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Abstract 

Borneo is one of the world’s most valuable biodiversity hotspots but faces increasing 

pressure from land conversion, particularly the expansion of oil-palm plantations. More 

sustainable systems such as agroforestry are being established, yet it requires monitoring 

approaches that are scalable, accessible, and cost-effective in order to be able to track the 

progress of such systems. Remote sensing offers such opportunities by enabling the estimation 

of functional traits and functional diversity across large areas and long time series, although 

high cloud cover remains a major challenge in tropical regions. 

This thesis evaluates the potential and limitations of Sentinel-2 vegetation indices and 

functional diversity metrics for long-term monitoring across natural forest, agroforestry, and 

oil-palm plantations in West Kalimantan, Borneo. Cloud masking was applied to Sentinel-2 

data from 2019–2024 in order to increase the number of observations per sample site, as fully 

cloud-free images are rare in tropical forest ecosystems. Nineteen spectral indices describing 

chlorophyll, water, and pigment traits were analyzed for temporal paĴerns and differences 

between land-cover types. Seventeen indices showed a significant correlation with cloud-cover 

probability (10 weak, 7 moderate), indicating potential bias from residual cloud effects. All 

indices differed significantly between land-cover types. Fifteen indices were significantly 

related to dry and wet seasons and showed seasonal paĴerