protected Areas (GUE, RRB, 

ACB_A, ACB_B, ACB_G, ACB_R). The disturbance due to agriculture  was assessed 

over 47 years using Landsat and Sentinel-2 multispectral  images, from a strictly  land-

cover perspective.  

This work can conclude that from a land -cover perspective, Protected Areas in the 

central Eastern Andes have undergone an expansion of Agriculture -Grass for the past 

47 years. This expansion behaviour is different among the Protected Areas included  in 

the assessment, with some of them having a dominant a gricultural vocation at the start 

of the study period.  The change analysis showed that stable Agriculture -Grass areas 

also steadily increased, with  a dynamic  gain/loss behaviour, and a clear decelerating 

trend. However, f urther research is needed to determine whether  this deceleration  is 

correlated with economical or public -policy factors. 

The assessment revealed that between 1977 and 2024, Agriculture -Grass areas have 

increased in most of the protected areas wi th some of them being historically  

dominated by this land cover: GUE: 34,1% to 41,4%; RRB: 9,9% to 16,3%; ACB_A: 

78,7% to 74,2%; ACB_B: 69,9% (year 1988) to 79,2%; ACB_R: 55,4% to 69,2%; ACB_G: 

27,0% to 31,9%. Change analysis detected dynamic agriculture gain -loss behaviour, 

with a clear deceleration  of Agriculture -Grass gain.  

A spatial-temporal Index to determine agriculture disturbance was proposed and 

calculated (GUE: 40,52 RRB: 12,85; ACB_A: 74,82; ACB_B: 75,02; ACB_R: 71,84; 

ACB_G: 39,96). The Index should be interpreted as a representativeɭand optimistic  

lower boundɭ persistent Agriculture -Grass land cover percentage of the given area 

for the 47-year period .  

The main contribution of this work , beyond the results reported, is the methodological 

approach focused on data and accuracy driven  choices, detailed processing steps, 

open-access resources and replicabili ty . Expansion, correction and re-purposing  of the 

methodology is actively encouraged. The author hopes that this work will offer a key 

contribution and b aseline for further  multidis ciplinary research on ecosystem 

monitoring and  conservation that is so vital for the f uture of Páramo. 
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2 State of the Art & Methods  

This chapter provides review of the relevant theoretical background required  to 

understand the development of the Thesis and its results. 

2.1. The Páramo Ecosystem 

The Páramo is a high-altitude  ecosystem found in the tropical Americas, from northern 

Peru and along Ecuador, Colombia, Venezuela and small patches between Costa Rica 

and Panamá (Figure 2.1). It is located above the High Andean Humid Forest tree line 

and below the rocky glacial mountain tops , constituting an ecological archipelago 

along the northern Andes  [1]. It has been recognised for its rich biodiversity and plant 

endemism [2], as well as its role in soil formation , high carbon storage [3], and 

hydrological regulation  [4]. Consequently, it provides critical ecosystem services such 

as a steady supply of fresh surface water for human consumption and hydropower 

generation [5], as well as a unique landscape for biological research and nature 

tourism . Alongside this , it also provides  an element of identity for its inhabitants , and 

is even considered  sacred  within  some indigenous cultures  [6]. 

      

Figure 2.1: Left: Approximate extension (in black) of the Páramo in the Northern  Andes [5]. 

Right: Landcover mapping of the Northern Andes [7] 
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Much work has been conducted on the biological  and ecological characterisation of the 

Páramo and other Andean mountain ecosystems in Colombia  [8], [9], [10], while more 

recent work has focused strictly on establishing the land cover and estimating the 

extent using satellite image classification [7]. This latter land cover perspective will be 

the focus of this Thesis. 

It is not possible to define a unique altitudinal range for the Páramo due to the 

confluence of local factors such as climate, soil, vegetation and fauna and even the 

aspect of the mountain range (East / West) that determine the transition from the High 

Andean Humid Forest  to the proper Páramo [11]. Nevertheless, Figure 2.2 provides  a 

valuable insight into the classifications for the Central Eastern Andes Area of Interest 

(AOI). A lower bound of 2 .500 m was chosen for this study (green box in Figure 2.2) to 

also incorporate the urban and agricultural Land Use/Land Cover (LULC) of the high 

plateau of the AOI , commonly referred as Altiplano Cundiboyacense due to its location 

between the Cundinamarca and Boyacá regions. The upper bound for the AOI is 

determined by the elevation of the highest peaks, that do not reach Nival heights. 

 

Figure 2.2: Altitudinal Zones and vegetation alliances/associations (Ecosystems) in the three 

Andes mountain ranges and the Santa Marta Massif Biomes from the Ecoandes Project, 

translated and adapted from [11, Tbl. 2]; The green box highlights the associations included 

ÞÐÛÏÐÕɯÛÏÐÚɯÚÛÜËàɀÚɯÈÙÌÈɯÖÍɯÐÕÛÌÙÌÚÛȭ 

Páramo landscape is characterised by short slow-growing riparian trees  (Polylepis, 

Chusquea), evergreen bushes (Hypericum), pale-green and ochre mosaics of vegetation 

including giant rosette plants like Frailejones (Espeletion), tussock grasslands 

(Calamagrostis) along with a soil matrix of cushion plants, lichens and moss [1].  This 

vegetation and soil matrix  actively intercepts air humidity  and possesses a high water-

holding capacity  and low transpiration , favour ing water retention and regulating  

release into  permanent and temporary water bodies  and streams [5], [12]. While 
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retaining water , this ecosystem slowly stabili ses and accumulates organic matter in the 

soil, making it particularly fragile and vulnerable to anthropic action with decade  long 

restoration horizons and enhanced climate change vulnerability  due to average 

temperature increase [11], [13], [14], [15]. 

From a LULC perspective, the Páramo has all the above-mentioned elements of short 

vegetation, along with  elements such as water bodies -lakes and wetlands-, exposed 

rock formations, riparian and transitional forest . Figure 2.3 gives the reader a glimpse 

of the Páramo landscape from ground level in three different Protected Areas. In 

addition to these natural elements, infrastructure  related to human economic activities 

and sustenance like  dams, water reservoirs, power line  towers, communication 

towers, surface gravel mining, sub-surface coal mining, their related facilities, roads, 

paths, houses, schools, farms and agricultural fields , among others, can also be present 

in different proportions.  

 

 
(a) Chingaza Complex (CHI) , municipality 

of Guasca (30/04/2017) 

 
(b) Guerrero Complex (GUE), municipality 

of Carmen de Carupa (27/12/2017) 

 
(c) Rabanal y Río Bogotá Complex (RRB), 

municipality of Turmequé (06/07/2019) 

 
(d) Chingaza Complex (CHI), municipality 

of Guasca (12/03/2020) 

Figure 2.3: AÜÛÏÖÙɀÚɯ×ÏÖÛÖÎÙÈ×ÏÚɯÖÍɯsample ecosystem landscapes for different Páramos. 

Colombia hosts nearly half  ÖÍɯÛÏÌɯÞÖÙÓËɀÚɯÛÖÛÈÓɯPáramo surface [16] due to its 

geographic location and the split of the Andes mountain range within its boundaries , 

which causes further diversification of its landscapes as evidenced in Figure 2.2. Since 

2011 the Colombian  Ministry of Environment and Sustainable Development (MADS)  

has officially de limited 36 different Páramo Complexes [17] ɬa terminology aimed to 
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highlight  that some of them may be represented by more than one mapped polygon .  

The National System of Protected Areas, accounts for  a total of 19.323 Km2 of land 

delimited as Páramo [18]. The relatively recent inclusion  of the Páramo to the System 

of Protected Areas highlights  an increasing awareness of its importance and aims to 

counteract the accelerated degradation due to, among others, human intervention 

from mining, cropping  and livestock grazing  [19]. The location of the delimited  

Páramo Complexes in Colombia and the ones in the ÚÛÜËàɀÚɯ"ÌÕÛÙÈÓɯ$ÈÚÛÌÙÕɯ ÕËÌÚ 

AOI are shown in Figure 2.4. 

 
Figure 2.4: Government Delimited Páramo Complexes in Colombia and in  the Central 

Eastern Andes AOI . 

Colombian regulations state full prohibition of extractive and agricultural activities on 

Páramo areas that were undisturbed prior to June 2011 within the delimit ation [20]. 

Regulations provide d further  guidelines for the substitution and conversion of 

ongoing agricultural activities  for areas that were disturbed prior to June 2011,  

according to the land-use defined by  regional environmental authorities  [21], [22]. 

These regulations are issued per Páramo Complex. This date-based approach results 

in a recognition of the fact that some of these delimited areas had never been granted 

any protection status before June 2011 and economic activities ɭwhether for profit or 

for sustenanceɭ were traditionally and lawfully conducted there . By applying the 

substitution and conversion policy , consideration could be given to the Páramo 

inhabitants  and their roots . However, t he transitional nature of this substitution and 

conversion of agricultural activities requires a monitoring system at a scale that 

Remote Sensing can address. 
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Remotely sensed monitoring efforts for the High Mountain ecosystemsɭincluding 

Páramoɭ have been developed in Colombia  at different temporal scales and 

granularities.  A large scale (1:100.0001) cartographic analysis based on USGS Landsat 

Satellite imagery estimated that between 1970 and 1990 the countryɀÚ share of High 

Mountain ecosystems areas ɬabove 2.744 m in elevationɬ converted to agriculture 

reached 24,9% (242.373 Ha) and the central region of Cundinamarca underwent a 211% 

increase in its agricultural areas for this period [12]. A multitemporal analysis 

spanning 2005 to 2017 on 5 Páramo Complex Areas  belonging to  the AOI  (ACB, CHI, 

GUE, RRB & IGM), found that 4 out of 5 exhibit high fragmentation and a negative 

balance in the gain-loss of their natural coverage [24]. Agricultural LULC in GUE 

Páramo Complex has been estimated to be 31% for the 2014-2016 period within the 

Ubaté Region [25], and 37% for January 2020 within the municipality of Tausa  [26]. In 

this same municipality , the agriculture trend was estimated at a 6% annual increase 

between 2007 to 2016 [27]. A very recent multitemporal study estimated that within 

1984 and 2021 the Guerrero and Rabanal Páramos have respectively lost 47.96% and 

59.96% of their native vegetation, replaced primarily by crops, pastures, and planted 

forests [28]. 

These research examples set the stage and portray how Páramo ecosystem, as well as 

many other natural ecosystems, have suffered from the strain of anthropogenic 

pressure. They also demonstrate how by monitoring  the LULC of these areas, their 

state and evolution in time  can be measured and quantif ied. This is of course, a single 

perspective on a multidisciplinary issue, as ecosystems might be maintaining their 

extent while still  suffering from disturbances impacting  their species composition 

and/or diversity , or being exposed to chemical, water, or air pollution  that impact their 

overall health  (Please refer to Sub-Chapter 3.1 for a description of the disturbances of 

the assessment areas). Measuring the extent of Paramo landcover will be the metric 

used to assess Páramo ecosystem wellbeing under the scope of this Thesis. A holistic 

multidisciplinary approach to Páramo ecosystem monitoring is necessary, and this 

thesis provides one strand of that multidisciplinary approach with a focus on land 

cover. 

 

  

 
1 Note of contextuali sation on scale concept: A scale represents the ratio between the physical map size and the real size of the 

elements depicted on it, 1:100.000 represents that 1 m on the map is equivalent to 100 Km in reality, or 1 cm equivalent to 1 Km. 

The use of an embedded scale bar that shows this relationship on maps is usually preferred. A more informative  approach to 

scale is considering the smallest element to be represented in a paper or screen map ɭas a dotɭ is about 0.2 mm, therefore the 

smallest element on the 1:100.000 scale map is the product of the nominal scale by this fixed length: 100.000x0,2mmx10-3m/mm = 

20 m, this length is referred to as the ground error. As the scale is usually constant on the horizontal and vertical axis, and to 

represent an object you need at least 2 dots on each direction it is evident anything smaller than 40mx40m will not  be represented 

on the map at this scale. In fact, for something to have any area some space is needed between the lines formed by these dots or 

for it to be about 0.5mm in size, so following the same logic as before, for a 1:100.000 map the detectable size of an object is 50m, 

and for a 1:25.000 map is 5m [23]. 
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2.2. Remote Sensing and Satellite EO 

 

The work undertaken in this Thesis will focus on free and open data derived from 

passive multispectral Satellite EO missions. The present Sub-Chapter will deal with 

the background needed to understand this statement, and the relevant factors 

influencing  data acquisition and mission characteristics. 

Remote Sensing refers to making observations of an object using a device that is 

physically distant  from it. Collecting data about the Earth and its atmosphere recorded 

by airborne and satellite-borne sensors through remote sensing is referred to as Earth 

Observation (EO). As the sensor is not in direct contact with the measured object, the 

energy detected from the object is assumed to be indicative of its properties and the 

relationship between the measured energy and the object properties must be 

established [29]. For Satellite sensors, energy in the form of magnetism, gravity, 

radioactivity and electromagnetic radiation can be collected . The Electromagnetic 

Radiation  (EMR) is one of the most relevant and commonly used forms of energy for 

Satellite EO. It is also the one that is most familiar to us  due to the sensorɀÚ parallelism 

with human vision, as we rely on  an ÖÉÑÌÊÛɀÚ reflection of visible light ɭa small portion 

of the spectrumɭto detect it . A logarithmic scale with the common names assigned to 

different portions of the spectrum , highlighting the visible part and our colour 

interpretation of it , is displayed in Figure 2.5. 

 
Figure 2.5: Electromagnetic spectrum [30, Fig. 2]. 

It is important to note that all materials both reflect EMR or emit EMR as a function of 

their temperature , and that the incoming EMR energy to an object is either reflected, 

absorbed or transmitted, following the energy conservation principle. Consequently, 

both the EarthɀÚ surface and its atmosphere reflect, absorb and transmit the incoming 

EMR irradiated by the Sunɭthe biggest energy source among othersɭ, while also 

emitting  EMR themselves (function of their temperature and energy absorbed and re-
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emitted usually at higher wavelengths) . 3ÏÌɯÈÔÖÜÕÛɯÖÍɯÛÏÌɯ2ÜÕɀÚɯÌÕÌÙÎàɯÙÌÍÓÌÊÛÌËɯ

depends on two material properties: first, the roughness of the objects surface, as 

smooth surfaces will reflect incoming energy in a single direction  like a mirror , while 

rough ones will scatter the light in many directions , reflecting less in the direction of 

the sensor. Second, the materials albedo, which is the proportio n of incident energy 

reflected by a material that provides a metric (%) on how well an object reflects li ght 

instead of absorbing it . Snow and clouds, for example, have a very high albedo, 

reflecting up to 90% of incoming solar radiation. The ocean, water bodies, and dark 

wet soil on the other hand, reflect less than 15% of incoming solar radiation and absorb 

the rest [31]. Figure 2.6 shows an informative albedo chart and table of different 

surfaces, including different kind s of atmospheric clouds (Cirrus, Stratus, Altostratus, 

Cumulus). 

 
Figure 2.6: Albedo Values[29, Fig. 5.15] and Sample Albedo Values 

Passive remote sensing sensors measure the EMR energy reflected and emitted from 

the EarthɀÚ surface, while active r emote sensing sensors beam EMR towards the 

surface ɬl ike radio wavesɭ and capture the reflected response (Figure 2.7). 

 

Figure 2.7: Diagram of a passive sensor versus an active sensor. Credit: NASA Applied 

Sciences Remote Sensing Training Program 
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$ÈÙÛÏɀÚɯÚÜÙÍÈÊÌɯÙeflected solar energy is detected by passive remote sensing devices in 

the Visible, Near Infrared (NIR) , Short Wave Infrared (SWIR) and Middle Infrared 

(MIR)  ÙÌÎÐÖÕÚȮɯÞÏÐÓÌɯÛÏÌɯ$ÈÙÛÏɀÚɯown emitted  energy may be detected in the Middle 

Infrared (MIR) , Thermal Infrared  (TIR) and microwave wavelengths  [29]. Figure 2.8 

presents the spectral regions of interest, including the subdivision of the Infrared 

spectrum, as well as the name given to the sensors used to detect them. 

 

 
Figure 2.8: Spectral regions observed by EO sensors[29, Tbl. 13.1] 

Satellite EMR sensors collect energy readings from different wavelength ranges or 

portions of the spectrum, commonly referred to as bands. Our eyes and optical devices 

like cameras work like passive sensors, collecting energy readings in three visible 

bands, Blue, Green and Red, corresponding to the peak-sensitivity wavelengths 

through which humans perceive colour.  

Different land covers have varying, and often characteristic, reflectance in the visible 

and non-visible wavelengths (SWIR, MIR, TIR). Consequently, engineered sensors 

capable of detecting and quantifying both visible and non -visible  waves, enable us to 

identify an object with more information than what we perceive as colour . Surface 

features or land covers can have characteristic spectral reflectance curves showing  a 

ȿÛà×ÐÊÈÓɀɯÚÏÈ×ÌɯÖÝÌÙɯÈɯ×ÈÙÛÐÊÜÓÈÙɯÙÈÕÎÌɯÖÍɯÞÈÝÌÓÌÕÎÛÏÚɯ[29]. This typical behaviour is 

often referred to as a spectral signature, for which several examples are shown in 

Figure 2.9. It is important to note that spectral signatures are the idealised line that 

ȿÊÖÕÕÌÊÛÚɀɯÛÏÌɯËÖÛÚɯÖÍɯÌÈÊÏɯÚÌÕÚÌËɯÉÈÕËɯÙÌÈËÐÕÎ (as not all wavelengths are or can be 

sampled). Energy is commonly reported in dimensionless units of  relative energy like 

reflectance, obtained by dividing the reflected energy by the incident energy. 



 19 

 

 

 

Figure 2.9: Idealised Spectral signatures[30, Fig. 6] 

Much like a camera, a satellite sensor has a limited Field of View (FOV), representing 

the angular extent of observations acquired, and an Instantaneous Field of View 

(IFOV) represented by the angle delimited  by a single detector element of an optical 

system [32]. The projected FOV or ground FOV is also known as the Swath width , 

while its instantaneous counterpart ground IFOV is known as the Ground Sample 

Distance (GSD) or picture elementɭreferred to as a pixel from now on ɭ size. Figure 

2.10 provides a schematic of these concepts for two sensors with different acquisition 

modes: cross track or whiskbroom , that collects observations while scanning side to 

side along the orthogonal direction of the flight, and along track or push broom, 

collecting observations simultaneously for the entire FOV . 

 

Figure 2.10: Cross track (A) and along track (B) scanners [32, Fig. 5] 

The data collected by satellite EO is characterised by four types of resolution: 

radiometric, spatial, spectral, and temporal [31] as graphically presented in Figure 2.11. 

This resolution is important to understand what sets the different existent satellite 

missions and their sensors apart. 
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Figure 2.11: Examples of different kinds of resolution [33, Fig. 1] 

Radiometric resolution  refers to the levels of quantisation of the energy of a single 

detector element or pixel,  that is, the number of bits representing the energy recorded. 

Energy values are encoded in bits, or 0/1 values. For two bits, 4 values are possible (00, 

01, 10 and 11), and the number of possible values is 2 to the power of the number of 

bits. For an 8-bit resolution, the sensor has ς ςυφ potential digital values (0  - 255) to 

store information , these values are often referred to as Digital Number (DN) and 

represent the raw data recorded from the sensor. A set of DNs is recorded for each 

band the device can sense. Thus, the higher the resolution, the more values are 

available to store information, and better discrimination between the slightest 

differences in energy is provided  [31]. The calibration data for the sensor is what 

allows conversion of the DN readings to actual energy magnitudes ɭlike radiance 

[W/m 2-sr] in a process called radiometric correction. 

Spatial resolution  depicts the size of the individual reading or pixel  at ground level  

(also referred to as ground IFOV or GSD) [32]. This pixel size can vary from kilometres 

to centimetres depending on the sensor, as resolution varies between global, 

continental, national, regional, and local applications. Very fine resolution Satellite EO 

data (30cm ɬ 9m) belongs to the realm of commercial data, while coarser resolution 

ȹȁƕƔÔȺɯÐÚɯÜÚÜÈÓÓàɯÍÙÌÌɯÖÙɯÖ×ÌÕ-access for research and non-commercial purposes. The 

span of the ground FOV or Swath width is proportional to the number of pixels and 

will vary in magnitude between met res and hundreds of kilometres, and due to data 

size constraints, the observed strip will be broken down in scenes as depicted in Figure 

2.12. 
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Figure 2.12: Strips and Spatial resolution[34] 

Spectral resolution  refers to the ability of a sensor to discern finer EMR wavelengths, 

that is, having more and narrower bands. The narrower the range of wavelengths for 

a given band, the finer the spectral resolution [31]. Sensors are broadly grouped in 

multispectral, having 3 to 10 bands, while others with tens to hundreds are named 

hyperspectral, to even thousands of bands that are considered ultra spectral. Although 

names for different portions of the EMR spectrum are the same, not every sensor has 

the same range for the band that sense it. Bands in the NIR, SWIR and even Red, Green, 

and Blue bands are not always referring to the same wavelength ranges.  

Temporal resolution  is related both to the sensor and ÛÖɯÛÏÌɯÚÈÛÌÓÓÐÛÌɀÚɯÖÙÉÐÛȮɯÈÚɯÐÛɯÐÚɯ

defined as the time taken for the next observation of the same area. In other words, it 

is the time it takes for the sensor to revisit the same observation area [30]. The better 

the spatial resolution, the narrower the swath, and the more orbits needed to complete 

the full sweep around the earth to arrive to the same area. This means that there is a 

trade-off between spatial and temporal resolution, as both cannot be maximi sed 

together. EO Satellites typically follow a near polar and near circular orbit, meaning 

ÛÏÌàɯ×ÈÚÚɯÖÝÌÙɯÈɯÎÐÝÌÕɯ×ÖÐÕÛɯÖÕɯÛÏÌɯ$ÈÙÛÏɀÚɯÚÜÙÍÈÊÌɯÈÛɯÛÏÌɯÚÈÔÌɯÓÖÊÈÓɯÛÐÔÌɯÖÕɯÌÈÊÏɯ

overpass, which minimises surface illumination and shadowing differences [29]. 

As mentioned at the beginning of the Sub-Chapter, this work  will focus on free and 

open data derived from passive multispectral Satellite EO missions. Before reviewing 

ÛÏÌɯÔÐÚÚÐÖÕɀÚɯÊÏÈÙÈÊÛÌÙÐÚÛÐÊÚȮɯÐÛɯÐÚɯÐÔ×ÖÙÛÈÕÛɯÛÖɯÍÜÙÛÏÌÙɯËÌÚÊÙÐÉÌɯÚÖÔÌɯfactors directly 

related to the corrections and data manipulation  prior to the data usage, in what is 

known as Pre-processing. 



22  

 

 

Among all the many physics principles involved in remote sensing, it is important to 

note that observations of the Earth surface from satellites are subject to several factors 

related to 1. 3ÏÌɯ ×ÐßÌÓɀÚɯ ÎÌÖÔÌÛÙÐÊɯ ÊÖÙÙÌÚ×ÖÕËÌÕÊÌɯ ÈÕËɯ ÎÌÖÙÌÍÌÙÌÕÊÐÕÎȮ 2. The 

atmosphere composition and state, and 3. The constraints inherent to the sensor 

resolution . All three of them affect the data collected and the comparison between 

different datasets, so an overview of the factors is presented below.  

Factor 1: 6ÏÌÕɯÙÌÔÖÛÌɯÚÌÕÚÐÕÎɯÛÏÌɯ$ÈÙÛÏɀÚɯÚÜÙÍÈÊÌȮɯÎÌÖÔÌÛÙÐÊɯÊÖÕÚÛÙÈÐÕÛÚɯÕÌÌËɯÛÖɯÉÌɯ

considered and corrected to assign the readings to a specific location, that is, to 

correctly georeference each pixel. 

Many ideali sations on the geometries of the earth, the satellite orbit and the sensor are 

often far from the reality: The Earth is neither a sphere or an ellipse, nor is its surface 

evenly curved or flat ɭor even staticɭ, its gravitational pull is not homogeneous in 

all directions, making  satellite orbits not totally Keplerian, and signals are not 

homogeneously and perpendicularly collected by the sensor surface. A good model 

for the geometry of the data acquisition incorporates the error induced by all these 

factors and allows for what is denominated as geometric correction. This correction 

allows the collected data to be rectified and registered, that is, to accurately represent 

ÛÏÌɯÎÌÖÔÌÛÙÐÊɯÍÌÈÛÜÙÌÚɯÖÍɯÛÏÌɯ$ÈÙÛÏɀÚɯÚÜÙÍÈÊÌɯÖÝÌÙɯÈɯÙÌÎÜÓÈÙɯÎÙÐËɯÈÕË assign a coordinate 

to the pixels of a given acquisition. Geometric distortions in satellite borne sensors are 

well -defined and routinely corrected by data suppliers before distribution of data 

products [35]. Figure 2.13 illustrates how pixel size increases away from the centre of 

an image ɭthe nadirɭȮɯÈɯËÐÚÛÖÙÛÐÖÕɯÍÜÙÛÏÌÙɯÌßÈÎÎÌÙÈÛÌËɯÉàɯÛÏÌɯ$ÈÙÛÏɀÚɯÊÜÙÝÈÛÜÙÌ 

ËÌ×ÌÕËÐÕÎɯÖÕɯÛÏÌɯÚÌÕÚÖÙɀÚɯÚÞÈÛÏ. 

 

 

Figure 2.13: Example of sensor geometric distortion [36] 
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Geometric corrections require the precise location and attitude of the satellite obtained 

through satellite ephemerides and geoid models, sensor distortion correction and 

corrections due to the earth shape and topography are performed through 

photogrammetric analysis of Ground Control Points (GCPs) and Digital Terrain 

Models (DTMs). Once geometrically corrected data is made available, there is still the 

possibility for further transformations  to be made due to changes in the Coordinate 

Reference System (CRS) or the projection ɭto match an existing map like in Figure 

2.14ɭ, image co-registering ɭto match different spatial datasetsɭ, or sub-pixel level 

adjustments. These transformations are performed by resampling. 

 

Figure 2.14: EO scene geometry and resampling [35]. 

The resampling of EO data refers to the problem of assigning a new pixel value to a 

pixel that is a different size and shape from the original optical pixel of the EO image. 

This is achieved by different strategies that use the values of the neighbouring pixels, 

either by selecting the nearest pixel value ɭknown as nearest neighbourɭ or by 

interpolating these values. The latter approach implicitly assumes that there is a 

continuous function that has been sampled to derive the discrete values of image 

pixels and derive new values from the original image pixels [37]. 

There are trade-offs when considering using the resampling methods, as sometimes it 

is preferred to preserve the original pixel values with the nearest neighbour, so as not 

to attenuate or smoothen the data with the interpolation. Sometimes, however, 

interpolation can reduce the local image variance, and the smoothening becomes 

desirable to reduce the noise, or it is necessary due to a significant change in pixel size 

or orientation. An illustration o f the three most used resampling methods is presented 

in Figure 2.15. 
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Figure 2.15: Resampling methods and implementation. a) Nearest Neighbour, b) Bilinear 

Interpolation, and c) Cubic Convolution, also named Bi -cubic interpolation.  Adapted from 

[37, Fig. 5.4,5.14,5.15] 

 

Factors 2: 6ÏÌÕɯÙÌÔÖÛÌɯÚÌÕÚÐÕÎɯÛÏÌɯ$ÈÙÛÏɀÚɯÚÜÙÍÈÊÌȮɯÈÛÔÖÚ×ÏÌÙÌɯÐÚɯÈɯÔÌËÐÈɯÛÏÈÛɯÚÛÈÕËÚɯ

in between the sensor and the objective surface, and its composition and state affects 

the energy readings as it too absorbs, reflects and emits EMR.  

On one hand, atmospheric gas composition is roughly constant and various gases that 

make up the atmosphere (particularly O 3, CO2, and H 2O), completely absorb certain 

portions of the EMR spectrum [29]. The opacity or absorptance of these regions (ratio 

of absorbed over incident energy) is 100% or close to 100%, and it is evident that 

ÞÈÝÌÓÌÕÎÛÏÚɯÐÕɯÛÏÌÚÌɯÙÌÎÐÖÕÚɯÊÈÕÕÖÛɯÉÌɯÜÚÌËɯÍÖÙɯÙÌÔÖÛÌɯÚÌÕÚÐÕÎɯÖÍɯÛÏÌɯ$ÈÙÛÏɀÚɯÚÜÙÍÈÊÌɯ

features. Spectral regions with low opacity or absorptance have high transmittance or 

transmission (ratio of transmitted over incident energy) and are called atmospheric 

windows, as illustrated by the opacity dips in Figure 2.16. 
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Figure 2.16ȯɯ$ÈÙÛÏɀÚɯÈÛÔÖÚ×ÏÌÙÐÊɯ$,1ɯÖ×ÈÊÐÛà[29, Fig. 5.14] 

On the other hand, within these atmospheric windows the atmosphere state or 

atmospheric conditions ɭsuch as haze, fog, clouds and aerosols2ɭ can still affect the 

EMR readings through different types of scattering [39].  

These atmospheric interactions need to be considered after the sensor raw DN 

readings are translated to energy units, also referred to as at-sensor radiance or Top of 

the Atmosphere (TOA) radiance through the sensor calibration data . The 

incorporation of these interactions is known as atmospheric correction and allows the at-

sensor radiance or TOA radiance to be converted to Bottom of the Atmosphere (BOA) 

reflectance or Surface Reflectance (SR)[40].  

Through the conceptuali sation of an atmospheric RTM or Radiative Transfer Model 

(see Figure 2.17 as an example) it  can be stated that the radiance picked up by the 

sensor has two main components: the energy reflected by the target surface and 

transmitted by the atmosphere to the sensor (ὒ) and the diffuse energy from the 

atmosphere whose additive path reaches the sensor (ὒ). The intercorrelations 

between the atmospheric interactions can be described at different levels of 

complexity , as the atmosphere itself can be further considered as different layers  with 

different properties , or other factors related to atmospheric conditions can be 

considered, which generates an array of RTMs [41]. In essence, this means that 

regardless of the model, meteorological data from the moment of the observation 

acquisition is needed to perform atmospheric correction.  

 

 
2Note on Aerosols: Aerosols or airborne particles is a broad term for suspended solid, liquid or mixed 

particles in the atmosphere, such as dust, smoke, ash, water and salt. Their small size, mostly in the 

ÙÈÕÎÌɯƔȭƕɯÛÖɯƕɯϟÔȮɯÙÌÚÜÓÛÚɯÐÕɯÚÊÈÛÛÌÙÐÕÎɯÐÕÛÌÙÈÊÛÐÖns with the EMR but also in interactions with 

atmospheric water gas, acting as condensation nuclei and thus, a powerful climate driver [38]. 
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Figure 2.17: Simple radiative transfer model [39] 

 

Factors 3: When comparing data from different mission sensors, special attention 

should be put on their differences in resolution and corrections.  

As noted by the previous two factors and the different resolution types described 

before, it is evident that direct comparison between EO data from different missions is 

to be handled with care, as they can be very heterogeneous even among passive 

multispectral sensors. Even when co-registering is performed among datasets and 

their pixels are aligned, direct spectral comparison when spectral bands are not 

matching, or atmospheric correction was performed under different atmospheric 

RTMs, can be an issue. These limitations were considered when developing the  

methodology for this Thesis and are reflected in the data analysis decision-making. 

The efforts to harness a vast amount of remotely sensed data of different kinds is 

referred to as data fusion and is a field of active research [42]. 

 

Data made available by satellite EO missions are often classified in levels ɭwhose 

name labels can varyɭ that reflect whether it is raw sensor data, or if it has been 

subject to a certain level of processing based on the geometric and atmospheric 

corrections described. Conventionally, data is classified according to a hierarchy of 

increasingly refined levels of processing from raw instrument data (Level 0), data 

calibrated and geolocated (Level 1), data converted into geophysical parameters (Level 

2), and gridded, and sometimes temporally comp osited, into an Earth-based 

coordinate system (Level 3)[43], data products are model output or results from 

analyses of lower level data, e.g. variables derived from multiple measurements (Level 

4) [44]. The data levels used in the development of this Thesis and a general schema of 

the processing levels is shown in Figure 2.18. 
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Figure 2.18: General schema for data products of EO observations, highlighting the levels of 

interest for the Thesis. 

The United States Geological Survey (USGS) Landsat mission products, including the 

Thematic Mapper (TM), Enhanced Thematic Mapper (ETM +), and Operational Land 

Imager (OLI)  sensors, have ideal sampling characteristics for monitoring diverse land 

cover types at a regional and historic level [45] and given its long -standing record of 

EO acquisitions, was the obvious choice for the Páramo ecosystem land cover analysis 

for this Thesis. Older Landsat mission products  from the Multispectral Scanner System 

ɭCommonly referred to as Multi Spectral Scannerɭ(MSS) were also considered, 

particularly because they represent the earliest records and relate to the baseline state 

of the LULC in the AOI. Figure 2.19 presents the LandsatɀÚɯËÐÍÍÌÙÌÕÛɯÐÕÚÛÙÜÔÌÕÛɯÉÈÕËÚɯ

and their wavelength ranges, atop the atmospheric windows of the EMR spectrum.  

 
Figure 2.19: Spectral Band passes for all Landsat Sensors [46]. 
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Research, scientific knowledge and policymaking has been fuelled by over 5 decades 

of Remote Sensing: from the launch of Landsat 1 satellite in 1972 and the beginning of 

the era of land Remote Sensing, following the 2008 release of the freely accessible USGS 

Landsat data archive, to the launch of Landsat 9 in 2021. The current understanding of 

the status and dynamics of global ecosystems is widely informed by Landsat data, 

with scientific , management and relevant policy insights [47]. In fact, Landsat has been 

pivotal  in observing and documenting long -term ecological changes, with implications 

spanning regional, national, and international levels. The  data archives and the 

developed analytical methods in EO have shaped and continue to inform polices 

aimed at improv ing the management of natural resources at a global scale and play a 

key role for  the Sustainable Developing Goals Targets [48], particularly on the 

monitoring of terrestrial e cosystems, as is the case for this work. 

Following the success of the Landsat missions, The European Space Agency (ESA) 

launched the Copernicus programme and developed a family of Sentinel Satellites to 

carry on the legacy of accurate, timely and easily accessible information to improve 

the management of the environment, understand and mitigate the effects of climate 

change and ensure civil security [49]. The Sentinel-2A and Sentinel-2B twin satellites 

ɭOften referred to as simply Sentinel-2ɭ, launched in 2015 and 2017 respectively, are 

designed to deliver high -resolution optical images for land services[50]. 3ÏÌɯÔÐÚÚÐÖÕɀÚɯ

spectral bands are presented in Figure 2.20.  

 

 

Figure 2.20: Spectral Band passes for the Copernicus Sentinel-2 

 

Due to their suitable characteristics and free availability, Landsat and Sentinel-2 data were 

selected to perform the temporal trajectory analysis of the Páramo in the AOI. A 

compendium of all the missions and bands used in the present work, and their 

characteristics can be found in  

Table 2.1. 
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Table 2.1: Landsat satellites & corresponding bands specifications used in this work . 
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18 6 

M
S

S 

Band - B4 B5 - - - B6 B7 - - - 

Ϟ [ϟm] - 
0,5- 

0,6 

0,6- 

0,7 
- - - 

0,7- 

0,8 

0,8- 

1,1 
- - - 

ϞɯȻϟÔȼ - ~0,55 ~0,65 - - - ~0,75 ~0,90 - - - 

Res. [m] - 60* 60* - - - 60* 60* - - - 

L
a
n

d
sa

t 
4
 

16 

6 

M
S

S 

Band - B1 B2 - - - B3 B4 - - - 

Ϟ [ϟm] - 
0,5- 

0,6 

0,6- 

0,7 
- - - 

0,7- 

0,8 

0,8- 

1,1 
- - - 

ϞɯȻϟÔȼ - ~0,55 ~0,65 - - - ~0,75 ~0,90 - - - 

Res. [m] - 60* 60* - - - 60* 60* - - - 

8 T
M

 

Band B1 B2 B3 - - - B4 - B5 B7 

Ϟ [ϟm] 
0,45- 

0,52 

0,52- 

0,60 

0,63- 

0,69 
- - - 

0,77- 

0,90 
- 

1,55- 

1,75 

2,08- 

2,35 

ϞɯȻϟÔȼ ~0,485 ~0,56 ~0,66 - - - ~0,83 - ~1,65 ~2,22 

Res. [m] 30 30 30 - - - 30 - 30 30 

L
a
n

d
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5
 

16 8 T
M

 

Band B1 B2 B3 - - - B4 - B5 B7 

Ϟ [ϟm] 
0,45- 

0,52 

0,52- 

0,60 

0,63- 

0,69 
- - - 

0,77- 

0,90 
- 

1,55- 

1,75 

2,08- 

2,35 

ϞɯȻϟÔȼ ~0,485 ~0,56 ~0,66 - - - ~0,83 - ~1,65 ~2,22 

Res. [m] 30 30 30 - - - 30 - 30 30 

L
a
n

d
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t 
7
 

16 8 

E
T

M
+
 

Band B1 B2 B3 - - - B4 - B5 B7 

Ϟ [ϟm] 
0,441- 

0,514 

0,519- 

0,601 

0,631- 

0,692 
- - - 

0,772- 

0,898 
- 

1,547- 

1,749 

2,064- 

2,345 

ϞɯȻϟÔȼ 0,485 0,56 0,66 - - - 0,835 - 1,65 2,215 

Res. [m] 30 30 30 - - - 30 - 30 30 

L
a
n

d
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t 
8
 

16 12 O
L

I 

Band B2 B3 B4 - - - B5 - B6 B7 

Ϟ [ϟm] 
0,452- 

0,512 
0,533- 

0,590 

0,636- 

0,673 
- - - 

0,851- 

0,879 
- 

1,566- 

1,651 

2,107- 

2,294 

ϞɯȻϟÔȼ 0,482 0,561 0,655 - - - 0,864 - 1,614 2,202 

Res. [m] 30 30 30 - - - 30 - 30 30 

For abbreviations, refer to Table 1.1. Sentinel-2 values in brackets refer to the joint mission values. 

*Original GSD sample is 68m x 83m, commonly resampled to 57 m or 60 m 
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Table 2.2: Sentinel-2 satellites & corresponding bands specifications used in this work.  
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S
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-A
 

10 

(5) 
12 

M
S

I 

Band B2 B3 B4 B5 B6 B7 B8 B8A B11 B12  

Ϟ 

[ϟm] 

0,451 

-0,539 

0,538- 

0,585 

0,641- 

0,689 

0,695- 

0,715 

0,731- 

0,749 

0,769- 

0,797 

0,784- 

0,900 

0,855- 

0,875 

1,565- 

1,655 

2,100- 

2,280 
 

Ϟɯ

ȻϟÔȼ 

(0,49) 

0,4966 

(0,56) 

0,560 

(0,665) 

0,6645 

(0,705) 

0,7039 

(0,74) 

0,7402 

(0,783) 

0,7825 

(0,842) 

0,8351 

(0,865) 

0,8648 

(1,61) 

1,6137 

(2,19) 

2,2024 
 

Res. 

[m]  
10 10 10 10 10 10 10 10 10 10  

S
e

n
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e
l 2

-B
 

M
S

I 

Band B2 B3 B4 B5 B6 B7 B8 B8A B11 B12  

Ϟ 

[ϟm] 

0,451 

-0,539 

0,538- 

0,585 

0,641- 

0,689 

0,695- 

0,715 

0,731- 

0,749 

0,769- 

0,797 

0,784- 

0,900 

0,855- 

0,875 

1,565- 

1,655 

2,100- 

2,280 
 

Ϟɯ

ȻϟÔȼ 

(0,49) 

0,4921 

(0,56) 

0,559 

(0,665) 

0,665 

(0,705) 

0,7038 

(0,74) 

0,7391 

(0,783) 

0,7797 

(0,842) 

0,833 

(0,865) 

0,864 

(1,61) 

1,6104 

(2,19) 

2,1857 
 

Res. 

[m]  
10 10 10 10 10 10 10 10 10 10  

For abbreviations, refer to Table 1.1. Sentinel-2 values in brackets refer to the joint mission values. 
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2.3. Data Access, Selection and Pre-processing 

 

EO Satellite missions rely on a ground segment, a term used to describe the 

infrastructure and staff related to the spacecraft control centre, and data management 

& distribution  to users. EO data has shifted from its original centralised and restricted 

approach for proprietary software processing to a cloud -based service that is free for 

anyone to access, and efforts have been made to introduce new tools that allow access 

and processing online on web-based platforms, further widening the community of 

users.  

Following the United States 2008 Consolidated Appropriations Act directing the USGS 

to make Landsat data freely available to the public, the demand for these datasets 

surged in the following years and efforts were made to consolidate the Landsat archive 

as an open provision of standard products, following transparent methods , and 

focusing on inter compatibility with other missions [51].  

In 2010 the USGS began the Landsat Global Archive Consolidation to centralise all the 

raw imagery, and in 2016 initiated the first collection -based processing of the Landsat 

1-8 Level 0 and all newly acquired dataɭknown as Landsat Collection 1ɭ to generate 

Level 1 data. The success of this Collection and several factors such as improved 

geolocation using Landsat 8 harmonised with ESA data, novel opportunities from 

cloud computing, and continuation of the programme through  Landsat 9, lead to the 

decision to process the Landsat data archive again as Landsat Collection 2 [52]. The 

immense dataset ɭnow in the order of petabytes  (ρπ bytes)ɭ is available for users 

on web platforms to explore and download 3. Figure 2.21 shows the dramatic rise in the 

number of downloads from the Landsat scenes following 2008. 

 

Figure 2.21: Landsat Level 1 scenes downloads from the USGS EROS Archive [53]. 

 
3 At https://earthexplorer.usgs.gov  or https://registry.opendata.aws/usgs -landsat/ 

https://earthexplorer.usgs.gov/
https://registry.opendata.aws/usgs-landsat/
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The Landsat Collection 2 is composed by scenes belonging to the Worldwide Reference 

System (WRS), a global system that catalogues Landsat data by Path and Row 

numbers. Landsat satellites 1, 2 and 3 followed WRS-1, and Landsat satellites 4,5,7, 8, 

and 9 follow WRS-2. The WRS-2 grid has 233 paths and 123 rows [54] shown in Figure 

2.22. 

 

Figure 2.22: WRS-2 Paths and Rows and UTM zones (Public domain)  

This open access era starting in 2008 allowed for the research and EO data users 

community and researchers to feedback and thrive, thus focusing the EO missions as 

a global effort of international cooperation. In accordance with  this, ESA envisaged a 

similar open access approach to the data for its missions4 and for Sentionel-2 products, 

where it excludes access to raw data (Level 0), but releases the Level-1C (TOA 

reflectance images) and Level-2A (atmospherically corrected SR) data products to 

users [55]. Having less than a decade of collected data, but higher spatial resolution 

than Landsat, the Sentinel-2 collection accounts for a larger size than the Landsat 

Collection 2, at tens of petabytes. 

Considering t he exponential growth of the  EO data and with it the need to process 

large geospatial datasets, Google Earth Engine (GEE) platform  was released as a cloud-

based platform that makes use of GooÎÓÌɀÚɯÏÐÎÏ-performance computing resources. 

 
4 At https://dataspace.copernicus.eu/  

https://dataspace.copernicus.eu/
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GEE is accessible through an application programming interface (API) and an 

associated web-based interactive development environment  (IDE), along with a 

curated catalogue of the most frequently used open-access geospatial datasets [56]. It 

is a tool designed to tackle society's biggest challenges by simplifying the monitoring, 

tracking, and management of Earth's environment and resources through easy access 

to vast data, powerful computing, and advanced analysis tools at the hands of 

researchers, policy makers, NGOs, field workers, and the public  in general. 

 

The methodological approach chosen for the Thesis followed an open data and open-

source approach and was therefore based on GEE JavaScript scripts and using the web-

based IDE. GEE is available to users registering with a Gmail account.  

The methodology used in this Thesis is described in detail  in Chapter 3, including the 

reference to the scripts used for  each step. However, some overall background on 

Radiometric Corrections , Geometric Corrections , Data visualisation , Data Masking 

and Data Integration  which comprise the methods related to the Pre-processing 

pipeline  as well as detail relating to Tier Classification,  are required to provide further 

context within this current Sub-Chapter of the Thesis. It should be noted that no 

atmospheric corrections were performed in the present work.  

 

Tier Classification : Initial d ata selection was mostly performed through metadata 

filtering  of suitable datasets from the GEE catalogue5. In the catalogue, the Landsat 

Collection 2 archive is available as directories depending on the mission, the 

instrument, the level of processing and the Tier (1 or 2). Landsat scenes placed into 

Tier 1 are considered suitable for time-series processing analysis and include Level-1 

Precision Terrain processed data that have well-characterised radiometry and are 

inter -calibrated across the different Landsat sensors. Scenes not meeting Tier 1 criteria 

during processing (radial Root Mean Square Error RMSE Ȁɯ12m with respect to GCPs) 

are assigned to Tier 2 due to significant cloud cover, insufficient ground control, and 

other factors [57]. For the case of Sentinel-2, only Level 2-AɭAtmospherically 

correctedɭ data was used, which is not split in Tiers .  

 

Radiometric Corrections : For Landsat MSS Level 0 Tier 2 datasets, radiometric 

corrections were performed through custom functions developed using a linear 

transformation with  calibration coefficients  present on each scene metadata ɭ

previously computed  using [58]ɭ  using the general Equations (2.1) (2.1)and (2.2) for 

each band used. 

 
5 Refer to https://developers.google.com/earth-engine/datasets/catalog/landsat 

https://developers.google.com/earth-engine/datasets/catalog/landsat
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 Ὓ Ὀὔ άz ώ  (2.1) 

Where Ὓ  is the radiance at sensor geometry of a given band, Ὀὔ  is the raw DN 

from  the dataset, ά  and ώ  are the radiance multiplying and additive factor for 

the band, respectively. These factors are in the scene properties as 

'RADIANCE_MULT_BAND_#' and 'RADIANCE_ADD_BAND_#'.  

 Ὕὕὃ Ὓ άz ώ  (2.2) 

Where Ὕὕὃ  is the TOA reflectance of a given band, Ὓ  is the calculated radiance 

at sensor geometry of a given band, ά  and ώ  are the reflectance multiplying 

and additive factor for the band, respectively.  These factors are in the scene properties 

as 'REFLECTANCE_MULT_BAND_#' and 'REFLECTANCE _ADD_BAND_#'.  

 

Geometric corrections : For Landsat MSS Level 0 Tier 2 datasets, when required, 

shifting and co-registering strategies were implemented. A unique shift to align scenes 

from the same Path, as a geolocation anomaly was encountered: scenes from the same 

Path are consecutive acquisitions and should be aligned and partially overlapped. The 

shift applied can be considered as a vector with horizontal and vertical  components 

that is added to the coordinates of the pixels, translating the grid raster without 

changing the DN, Radiance or Reflectance values. Equation (2.3) presents the 

mathematical representation for the shift of coordinates, while Figure 2.23 provides 

the visual representation of such operation. 

 
ὼᴂ
ώᴂ

ρ π
π ρ

ὼ
ώ

ὃ
ὑ

 (2.3) 

Where ὼ and ώ are the new coordinate vector, Ὅ is the design matrix (the identity  in 

this case), Ø and ώ are the old coordinate vector , and ὃ and ὑ are the components of 

the shift vector. 

 

 

Figure 2.23: Shift operation representation [37, Fig. 3.5] 
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To calculate a unique shift for the whole misaligned scene, a set of control points are 

established on the overlapping area of the aligned scene, and coordinates for the points 

are retrieved in both scenes. A least squares solution for the shift vector is obtained to 

guarantee the best possible adjustment between the scenes, yielding Equation (2.4) 

which corresponds to the average difference between the corresponding coordinates 

for the control points in the two scenes. 

 ὃ
ὑ

ρ

ὲ
ụ
Ụ
Ụ
ợ ὼ ὼ

ώ ώ
Ứ
ủ
ủ
Ủ
 (2.4) 

Where ὃ and ὑ represent the estimated x and y coordinates for the shift, respectively, 

ὲ represents the number of control points, ὼȟώ  represent the coordinates in the 

misaligned image and ὼȟώ  the coordinates in the reference image. The GEE function 

performing the shift is  ee.Image.translate6. 

Regarding co-registering, a warping algorithm was applied to shifted images to match 

the overlap features. This registration algorithm uses a "rubber-sheet" technique, using 

pixel matching by correlation  on each band and applying a local displacement ɭper 

pixel , analogous to Equation (2.3)ɭ to match the reference image, and finally 

performing a resampling method to align to the reference pixel grid. The GEE function 

performing the shift is ee.Image.register7 and the one performing the resampling is 

ee.Image.resample8. 

 

Data visuali sation : One way to exploit the non -visible bands of the EMR spectrum is 

ÛÖɯÜÚÌɯÛÏÌÔɯÐÕɯÛÏÌɯÊÖÓÖÜÙɯÔÐßÐÕÎɯÚàÚÛÌÔɯȿÈÚɯÐÍɀɯÛÏÌàɯÞÌÙÌɯÖÕÌɯÖÍɯÛÏÌɯ×ÙÐÔÈÙàɯÊÖÓÖÜÙÚɯ

used in it. The widest used system for colour on screens is the RGB (Red, Green and 

Blue) additive model, and its YMC  (Yellow, Magenta, and Cyan) subtractive 

counterpart ɭfor printed media ɭ. These models allow any visible colour to be 

represented by the addition ɭor subtractionɭ of the primaries, usually in a relative 

8-bit (0-255 colour values) scale, creating a visually uniform three-dimensional colour 

space. Reflectance values of the bands are scaled in this space on the three primary 

channels and create a colour composite that responds to our own perception of colour. 

Figure 2.24 provides a visual representation of how the RGB additive colour system 

works.  

 
6 https://developers.google.com/earth-engine/apidocs/ee-image-translate 
7 https://developers.google.com/earth-engine/guides/register 
8 https://developers.google.com/earth-engine/apidocs/ee-image-resample 

https://developers.google.com/earth-engine/apidocs/ee-image-translate
https://developers.google.com/earth-engine/guides/register
https://developers.google.com/earth-engine/apidocs/ee-image-resample
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Figure 2.24: RGB & YMC Colour System and cube, adapted from [35, Fig. 5.7,5.9] 

Any other  band assignation to the blue, green and red channel primaries is called a 

false colour composite since features in the resultant colour image do not have their true 

colours, often involving a previous contrast enhancement before scaling the reflectance 

values by a scaling factor [35]. These false colour composites are useful for visually 

enhancing the contrast of water, soil, urban areas, forests, crops, among other land 

cover, between them and within themselves. Some false colour composites are used 

across sensors using comparable, but not equal bands. For the present work, apart 

from the true colour RGB composite, the NIR and Agriculture composite AGRI  were 

used to enhance the contrast between landcover classes.  

Table 2.3: List of Bands for used colour composites. 

Mission & Instrument  

Colour Composite  

RGB 

[R,G,B] 

Scale 

Factor 

NIR  

[NIR,R,G]  

Scale 

Factor 

AGRI  

[SWIR1,NIR,B]  

Scale 

Factor 

Landsat 2 MSS* - - [B6-B5-B4] 0,4 - - 

Landsat 4 MSS* - - [B3-B2-B1] 0,4 - - 

Landsat 4/5 TM, 7 ETM+ [B3,B2,B1] 0,3 [B4-B3-B2] 0,4 [B5-B4-B1]  0,4 

Landsat 8 OLI [B4,B3,B2] 0,3 [B5-B4-B3] 0,4 [B6-B5-B2]  0,4 

Sentinel-2 MSI [B4,B3,B2] 0,3 [B8-B4-B3] 0,4 [B11-B8-B2]  0,3 

*MSS instrument does not have a sensed Blue Band, so images cannot be interpreted in real colour composite. 
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Figure 2.25 provides a good example of a set of landscapes with a dominant type of 

landcover and how the different composites affect the visualisation . 

 

Figure 2.25: RGB spectral reflectance composites [59, Fig. 4] 

 

Data Masking : One of the key issues for image processing (e.g. classification) is 

ensuring there are no clouds, cloud shadows, haze, smoke, dust or other anomalies 

like distorted scene edges, high altitude objects, etc. Masking refers to the process of 

flagging of pixels affected by these unfavourable  conditions and generating a mask, or 

a parallel grid to the pixels with a 1/valid or 0/invalid value . Applying this mask to the 

image excludes the flagged invalid pixels from the analysis and visualisation . To give 

some context to this work AOI ɭfor a tropical high altitude mountainous area ɭcloud-

free imagery is a wish rarely, if ever, granted. 
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Many algorithms for cloud detection  are available in the literature and many are 

operational for Landsat products with very good removal accuracies [60], as well as 

for Sentinel-2 [61]. Most rely on bands and/or processing information not available for 

the MSS sensor, so cloud masking for these older datasets is particularly  challenging. 

For the Landsat MSS Level 0 Tier 2 datasets, after applying the radiometric and 

geometric corrections, a custom cloud masking function was developed by 

thresholding, buffering mask pixels and translating the buffer to mask shadows .  

Thresholding is applied by setting a high reflectance value beyond which the pixel is 

considered a cloud pixel. There are trade-offs in this simple algorithm regarding the 

threshold value, as some surfaces, like built-up areas (gravel roads, farms, 

greenhouses) can have high reflectance too and might be flagged as cloud, thus loosing 

valid data. The selection of a threshold number is then an iterative process of selecting 

reflectance value and visually inspecting the output to assess whether this is targeting 

troublesome cloudy areas. To balance this process, Buffering allows to expand an initial 

allocation of cloud pixels and flag the surrounding ones as cloud as well, as clouds are 

usually surrounded by a gradient of haze . Finally, to deal with cloud shadow, the pixel 

mask was translated using the shadow azimuth angle ɭDefined as 90° minus the solar 

azimuth angleɭ and a preset fixed distance, also iteratively set. Figure 2.26 presents a 

conceptual schema of the cloud masking algorithm ÈÕËɯÐÛɀÚɯÛÏÙÌÌɯÚÛÌ×Úȭ 

 

 

Figure 2.26: Custom cloud masking algorithm developed on GEE.  

For later datasets, namely TM and ETM+, level 2 data products already incorporate a 

Quality band (QA_PIXEL) representing a bit flag for Dark Dense Vegetation, Cloud, 

Cloud Shadow, Adjacent to Cloud, Snow or Water. Landsat OLI level 2 data products  

incorporate an extended version of this Quality band with the above -mentioned bit 

flags with Dilated Clouds instead of Adjacent to Cloud, plus Cirrus clouds and levels 

of confidence (None, Low, Medium and High) for these two along with Cloud Shadow 

and Snow/Ice. Sentinel-2 Level 2-A data products also incorpora te a Quality band 

(QA60) with bit flags for Clouds and Cirrus at 60m resolution. In addition to this, the 

S2 Cloudless dataset made available by Copernicus contains the pixel cloud 
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probability at 10m resolution [62], for most of the Sentinel-2 scenes, and a threshold 

probability can be set to mask out clouds. 

While increasing in complexity, none of the Cloud Masking algorithms is foul proof 

and they are largely dependent on the context-specific occurrence, shape and 

extension of clouds and haze. The selection of the cloud masking can significantly 

impact classification outputs  particularly  in cloud -prone areas [61]. It is safe to note 

that although great care was taken regarding cloud removal, haze affected pixels could 

not be removed entirely and, unlike some recent data, no validation for this process 

could be implemented for the custom or available algorithms rem oval efficiency 

results. 

 

Data integration : After performing all the required corrections and masking for a 

given dataset scene, the extension of the AOI requires the integration of several of 

them, making it necessary to choose an approach to perform this operation. 

Homologous (i.e. same sensor) data integration can be performed through 

compositing or mosaicking. In a broad sense, compositing refers to the process of 

combining spatially overlapping images into a single image based on an aggregation 

function. Mosaicking refers to the process of spatially assembling image datasets to 

produce a spatially continuous image9. Essentially, compositing is using a function to 

define the value of the overlapping pixelsɭA median, minimum or maximum value ɭ 

while mosaicking is defining the order in which the tiles are stacked: the last tile to be 

stacked will define the value for the  pixel, therefore the value for the observation 

remains unchanged. 

Compositing is preferred when a large amount of data is available and aggregation 

functions like the median or minimum can indirectly remove cloudy or hazy pixels ɭ

as reflectance outliersɭ, but it is evident that the resulting image is not a single true 

observed value, but a statistical value derived from a set of observations. Mosaicking 

on the other hand, comes in handy when only a handful of observations are available 

ÈÕËɯÛÏÌɯÍÐÕÈÓɯÐÔÈÎÌɯÐÚɯÊÖÕÚÛÙÜÊÛÌËɯȿÚÛÐÛÊÏÐÕÎɀɯÛÏÌɯÉÌÚÛɯÈÝÈÐÓÈÉÓÌɯÐÔÈÎÌÙàɯÈÕËɯÚÛÈÊÒÐÕÎɯ

it in an objective ranking order, like the number of pixels removed from  cloud 

masking. The latter was the preferred approach for the present work, combined with 

compositing only when necessary. However, for the mosaicking approach to be 

implemented effectively, acquisition from different dates must be subject to and 

additional colour correction.  

Considering all the principles introduced in Sub-Chapter 2.2 and the present, even if 

ÛÏÌɯÓÈÕËÊÖÝÌÙɯÖÍɯÛÏÌɯ$ÈÙÛÏɀÚɯÚÜÙÍÈÊÌɯÈÕËɯÛÏÌɯÐÕÚÛÙÜÔÌÕÛɯÙÌÔÈÐÕɯÛÏÌɯÚÈÔÌȮɯÚÓÐÎÏÛɯ

differences in scene lighting due to the day of the year, atmospheric conditions or 

differences in plant phenology and soil humidity (due to rain), among other factors 

 
9 https://developers.google.com/earth-engine/guides/ic_composite_mosaic 

https://developers.google.com/earth-engine/guides/ic_composite_mosaic
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can have an impact on the resulting reflectance measured for a given pixel even at the 

smallest temporal resolution.   This effect is even present when a pixel is acquired on 

two consecutive swaths or Paths as they are always partially overlapped. One common 

correction for this issue is to perform a histogram matching, taking one acquisition as 

a reference and others as targets, stretching or compressing their reflectance 

histograms to match the reference applying a colour transformation to the targets.  

The algorithm requires computing both reference and target images histogram and 

cumulative distribution function for a given band, using the probabilities to map the 

values from the reference to the targets. This correction is also performed when dealing 

with images acquired from different sensors.  Figure 2.27 presents an example of colour 

correction by histogram matching of high resolution ortho mosaics (3cm/pixel) 

collected by Unmanned Aerial Vehicle ( UAV ) around Oakland, CA area. 

 

 

Figure 2.27: Histogram matching example, adapted from[63] 
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2.4. Land Cover Classification 

 

Classification is a general technique for predicting the class or category of an 

observation based on its features or attributes. Image classification is commonly used 

for feature or pattern recognition and usually involves converting a n image into a 

thematic map using a classification algorithm. The suitability of an image classification 

algorithm for a particular interpretation task will depend on the nature of the 

application and the resolution of the features to be identified in the image. Land cover 

mapping of remotely sensed imagery is frequently based on image classification since 

all the available bands in an image can help to distinguish between different land cover 

types [35], by means of their spectral signature differences, as seen in Sub-Chapter 2.2. 

This type of classification is often referred to as spectral pattern recognition. 

This Thesis employed an initial unsupervised data clustering K-means algorithm for 

the Landsat MSS data and a supervised Random Forest (RF) classifier for all datasets 

with a  stratified sample design. The present Sub-Chapter will provide an overview of 

image classification methods , describe the theory behind machine learning , the 

classification algorithms  used, the sampling design  and some examples of Land 

use/Land cover (LULC) classification . 

 

Image classification  can be pixel-based or object-based. When pixel-based this means 

that it can only consider the individual spectral or band values for a pixel . Whereas if 

it is object-based it can consider both the values and the values correlation with 

neighbouring pixels, adding the context of the ×ÐßÌÓɀÚ surroundings to group pixels in  

objects with similar geometrical, spatial and spectral properties. Classification can be 

supervised or unsupervised , meaning that the sorting algorithm  can be based on a 

training sample (a sample dataset of pixels with their corresponding classes, like field 

data or interpreted imag ery) or it can be based merely on the spectral values with no 

other input, meaning the algorithm will group pixels by statistical methods following 

the minimi sation of a given function, like the Euclidean distance between the points  in 

the bands hyperspace. Supervised classification usually involves setting aside a 

percentage of the sample data ɭnot involved in the training ɭ to test the modelɀÚ 

accuracy on unseen data, this is known as an accuracy assessment and is explained in 

more detail in  the next Sub-Chapter. 

 

Machine Learning : The subfield of Artificial Intelligence (AI)  that deals with the 

source of knowledge, automatically extract ing relevant information from data and 

using it to analyse new data. Learning is achieved when performance for a given task 

improves with  experience, allowing the program to automate itself, making informed 

decisions on new, unseen data. Machine learning differs from traditional 
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programming as the output is known, and the objective is not the output itself but 

rather the program or function that data needs to be transformed or processed to 

obtain this outcome, as shown in Figure 2.28. For this specific case, the data is the pixels 

with all its spectral band values and the output is the pixel classification label, that is, 

the pixel LULC class. 

 

Figure 2.28: Traditional programming approach vs. Machine Learning [64]. 

 

K-means: This thesis employed an unsupervised machine learning algorithm , also 

known as hard partitioning around the mean method,  to cluster the image pixels from 

Landsat MSS Level 0 Tier 2 datasets to determine which kinds of land cover the 

algorithm groups  together ȿÕÈÛÜÙÈÓÓàɀ, based on their spectral signatures. The only 

parameter to set for the algorithm is the number of classes or clusters (ὑ). This iterative 

algorithm is based on minimi sing an objective function defined as the Euclidean 

distance between the samples of a cluster and their respective centroid [65], in the form  

of Equation (2.5). 

 ὒ ‫ ᴁὼ ‘ᴁ (2.5) 

Where ὒ is the distance to the centroid (minimising function) , ά is the number of 

bands, ὑ is the number of classes as well as centroids, ὼ = pixel value on band ά, ‘= 

centroid value on band ά, and ‫  is the membership defines as in Equation (2.6). 

 ‫  = membership 
ρ ὭὪ Ὧ ὥὶὫάὭὲᴁὼ ‘ᴁ

π έὸὬὩὶύὭίὩ
 (2.6) 

On the first step of the algorithm , the ὑ centroids are randomly chosen, and on the 

second, pixel data points are assigned to the respective class minimising the distance 

ὒ. For the third step, centroids are recomputed according to Equation (2.7). 

 ‘
В ‫ ὼ

В ‫
 (2.7) 
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The iteration of the second and third step continues until the convergence of centroids 

values is reached, when the previous and recomputed values do not differ 

meaningfully. The final solution is stable and independent from the initial centroids.  

The GEE function performing the K -means algorithm is ee.Clusterer.wekaKMeans10. 

Figure 2.29 represents a 2-dimensional  (e.g. 2 band values) example of a K-means 

algorithm implementation  for two classes or clusters (Blue and Red). 

 

Figure 2.29: K-means algorithm example. Cluster centroids are shown as crosses. (a) Original 

dataset. (b) Random initial cluster centroids. (c-f) Two iterations of K-means [66]. 

Random Forest (RF): A supervised machine learning algorithm, widely used because 

of its flexibility, composed of an ensemble of decision trees trained with a bagging 

method, that classifies the image by majority voting.  

A decision tree is a set of rules or conditions  that split the data according to their feature  

values, in this case the spectral band values of each labelled pixel. The selection process 

can be described as a sequence of binary selections[67], each node of the tree splits the 

data according to whether they meet the rule or not,  following different paths  growing 

different branches that lead to a classification on the last node, referred to as a leaf 

node. These sets of rules are the product of the training by the Classification and 

Regression Tree (CART) algorithm. While decision trees are common supervised 

learning algorithms, they can be prone to problems such as bias and overfitting. 

Ensemble methods, also known as committee methods, are made up of a set of 

individual classifier algorithms ɭsuch as decision treesɭ, where their predictions are 

aggregated to identify the most popular, that is, the majority voting result. One of the 

most recognised ensemble methods is bagging, also referred to as bootstrap 

aggregation, where a random sample of data in a training set is selected with 

replacement [68]. This means that the individual data points can be chosen more than 

once, like randomly drawing  out a certain number of data points from a bag and then 

 
10 https://developers.google.com/earth-engine/apidocs/ee-clusterer-wekakmeans 

https://developers.google.com/earth-engine/apidocs/ee-clusterer-wekakmeans
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putting  them back, to repeat the process again. After several data samples are 

generated, the individual  models are then trained independently, and classification 

results from the majority  vote of those predictions, yield ing a more accurate estimate 

and reducing variance, particularly when the individual classifiers are uncorrelated 

with each other [69].  

RF algorithm is an extension of the bagging method as it employs both bagging and 

feature randomness to create an uncorrelated forest of decision trees [70]. Feature 

randomness is achieved by extending the bagging concept to the featuresɭin this case 

the spectral band valuesɭ, and randomly selecting a subset of bands to perform the 

classification for each tree, ensuring low correlation among them. From the training 

sample, one-third of it is set aside as validation  data, known as the out-of-bag sample, 

which is used for cross-validation once the majority vote is casted. By accounting for 

all the potential variability in the data, RF can reduce the risk of over fitting, bias, and 

overall variance, resulting in more precise predictions.  Figure 2.30 shows an example 

of an RF classifier. 

 

 

Figure 2.30: RF algorithm diagram [71]. 

RF algorithms have three main hyperparametersɭthe parameters of the algorithm 

itselfɭ, which need to be set before training: the number of trees, the number of nodes, 

and the number of features sampled. The GEE function that creates an RF classifier is 
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ee.Classifier.smileRandomForest11. Other widely used algorithms for satellite image 

classification are Gaussian Maximum Likelihood  (GML) , Support Vector Machines 

(SVMs), Artificial Neural Networks  (ANNs),  and Deep Learning (DL). An overview 

on ML algorithms with their strengths and weaknesses is presented in Figure 2.31. 

 

Figure 2.31: Characteristics of algorithms used for large-area land cover characterization with 

time-series optical data [72, Tbl. 4]. 

Sampling design : As conceptualised before, any ML algorithm must be trained on 

outputs, in this case, on labelled or already classified pixels. The true power of 

applying these algorithms resides on their ability to generali se, that is to correctly 

classify large amount of data from a sample dataset. This concept has its parallel in 

statistics, where drawing general conclusion about a population based on a sample is 

called statistical inference [73]. A rigorous approach from a statistical framework has 

surged as a collection of best practices regarding sampling methodologies and their 

relationship with the generalization of the  accuracy assessments [74]. 

The practical implications of adopting this design -based sampling are that there needs 

to be enough data points to be able to extend the sample results to the population, and 

more importantly, all the pixel classes should be adequately represented in terms of 

their total area fraction  in the mapped area. This means that if there is a LULC 

dominant class that represents half the mapped area and another that represents only 

one percent of the total, the sampled pixels must be enough to be statistically 

signif icant for the total population, and more sampled pixels of the dominant class are 

 
11 https://developers.google.com/earth-engine/apidocs/ee-classifier-smilerandomforest  

https://developers.google.com/earth-engine/apidocs/ee-classifier-smilerandomforest
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required. In statistics, the subdivision of the population in brackets is referred to as 

strata, which in the present case corresponds to pixel LULC classes. 

A stratified sample means a sample of pixels which proportions mimic the class 

distribution in the mapping area, as the exact proportions are unknown , a good priori 

estimate should be provided. This proportion estimate will act as a weight for each 

class, and along the desired variance to be attained, the total sample size is determined 

by Equation (2.8)[75, Eq. 5.25] 

 ὲ
В ὡὛ

Ὓt
 (2.8) 

Where ὲ is the minimum sample size,  ὓ is the number of LULC classes, ὡ  is class Ὥ 

estimated proportion of mapped area , Ὓt  the standard deviation of target overall 

accuracy, and Ὓ is the standard deviation of the stratum  or class, defined as in 

Equation (2.9). 

 Ὓ Ὗ ρ Ὗ  (2.9) 

Where Ὗ is class Ὥ target user accuracy, defined a priori, not to be mistaken with the 

estimated one Ὗ. All t he accuracy metrics will be explained in detail in the next Sub-

Chapter. 

 

Land Use Land Cover Maps  (LULC) : Remotely sensed images have allowed for the 

successful mapping of ÛÏÌɯ$ÈÙÛÏɀÚɯÚÜÙÍÈÊÌɯÈÛɯËÐÍÍÌÙÌÕÛɯÎÙÈÕÜÓÈÙÐÛÐÌÚȮɯÉÖÛÏɯÐÕɯÛÌÙÔÚɯÖÍɯ

spatial resolution and in classification  complexity , and at different temporal scales. 

From the manual approach based on surveying or  visual interpretation of aerial 

images, to the automated, by means of supervised algorithms that are fed by satellite 

image interpretation  and/or field surveys : the mapping of landcover types by Machine 

Learning is now operational. As presented in Sub-Chapter 2.2, given the open-access 

and provision of robustly calibrated science -grade data from Landsat and Sentinel-2, 

it is possible to produce global information products and servicesɭsuch as general or 

thematic LULC mapsɭ that are needed for the management of terrestrial resources 

and ecosystems, as well as to document and understand ecosystem change  [47], [76]. 

Global coverage LULC products have been released like the GlobLand30 (2010), ESA 

Copernicus Global Land Service Land Cover 100 m dataset (2015ɬ2019)[77]Ȯɯ$2 ɀÚɯ10 

m World Cover 2020 [78]/2021[79]ȮɯÈÕËɯ$ÚÙÐɀÚɯ10 m 2020 Land Cover[80]. A ll  these 

products  harness ML algorithms trained on hand -labelled pixels to achieve the 

classification. A novel approach of n ear real-time gÓÖÉÈÓɯÔÈ××ÐÕÎɯÐÚɯ&ÖÖÎÓÌɀÚɯDynamic 

World , providing a 10 m LULC map that updates with every new available Sentinel -2 

scene (every 5 days) and incorporates a likelihood approach based on previous covers 

[81].  
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Systematic evaluation of the latter three global 10 m resolution LULC maps for the 

year 2020 showed that they have near-equal area estimates for water, built area, trees 

and crop. Relative to one another, World Cover is biased towards over -estimating 

grass, Esri towards shrub and scrub, and Dynamic World towards snow and ice cover  

[82]. With their Overall Accuracies (OAs) ranging from 63% to 75% ɭsee Figure 2.32ɭ 

when compared to ground truth datasets  the authors recommend to critically evaluate 

each LULC product with reference to the application purpose .  

 

Figure 2.32: Accuracy of global 10 m LULC land maps across classes and continents [82]. 

A recent review of LULC mapping products found 56 global products, 16 continental 

and 35 national products, with the spatial resolution ranging from 1 m to 100 km, and 

with  significant differences in classification schemes; this being one of the primary 

factors leading to inconsistency and uncertainty [83]. The review also found most 

global products adopt the Land Cover Classification System (LCCS) [84], followed by 

the International Geosphere-Biosphere Programme (IGBP) [85], while most regional 

and national ones adopt the USGS classification systemɭalso known as the Anderson 

classification system [86]ɭ, or the European Community Collaboration for 

Information on the Environment (CORINE) Land Cover Classes  (CLC) [87], or local 

variations.  Figure 2.33 shows the differences in the classification schemas and number 

of classes between global LULC products. 

These reviews highlight one key aspect of LULC mapping , that no matter the scale, 

coverage or resolution, there is not a one-size-fit s-all-purposes map, and therefore 

class schema definition and individual accuracies should be reviewed when extracting 

information from LULC products.  
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Figure 2.33: Global general LULC product classification system and number of classes within 

the specified general category [83]. 

In Colombia there is a national LULC product based on a modified CLC schema [88] 

for the years 2000-2002, 2005-2009, 2010-2012 [89] and 2018 [90], all of which are based 

on interpreted satellite imagery.  Other national thematic LULC include ecosystem 

mapping, available for the years 2007 [91] and 2017 [92], among other class-focused 

products like deforestation (forest/no forest maps), glacier extent, etc. Recent LULC 

products exploiting ML algorithms and cloud computing are being published by 

researchers with a special focus on robust and replicable methodologies and accuracy 

assessments. This is the case for the 30 m map for the Colombian Andes and Amazon 

regions with Landsat -8 imagery centred in the year 2018, based on RF and SVM 

classifiers, all performed on GEE with open -access to training  and validation  areas 

[93]. Figure 2.34 presents the SVM map results, which are accompanied by their 

respective 95% Confidence Interval (CI); The Andean Shrub and/or Herbaceous class 

ɭwhere Páramo Ecosystem would be included for this regionɭ is reported to be 

ƕɀƛƙƕȭƔƙƔȮƚƝɯǷɯƖƘƙȭƗƕƜɯ'Èȭ  
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Figure 2.34: SVM-classified product for the Colombian Amazon (Left) and Andes (Right) 

regions for the target year 2018 [93]. 

For comparison, the area for Páramo ecosystem in Colombia reported in the article 

from Figure 2.1(Right) based also on Landsat-ƜɯËÈÛÈɯÐÚɯÈÉÖÜÛɯƕɀƔƘƘȭƝƘƗɯ'Èɯ[7], which is 

significantly less than one would expect . Even though one article refers to the whole 

country while  the other article includes just the Andean region (excluding the Sierra 

of Santa Marta, northernmost Páramo areas in Figure 2.1 and Figure 2.4), discrepancies 

in area estimation can always be expected. According to the methodological pipeline 

followed, the same initial dataset can lead to different classification results. Hence the 

need for a careful definition of the classification scheme, the datasets used, the pre-

processing methods employed, the sampling design and dataset on which the ML 

algorithm is trained and tested , and the accuracy assessment metrics per class 

reported.  
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2.5. Accuracy Assessment 

 

Classification is always the result of applying a model to sort observations in different 

groups or classes, that exhibit some common pattern . From the human interpreter s to 

a hard rule-based model, to a complex ML algorithm, the classification will always be 

subject to real-world error sources  and constraints: the acquisition signal vs. the noise, 

the resolution, the corrections (radiometric, geometric, atmospheric), the 

interpretationɭboth in terms of interpreter bias and class scheme definitionɭ, the 

outliers, the pixels at the edge between the classes (mixed pixels) , etc. Therefore, any 

classification result is subject to errors both from the data and from the model itself.  

ML theory states that for any algorithm that performs very well on a given task, there 

is another task where the same algorithm will perform poorly  [64]. Therefore, there is 

no perfect learner algorithm for all possible tasks. Conversely, a very good human 

interpreter for vegetation land cover can perform poorly on coral -reef or marine 

ecosystem identification, or at control point collimation from a photo grammetric 

survey. Although high accuracy for  a given classification task is always desirable, 

perfection is highly discouraged, as it represents overfitting  to training data  and most 

likely a lack of generalisation from the  model. 

A fundamental step  of any classification process is to evaluate errors with respect to 

an alternative dataset that has been classified, giving the latter the status of reality or 

ground truth (True class) and the classification results as an estimate (Predicted class), 

with the objective of quantifying the difference between the two . Given the limitations 

in availability of ground truth datasets ideal for a given classification task, strategies 

like hold -out data from the training dataset are implemented  [94]. This means that 

once a manually labelled (e.g. classified by an interpreter) dataset is available, a 

fraction of the data is set aside from the training, and it is only used later as a ground 

ÛÙÜÛÏɯÛÖɯËÌÛÌÙÔÐÕÌɯÛÏÌɯÔÖËÌÓɀÚɯÈÊÊÜÙÈÊàȭ The hold-out dataset is referred to as the test 

dataset, although sometimes it is also referred to as the validation dataset. The 

confusion arises from the tuning of the ML model hyperparameters, that usually 

requires a fraction of the training dataset for cross-validation, but it is usually 

performed by the algorithm itself, or it is used for early model selection when there is 

no information about which algorithm has proven effective at a given task. From here 

on, the set dedicated to evaluating  the modelɀÚ performance will be referred  to as the 

test set.  

For a LULC thematic map to be operational, the products quality must be assessed by 

the means of its accuracy under different metrics, all of which  can be extracted from 

the error matrix, also referred to as the confusion matrix [95]. The error matrix is a 

simple cross-tabulation of the class labels allocated by the classification of the remotely 

sensed data against the reference data for the sample sites [96]. In other words, it is 

simply a  class-to-class comparison in the number of pixels from the classified test 
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dataset vs. the modelɀÚ resulting class on the same dataset, commonly  labelled 

Predicted class as rows vs. True class as columns. As mentioned before with respect to 

the sampling process, the test dataset must be of adequate size and with an adequate 

proportion of the pixels belonging to each class, if significant inference is to be drawn 

from it  [97]. Because of its ease of interpretation and valuable descriptive information, 

the error matrix remains a cornerstone of the analysis protocol [74]. Best practices 

derived from  literature  recommend a series of transformations from the pixel count 

matrix to an area-weighted one, from where confidence intervals for the area of each 

class on the map can be extracted [96]. Figure 2.35 presents the error matrix as sample 

counts or as area proportions obtained by Equation (2.10). 

 

Figure 2.35: Error matrix configuration [98, Tbl. 1,2]  

 ὴὮ ὡὭ
ὲὭὮ
ὲὭϽ

 (2.10) 

Where ὴǶ is the unbiased estimator of the proportion of area in cell Ὥ, Ὦ of the error 

matrix, ὲ  is the number of pixels in cell Ὥ, Ὦ, ὲϽ is the total number of pixels predicted 

for class Ὥ (row total) , and ὡ  is the proportion of area mapped as class Ὥ defined by 

Equation (2.11). 

 ὡ
ὃ ȟ

ὃ
 (2.11) 

Where ὃ ȟ is the mapped area of class Ὥ and ὃ  is the total area of the map. The 

mapped area of a given class is also referred to as the pixel -count area, for it is the 

result of the number of pixels classified in the map by the pixel area. 

These two configurations of the error matrix  allow for the computation of the accuracy 

metrics and their area-weighted versions, the latter being an unbiased estimator for the 

accuracies that allow  for variance and confidence intervals to be computed.  
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The most common accuracy metrics used in LULC classification are [98]: 

¶ Overall Accuracy (ὕ): Proportion of the area mapped correctly. It provides the 

user of the map with the probability that a randomly selected location on the 

map is correctly classified. It results from the summation of the diagonal 

elements over the total pixels, as presented in Equation (2.12) for the sample 

counts, and in Equation (2.13) for the area-weighted overall accuracy ὕ from 

the area proportion matrix.  

Where ή is the number of classes. 

¶ User's accuracy: Proportion of the area mapped as a particular class that 

matched the true class. User's accuracy is the complement of the probability of 

commission error, that is the error of mistaking a mapped class as another class. 

For this metric, both the sample counts and area proportions matrix yield the 

same result as shown in Equation (2.14). 

¶ Producer's accuracy: Proportion of the area that is a particular true class that is 

also mapped as that category. Producer's accuracy is the complement of the 

probability of omission error, that is the error of mapping a true class as another 

class. 

 ὖ
ὲ

ὲϽ
 (2.15) 

 ὖ
ὴǶ

ὴǶϽ
 (2.16) 

Where ὲϽ and ὴǶϽ are the total number of true pixels  or true pixel proportions  

for class Ὦ (column total) , respectively. 

The estimated variances ὠ for the unbiased or area-weighted  metrics are defined by 

Equations (2.17),(2.18) and (2.19), respectively [98]. 

 ὠὕ ὡ Ὗ ρ Ὗ ȾὲȢ ρ (2.17) 

 ὠὟ Ὗ ρ Ὗ ȾὲȢ ρ (2.18) 

 ὕ  ὲ  (2.12) 

 ὕ  ὴǶ (2.13) 

 Ὗ
ὲ

ὲϽ

ὴ

ὴϽ
 (2.14) 
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 ὠὖ
ρ

ὔȢ

ὔȢρ ὖ  Ὗ ρ  Ὗ

ὲȢ ρ
ὖ ὔȢ

ὲ

ὲȢ
ρ
ὲ

ὲȢ
ȾὲȢ ρ  (2.19) 

Where ὠὕ  ÐÚɯÛÏÌɯÖÝÌÙÈÓÓɯÈÊÊÜÙÈÊàɀÚɯÌÚÛÐÔÈÛÌËɯÝÈÙÐÈÕÊÌȮɯὠὟ  ÛÏÌɯÜÚÌÙɀÚɯÈÊÊÜÙÈÊàɯ

estimated variance of class Ὥ, and ὠὖ  ×ÙÖËÜÊÌÙɀÚɯaccuracy estimated variance of class 

Ὦ. The variable ή is the number of classes, ὡ  is the proportion of area mapped as class 

Ὥ defined by Equation (2.11), while  ὲȢ is the total number of pixels predicted for class 

Ὥ (row total) . Finally,  ὔȢ  В Ȣ

Ȣ
ὲ  corresponds to the marginal total number of 

estimated reference class ὮɀÚɯ×ÐßÌÓÚ with  .Ȣ and .Ȣ is map class j and Ὥ marginal total, 

respectively, and ὲȢ map class Ὦ total number of sample units (column total) . As .Ȣ is 

the number of class j pixels in the entire map, it coincides with the definition of ὡ , the 

same happens to .Ȣ, therefore .Ȣ ὡ  and .Ȣ ὡ . Considering  ὔȢ can be expressed 

as ὔȢ  В ὴǶ ὴǶϽ Equation (2.19) can be rewritten as Equation (2.20). 

Confidence intervals can be built around the accuracy estimators as a mean from a 

normally distributed variable with z=1,96 for CI=95%, multiplying the Standard Error 

(SE) as shown by Equations (2.21), (2.22), and(2.23):   

  ὅὍ ὕ ὕ ρȟωφzὛὉ ὕ ρȟωφὠὕ  (2.21) 

 ὅὍ Ὗ Ὗ ρȟωφzὛὉ Ὗ ρȟωφὠὟ  (2.22) 

 ὅὍ ὖ ὖ ρȟωφzὛὉ ὖ ρȟωφὠὖ  (2.23) 

Finally,  ὃ  the unbiased estimator for the area of class Ὦ, from now on referred to as 

Accuracy derived area,  can be expressed as the total area multiplied by the unbiased 

estimator of the area proportion ὴǶϽ as shown on Equation (2.24), the estimated SE for 

ὴǶϽ is defined on Equation (2.25) [74, Eq. 20]  

 ὃ ὃ ᶻ ὡ
ὲ

ὲϽ
ὃ ὴzǶϽ (2.24) 

 ὠὴǶϽ
ὡ ὴǶρ ὴǶ

ὲϽ
 (2.25) 

Where ὴǶ ὴǶὴǶϽϳ ὴǶ7ϳ , replacing these values in Equation (2.25) results in 

Equation (2.26), and considering the variance for ὃ is the total area by the area 

 ὠὖ
ρ

ὴϽὮ
ς

ὡ ρ ὖ  Ὗ ρ  Ὗ

ὲȢ ρ
ὖ ὡὭ

ςὲ

ὲȢ
ρ
ὲ

ὲȢ
ȾὲȢ ρ  (2.20) 
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proportion variance, the SE for ὃ is described by Equation (2.27). The confidence 

interval for the Accuracy derived area is presented by Equation (2.28). 

 ὠὴǶϽ
ὡὴǶ ὴǶ

ὲϽ
 (2.26) 

 ὛὉ ὃ  zὛὉ
Ͻ
ὃ  zὠὴǶϽ  (2.27) 

Where  ὃ  is the total area of the map, ή is the number of classes, ὡ  is the proportion 

of area mapped as class Ὥ defined by Equation (2.11), ὴǶ is the unbiased estimator of 

the proportion of area in cell Ὥ, Ὦ of the error matrix defined in Equation (2.10), ὲϽ is the 

total number of pixels predicted for class Ὥ (row total).  

  

 ὅὍ ὃ ὃ ρȟωφzὛὉ  (2.28) 
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2.6. Change Detection & Temporal Trajectories 

 

The EÈÙÛÏɀÚɯÚÜÙÍÈÊÌɯÐÚ in a state of continuous change and so are its ecosystems, both 

by natural and anthropogenic effects. These changes can be subtle, gradual, seasonal 

or abrupt, and as observed by the satellites they can be considered as continuous 

spectral changes or categoricalɭLULC classɭchanges. Previous Sub-Chapters have 

dealt with how a classification of remotely sensed data is performed, one snapshot at 

a time and in a statistically rigorous way, but now this Sub-Chapter will  review how 

change is monitored.  

This Thesis employed a bi-temporal post-classification comparison for the Landsat MSS 

and Sentinel-2 MSI datasets, and a post-classification temporal trajectory for the Landsat 

TM, ETM+ and OLI datasets, all of which were reduced to a binary class schema 

focused on agricultural areas vs. other areas. The present Sub-Chapter will provide an 

overview on change detection, the algorithms employed  and the statistical 

comparison  between the epochs analysed in this Thesis. 

 

Change detection : The collection of classified images from a given area from different 

dates (epochs) can give valuable information about the overall behaviour of the area 

proportion of the classes. However, as they result from statistical inference they 

provide no pixel -to-pixel change information. For instance, the area proportion for a 

given class can be the same for two consecutive epochs, but that does not allow one to 

conclude that no change has happened, as it can be that both changes into the class 

and from the class have occurred simultaneously, with no net change in proportion.  

Change detection aims to quantify change either from a spectral perspective or from a 

pixel class perspective, it explains how the pixels are changing along different epochs. 

The general approach taken was the latter, defined as a post-classification comparison. 

As summari sed by [99], this involves independently produced spectral classification 

results from each step of the time interval of interest, followed by a pixel -by-pixel 

comparison to detect changes in LULC type. By adequately coding the classification 

results, a complete matrix of changeɭfrom one class to another classɭ is obtained and 

change classes can be defined. LULC change detection is an overarching method to 

analyse uniform conversions impacting landscapes within protected zones [100]. 

When undertaking an analysis of LULC changes, it is recommended to prioriti se the 

utili sation of the same product derived from consistent data sources and data 

processing methodologies [83]. In the present case, due to the utili sation of multiple 

distinct products  and the lack of additional validation data or other ancillary data, 

change analysis was constrained to three distinct time steps for the change detection 

based on the datasetɀÚ spatial resolution . Namely, Landsat MSS at 60 m, Landsat TM, 

ETM+ and OLI at 30 m and Sentinel-2 MSI at 10 m spatial resolution. 
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Disturbance was monitored by focusing on class change, particularly from and to 

agricultural areas. Depending on the number of epochs available, change detection 

was performed on a bi-temporal basis or a multitemporal one, formerly addressed as 

a change trajectory. 

Bi-temporal  binary analysis is a direct comparison between two consecutive epochs, a 

pixel -to-pixel comparison that leads to an explicit change matrix, similar in 

composition to the error matrix. Instead of sample pixel counts it includes population 

counts and instead of Predicted class vs. True class, it is labelled as From class vs. To 

class. This configuration presents all 4 possible changes, given classes A and B, a 

change matrix would yield AA, AB, BB, and BA, as possible outcomes ɭsee  Figure 

2.36 Leftɭ. Where the notation AB would be considered from class A to class B 

conversion. Alternatively, depending on the focus, AB notation could be labelled as 

class B gain or class A loss. 

Temporal trajectory  binary analysis is a pixel-to-pixel comparison between multiple 

consecutive epochs, this leads to a ς number of outcomes or trajectories, where Ὁ is 

the number of epochs. Pixel class trajectories for a 4-epoch analysis, yielding 16 

possible outcomes, can be further summari sed on groups based on the stability of the 

class behaviour. Following the binary A call and B class example, a temporal trajectory 

such as AAAA or BBBB can be considered stable class A or stable class B, respectively. 

A trajectory with only one clear change, such as AABBɭsee  Figure 2.36 Rightɭ, could 

be considered as a stepped change towards class B, therefore could be labelled as class 

A stepped loss or class B stepped gain, depending on the focus class. An example of 

labelling trajectories from stability maps that this Thesis adapted can be found in [101].  

 

Figure 2.36: Change detection bi-temporal (Left) and temporal trajectory (Right) examples. 

 

Statistical testing : Considering all the variability involved in the data pre-processing 

and the variability of the classification model of each epoch, it is of paramount 

importance to establish whether the difference between two different epochs is 

statistically significant. This is because even if the data is obtained by the same sensor, 

or intercalibrated between sensors of similar characteristics, the difference in spectral 

signatures that grouped the pixels in different classes could be explained by signal 

noise due to different illumination, atmospheric conditions, etc. Even slight 

mismatches in image registering can lead to false-positive change detection [99]. 
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To reduce possible sources of variability, or better, to ensure similar or comparable 

variabilities, strategies like using same season acquisitions, using the same pre-

processing pipeline, using the same sample data (when consistent within the time step 

analysed), using the same classification model with a unique class scheme, and even 

using the model with different random initialisations , can be implemented. These 

practices can contribute to the  comparability of the two classifications in term of class 

area or class proportion  beyond the merely statistical aspect.  

One of the main elements to determine are the variables to compare and their 

distributions , in order  to apply a suitable statistical test. For this case, the estimated 

class areas are the variables, but their distributions are unknown . In most cases, and 

from the statistical inference, they are assumed to be normally distributed. However, 

the class areas being a result of a classification model which may include mixed pixels 

that are assigned to classes in different ways, the normality assumption must be tested. 

The statistical tests used for assessing normal distribution of a variable are 

consolidated in Table 2.4. 

Table 2.4: List of statistical tests for normality  

Test Hypothesis  Type Python library  

Shapiro-Wilk 

[102] 

H 0= The sample comes from a normal distribution  

Parametric 
scipy.stats. 

shapiro() 
H A=The sample is not coming from a normal 

distribution  

Anderson-

Darling [103] 

H 0= The sample comes from a given (normal) 

distribution  Goodness-of-fit 

Non-Parametric 

scipy.stats. 

anderson() H A=The sample is not coming from a given (Normal) 

distribution  

Kolmogorov -

Smirnoff [104] 

H 0= The sample cumulative distribution function 

Fs(x) is equal to a theoretical Ft(x) (Normal) for all x 

from -Њ to Њ 
Non-Parametric 

scipy.stats. 

kstest() H A=The sample cumulative distribution function 

Fs(x) is not equal to a theoretical Ft(x) (Normal) for 

at least one x 

DɀAgostino K 2 

[105], [106] 

H 0= The sample comes from a normal distribution 
Goodness-of-fit 

Parametric 

scipy.stats. 

normaltest() 
H A=The sample is not coming from a normal 

distribution  

Jarque-Bera [107] 

H 0= The sample comes from a normal distribution 

Parametric 
scipy.stats. 

jarque_bera() 
H A=The sample is not coming from a normal 

distribution  

Lilliefors [108] 

H 0= The sample cumulative distribution function 

Fs(x) is equal to a theoretical Ft(x) (Normal) with 

sample estimated mean and variance 

Non-Parametric 
statsmodels.stats. 

diagnostic.lilliefors()  H A=The sample cumulative distribution function 

Fs(x) is not equal to a theoretical Ft(x) (Normal) with 

sample estimated mean and variance 
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Once determined whether a variable is normally distributed or not, a test for that 

variable at different epochs is conducted. First, a test to establish whether there is a 

variable mean with a statistically significant difference from all the others, then a pair-

wise test to find which variable pairs  have statistically significant difference . Table 2.5 

presents the respective tests both when normality assumptions are met and when they 

are not. 

Table 2.5: List of statistical tests for variable at different epochs 

Test Hypothesis  Type Data Assumptions  Python library  

Kruskal -

Wallis  [109] 

H 0= The data samples distributions 

and medians are equal Non-

Parametric 

All Data  

Independent  

Ordinal & 

Continuous  

Non-Normal  

Homogeneity: 

Similar Distribution  

scipy.stats. 

kruskal()  H A=At least one of the data samples 

distributions and medians are not 

equal 

Dunn  [110] 

H 0= There is no difference in the 

ranks of the two Data Samples being 

compared 
Non-

Parametric 

Paired Data 

Independent  

Ordinal & 

Continuous  

Non-Normal  

Equal Variance 

scikit_posthocs. 

posthoc_dunn() H A=There is a difference in the ranks 

of the two Data Samples being 

compared 

ANOVA  

[111] 

H 0= The data sample means are 

equal Parametric 

All Data  

Independent  

Normal  

Homogeneity: 

Similar Variance 

scipy.stats. 

f_oneway() H A=At least one of the data sample 

means is different from the others  

Tukey-HSD 

[112]  

H 0= The data sample means 

compared are equal 
Parametric 

Paired Data 

Independent & Equal 

Size 

Normal  

Homogeneity: 

Similar Variance 

statsmodels.stats. 

multicomp.  

pairwise_tukeyhsd()  H A= The data sample means 

compared are not equal 
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2.7. Ind ices & Applications  

 

An index is a sign or measure of something, usually comparedɭnormalisedɭwith 

respect to a reference value. The accuracy metrics from Sub-Chapter 2.5 can be 

considered indices of accuracy, as they are normalised as percentages with respect to 

the totalɭalso interpretable as probabilitiesɭ. During the development of this Thesis, 

a spatial-temporal index was formulated for the agricultural areas within the Páramo 

Complexes. Indices are formulated for different applications and this final Sub -

Chapter will provide an overview of this matter. 

EO research has developed a series of spectral indices for different land cover 

monitoring  or domain  applications, resulting from the non -linear combination of 

spectral bands. In the realm of classification by ML  algorithms , linear combination of 

bands does not add any additional information , although they can be useful for 

visualisation purposes . Non-linear combinations on the contrary, have proven to be 

effective when wanting to reduce unwanted or confounding effects when studying a 

certain land cover or phenomenon, leading to the development of domain -specific 

indices.  

Recent efforts to consolidate a catalogue account for over 200 different spectral indices, 

most of them related to vegetation (127), followed by urban (19), burn/post -fire 

analysis (19), among others [113]. One of the most recognised and applied index for 

vegetation is the Normali sed Difference Vegetation Index (NDVI) [114], computed as 

the normali sed difference between NIR reflectance and red reflectance ὔὈὠὍ

” ” ” ” , used to assess vegetation greenness in space and time. 

Figure 2.37 presents an open-source index catalogue and a multitemporal spectral 

index cube for Sentinel-2 data where different indices variability over time can be seen. 

Other indices might be assembled beyond spectral response and focused on spatial 

and/or temporal characteristics, sometimes combining remotely sensed data with 

spatial data derived from authoritative sources (population, infrastructure,  hydrology,  

etc.). Efforts combining this different spatial data and crafting an index for quantifying 

the human effects on natural ecosystems have been of special research interest.  
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Figure 2.37: Left: Awesome Spectral Indices catalogue (v 0.4.0) per application domain. 

Right: Spectral indices mini cubes from Sentinel-ƖɯËÐÚ×ÓÈàÐÕÎɯÈɯƖȭƙƚɷÒÔɯÙÈËÐÜÚɯÚÐÛÌɯÉÌÛÞÌÌÕɯ

2018-07-09 (front) and 2021-09-26 (back) [113, Figs 2, 6] 

Global-scale efforts like the human disturbance index [115], or the human footprint 

[116], have tried to provide a scale in which to assess the pressure human activity 

ÌßÌÙÛÚɯÖÕɯÛÏÌɯ$ÈÙÛÏɀÚɯÌÊÖÚàÚÛÌÔÚȭɯ%ÖÓÓÖÞÐÕÎɯÛÏÐÚɯÓÐÕÌȮɯÕÈÛÐÖÕÈÓɯÌÊÖÓÖÎÐÊÈÓɯÐÕËÐÊÈÛÖÙÚɯÖÍɯ

this kind have been developed in Colombia, incorporating temporality and 

biophysical vulnerability of the ecosystems [117], leading to a Legacy-adjusted Human 

Footprint Index (LHFI) , that analysed four decades of data resulting in identifying  five 

main change hotspots along the country [118]. Similar attempts  to the one described 

in this Thesis using classification, change detection and spatial indices have been 

performed in protected areas including Montane Forest and Páramos in Ecuador [119]. 

Regardless of the nature of the indices, their objective is to encompass a number on a 

relative scale to account for a given phenomenon. In that sense, the proposition of a 

novel index must be consistent with the phenomenon t hat it  accounts for , both 

conceptually and mathematically. Most importantly, an index must be formulated to 

be informative, as they become powerful tools to condense large and/or complex 

amounts of information to a single number, that can be interpreted by a wide range of 

audiences. 
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3 Methodology  

A thorough methodology was de veloped in order t o perform an assessment of the 

level of disturbance of the Páramo ecosystem in the central Eastern Andes of Colombia 

from satellite Earth Observation (EO) free and open dataɭavailable since 1972 from 

the first Landsat missionɭ. The methodology was based on three main stages: satellite 

data was selected and pre-processed for Stage 1, classified and assessed for accuracy 

for  Stage 2, and analysed for change detection for Stage 3, as shown in Figure 3.1.  

 

Figure 3.1: Overall Stages methodological approach  

The full -detail  schematic of the methodological flowchart can be consulted on 

Appendix A.1. For practical purposes this flowchart was divided in to the three stages 

and for  each stage a full flowchart is presented in the corresponding Sub-Chapter. 

Assessment Areas are presented in Sub-chapter 3.1, Stage 1 corresponds to Sub-

chapters 3.2 and 3.3, Stage 2 corresponds to Sub-Chapter 3.4, while Stage 3 corresponds 

to Sub-Chapter 3.5 and 3.6. 
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3.1. Assessment Areas 

For the scope of this Thesis, three Protected Areas (PAs) were selected for assessment: 

Páramo de Guerrero (GUE), Páramo de Rabanal y Río Bogotá (RRB), and Páramo 

Altiplano Cundiboyacense (ACB). The latter, is composed of small, fragmented areas 

along the high plateau of Altiplano Cundiboyacenseɭfrom where it gets its nameɭ and 

has been sub-divided and grouped in areas belonging to the GUE geometry bounding 

box (ACB_G), the RRB geometry bounding box (ACB_R), and two other independent 

areas (ACB_A and ACB_B). Figure 3.2 presents the assessment PAs, and the grouping 

of the sub-divided ACB areas. 

 
Figure 3.2: Assessment Protected Areas selected for the Thesis 

 

The high plateau of Altiplano Cundiboyacense is a region above 2.500 m elevation in the 

Colombian Eastern Andes AOI  with an average temperature of 13.5°C, with monthly 

oscillations under 1°C, daily variations from 0°C to 25°C , and annual precipitation 

ranging from 580-1000 mm [120]. Like all Andean Mountain  ranges, average 

temperature decreases with altitude, while rainfall seasonality and micro -climate is 

highly correlated to the mountain range aspect (West or East facing)ɭas highlighted 

by the ecosystem changes noted in Figure 2.2ɭ. Although the Colombian Andean 

region presents largely a bi-modal rain regime  [121]ɭwith dry season between 

December-February and June-Augustɭ, changes due to the El Niño-South Oscillation 
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and local dry and rainy season regionality can occur, altering the seasonality and the 

amount of precipitation in the Altiplano Cundiboyacense [122]. 

To provide some historic context, the region sheltered humans over 13.000 years ago, 

with vestiges of agricultural activities dating back over 5.000 years , with corn and 

quinoa seeds as the oldest crops registered [123]. By the time of the arrival of Spanish 

colonisers, it sheltered several heterogenous indigenous populations from the 

macrochibcha linguistic family, whose agricultural practices where diversified spanning 

the different altitudinal micro -climates, with Spanish chroniclers highlighting the 

sacred status these indigenous cultures professed for forests, lakes, rivers and 

mountain -tops [6].  

Colonisation led to a transformation of the agricultural practices: while landowners 

maintained the indigenous practice of farming across micro -climates, they cleared the 

forests for wood and expanded the pastures as the main land cover and the land use 

for livestock grazing in the wetlands, engaging in hydraulic modifications through the 

construction of trenches and ditches, draining wetlands and diverting the river  courses 

[124]. Main indigenous settlements declined or were replaced by nuclear colonial 

settlements like the towns of Tunja and Bogotá [125], the current  capital of Colombia.   

Large post-colonial  states progressively split among successive generations while 

significant  plots of un -cultivated land were awarded for military victories to civil -war 

generals during the republic ɀÚ political turmoil . These states were in turn sub-divided 

or sub-let as parcels for peasants to cultivate, which resulted  in further expansion of 

the agricultural area towards increasing altitudes [6]. Population growth  alongside 

economic development and an increased demand for produce, coupled with the 

increased urbanisation and soil degradation in the lower valleys have pushed the 

agricultural limit upwards into the Páramo [5]. Currently, t he Altiplano Cundiboyacense 

is home to over 9 million inhabitants , most of them living in urban areas like Bogotá, 

that accounts for 7,4 million people, according to the 2018 national census [126]. 

Just around 70 km north of Bogotá, the main GUE complex polygon PA is found 

roughly centred in a small natural lake named Laguna Verde. The southern part of this 

area is what local communities mostly address as the proper Páramo de Guerrero, while 

the northern part is also referred to as Páramo de Guargua or Páramo de Laguna Verde. 

The other PAs, including the ACB  subdivisions, are smaller mountain tops or 

escarpment formations  where the altitudinal range was considered to harbour Páramo 

ecosystem according to the Colombian Ministry of Environment and Sustainab le 

Development (MADS)  delimitation . RRB complex, roughly centred about 90 km 

northeast of Bogotá, is composed of three distinct polygon PAs from north to south: 

Páramo de Rabanal, Páramo de Guacheneque or Rio BogotáɭSource of Bogota Riverɭ, and 

Páramo Los Cristales. All  of the assessment PAs size and location can be viewed  in Table 

3.3, and the names of the PAs in italics will refer to the specific polygons of the Páramo 

Complexes. 
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Table 3.1: Size and Location of the assessment protected areas. 

Páramo Complex  Size [Ha]  Location  

GUE 
43.418,09 (Total) 

37.629,60 (Páramo de Guerrero/Guargua/Laguna Verde) 

 

74,00°W - 5,21°N 

RRB 

24.755,95 (Total) 

11.202,44 (Páramo de Rabanal) 

10.030,03 (Páramo de Guacheneque/Rio Bogotá) 

  3.523,48 (Páramo de Cristales) 

 

73,60°W - 5,40°N 

73,56°W - 5,18°N 

73,48°W - 5,15°N 

ACB 

5.823,19 (Total) 

4.228,70 (Assessment Total) 

1.861,55 (ACB_A) 

1.468,76 (ACB_B) 

  480,62 (ACB_G) 

  417,77 (ACB_R) 

 

 

73,72°W - 5,19°N 

73,42°W - 5,52°N 

73,85°W - 5,10°N 

73,55°W - 5,34°N 

Both RRB and GUE complexes share common anthropogenic pressures at different 

levels, while ACB complexɭbeing a collection of small areas just recently protectedɭ 

lacks historical records or research about its anthropogenic pressures. As presented in 

Sub-Chapter 2.1, one of the main pressures affecting the Páramo ecosystem is the 

expansion of agricultural land . For GUE and RRB, the alternation of high-yield 

agrochemical-intense potato crops and dual -purpose ɭmeat and milkɭ cattle grazing 

has been the most economically favourable option for land use, with an increasing 

level of mechanised ploughing and commercial-type cultivation beyond the 

subsistence farming [127]. The introduction of non -native grass to meet cattle grazing 

needs [128], and a very low prevalence of natural fertili sing and sustainable cultivation 

practices [129] complete the landscape of the agricultural practices within these 

complexes. Figure 3.3 presents a collection of photographs of agricultural practices in 

RRB. 

 

Figure 3.3: North RRB Páramo de Rabanal photograph mosaic. a. small-scale farmers planting 

potatoes; b. spraying a potato field; c. watering a calf; d. entrepreneur planting potatoes; e. 

herbaceous Páramo [127, Fig. 1] 
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Another relevant anthropogenic pressure for RRB and GUE complexes is mining. 

Although being a prohibited activity by law within the delimited Páramo Complexes 

from 2011 [20], confirmed  in 2015 [130] and later ratified by the Colombian 

Constitutional Court  in 2016 [131], miningɭboth legal and illegalɭhas a long 

tradition  in Páramo de Guerrero and Páramo de Rabanal areas[129], [132] and it is still 

conducted surrounding the government -declared boundaries. Aside from some small -

scale surface mining of clay, metal minerals, sand and gravel, the most relevant 

extractive activity is the sub-surface mining of coal from different beds , mainly 

Guaduas Formation, but also from the Cacho Formation and the Bogotá Formation  [133], 

[134], [135]. These mining operations are usually coupled with  near-site 

transformation of this coal in coke fuel  by anoxic pyrolysis on furnaces to supply 

national and international markets [129], [134].  

Both mining and coke production have detrimental effects on water sources and the 

soil by acidification, sediment and metal pollution [136], [137], but their effects are 

difficult to capture from a land cover perspective. Nonetheless, recent research 

suggests that vegetation covered in black soot from nearby (>2 km) coke furnaces north 

of Páramo de Rabanal exhibit a lower NIR spectral response [28], opening the research 

to correlated spectral changes of vegetation from this kind of pollution.  Figure 3.4 

presents a collection of photographs of mining practices in RRB. 

 

Figure 3.4: Mining photograph mosaic of RRB a. Coal mine, b. sedimentation tank for mine 

water and coal gathering, c. and d. Coke oven furnaces, emissions and coke gathering. [129]  
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Inter -related with the mining and agriculture activities in the assessment areas is the 

introduction of exotic vegetation species, both as large-scale plantations and as 

scattered individuals. Introduction of these exotic species has followed  the depletion 

of native forests supply for wood, erosion control and lower valleys desiccation by 

means of species of Pines, Acacias and Eucalyptus, among others [138], [139]. In 

addition to these trees, exotic shrub vegetation such as the Gorse and exotic grass like 

the Kikuyu represent a risk for native species as they dominate the landscape and 

hinder the prevalence and composition of the native vegetation  [140]. Figure 3.5 

presents a pair of photographs of exotic and invasive vegetation species in GUE. 

 

 

Figure 3.5: Left: Pine (Pinus sp.) plantations  at the Neusa reservoir along and atop West 

Páramo de Guerrero range (island patch 73,965°W - 5,147°N, top patch 73,979°W - 5,181°N). 

Right: Gorse (Ulex europaeus) proliferation near the Neusa reservoir in the Tausa 

municipality . Taken from [138].  

While often disregarded as a relevant anthropogenic disturbance, the flooding of large 

areas to create reservoirs has negative environmental impacts such as hydrological 

cycle disruption and methane emissions product of anaerobic organic matter 

degradation in the sediments [141]. Along all the Altiplano Cundiboyacense there are 

several large water bodies, many of which are reservoirs for flood control and water 

supply, held back by dam structures  like the Neusa (73,95°W - 5,16°N), Tominé (73,83°W 

- 4,97°N), and El Hato (73,908°W - 5,295°N), all falling within the GUE geometry 

bounding box . Within the assessment PAs however , only RRB complex has artificial 

reservoirs within its boundaries at the Páramo de Rabanal, with the Gachaneca I 

(73,564°W - 5,436°N), Gachaneca II (73,548°W - 5,450°N), and Teatinos (73,548°W - 

5,450°N) reservoirs. 

Finally, the remaining elements ÖÍɯ ÛÏÌɯ ÈÚÚÌÚÚÔÌÕÛɀÚɯPáramo Complexes to be 

considered are the rural communities that inhabit within government -declared 

boundaries. Having introduced the historic configuration of its inhabitants  at the 

beginning of this Sub-Chapter, the most recent national census can provide an updated 

insight, as it incorporated the Páramo inhabitants as a focus population. Table 3.2 

summari ses some of the most relevant information about the census in the three 

assessment complexes. 
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Table 3.2: Páramo Complexes 2018 Census [142]. 

Páramo Census GUE RRB ACB 

R
e

si
d

e
n

ci
e

s 

Total Residences 1691 222 641 

(Industry/Commerce/Service/  

Agriculture -Agroindustry -Forestry) 
(0 / 20 / 0 / 32) (0 / 0 / 0 / 5) (1 / 10 / 5 / 11) 

Total Mixed Use 52 5 27 

Total Housing Units  1743 227 668 

Total Housing Units/ kHa*  40,14 9,17 114,71 

N
o

n
-R

e
si

d
e

n
tia

l P
lo

ts
 

Industry  0 0 1 

Commerce 1 0 1 

Services 12 4 25 

Agriculture -Agroindustry -Forestry 1941 (53,4%) 245 (18,6%) 685 (54,2%) 

Institutional  18 0 3 

Plot (non-built ) 1411 749 533 

Park - Green Area 1 0 0 

Minero -energetic 14 (0,38%) 7 (0,53%) 4 (0,32%) 

Conservation - Env. Protection 219 (6,02%) 299 (22,65%) 7 (0,55%) 

Under Construction  19 14 6 

No Data 2 2 0 

Total Plots  3638 1320 1265 

Total Plots/ kHa*  83,79 53,32 217,23 

H
o

m
e
s 

(I
n

h
a

b
ite

d
 

R
e

si
d

e
n

ce
s) 

Total Homes  968 104 385 

Electricity Service 96,4% 93,8% 94,2% 

Aqueduct Service 39,1% 39,2% 76,9% 

Gas Service 0,6% 3,1% 0,5% 

Sewage Service 2,5% 4,3% 1,0% 

Rubbish Collection Service 3,4% 6,2% 0,5% 

P
o

p
u
la

tio
n

 C
h
a

ra
ct

e
ri
sa

tio
n
 

Total Inhabitants  3229 368 1386 

Total Inhabitants/ kHa*  74,37 14,87 238,01 

Literacy Rate 93,3% 91,8% 92,9% 

Currently in Education (All levels)  25,0% 25,1% 28,2% 

Pre-Schooling 2,7% 2,1% 3,4% 

Primary Schooling  62,4% 54,7% 60,0% 

Middle Schooling  16,0% 13,3% 16,1% 

High Schooling  10,8% 9,4% 12,8% 

Technical - College Schooling 0,9% 0,9% 1,6% 

University Schooling  0,8% 2,4% 1,6% 

Post-graduate Schooling 0,1% 0,6% 0,3% 

MSc. Schooling 0,0% 0,0% 0,0% 

PhD. Schooling 0,0% 0,6% 0,0% 

No Education Received 5,6% 3,9% 3,9% 

Born in same Municipality  60,5% 51,4% 72,9% 

Born in another Municipality  38,8% 37,8% 27,1% 

Born in another Country  0,1% 0,0% 0,0% 

Resided in Municipality 5 years ago  96,1% 92,7% 97,7% 

Resided in Municipality 1 year ago  92,5% 77,8% 88,9% 

*Calculated by divid ing over  the total Páramo Complex area reported in Table 3.1 

It is interesting to note that  the area-normalised values allow for a more objective 

comparison in terms of inhabitants, housing and plots : ACB has a much higher density 

on all these metrics, followed by GUE and finally RRB.  In terms of non-residential plot 

distribution, although not area -specific, one can note the prevalence of Agriculture-
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Agroindustry -Forestry plots on GUE and ACB, around half the total, while RRB is 

around one fifth.  On the other hand, plots distributions for conservation presents a 

noticeable difference between RRB having around one fifth, while GUE has little over 

one twentieth, and half a percentual proportion for ACB. The institutional plots are 

mostly rural schools, which denote the long -standing communities within the GUE 

area. Service coverage for gas, sewage and rubbish collection are on a one-digit 

percentual range and below which highlights the struggle for local sanitation and 

environmental pollution of all these communities. Differences in terms of aqueduct 

service coverage hint at a higher aggregation of ACB housing, as opposed to more 

dispersed housing on the other complexes that results in more individual solutions for 

water procurance. Regarding education, the highest prevalence of schooling is 

Primary with roughly three -fifths of the population, followed by Middle and High 

schooling with about one -tenth each. Finally, it is important to note that across 

complexes most people were born in the same municipality and the vast majority 

resided there 5 years before the census, which allows us to infer the rooting  of the 

inhabitants to these Páramo areas. 

 

As highlighted both in Sub -Chapter 2.1 about Páramo Ecosystems and in the present 

Sub-Chapter for the chosen assessment Páramo Complexes, the analysis of the 

disturbance of Páramo ecosystems spans over different disciplines. As a narrow 

perspective focused on land cover, this Thesis aims to use some of the state-of-the-art 

methods to quantify the changes in Páramo extension under the assumption that it 

represents a direct measure of Páramo quality. One could argue that it is a debatable 

or biased assumption, but I would argue that just like the struggle for ecologists to 

define the different ecosystem boundaries, some convention must be adopted, and 

conventions are part of the human bias. In order to assign data to a class in a hard 

classification the very classes selected, and their labels, introduce  some level of bias. In 

awareness of this, a substantial effort has been made to be transparent about the 

assumptions, data processing and modelling decisions made within the methodology, 

as well as the discussion of the results in the context of the assessment areas described 

above. 
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3.2. Satellite Data Selection 

The work conducted in Stage 1 aimed to retrieve the best available data from the 

immense Landsat Collection 2 and Sentinel-2 datasets, identifying the imagery for the 

greatest number of years (Referred to as Epochs, to incorporate the pairing of year and 

sensor) for the entire Area of Interest (AOI ) areas above 2.500 m (~22.000 Km2), and 

perform all pre -processing necessary to obtain a virtually cloud-free mosaic for further 

processing. This Sub-Chapter explains the Data Selection procedure, which is the first 

part of Stage 1, encompassing all the steps before pre-processing, as shown in Figure 

2.1. 

 
Figure 3.6: Stage 1 methodological flowchart. 

As introduced in Sub -Chapter 2.3, both Landsat Archive and Sentinel-2 data products 

are made available at different levels. This Sub-Chapter will review first the selection 

of the Landsat data and second the Sentinel-2 data, and the epochs chosen for pre-

processing. 










































































































































































































































































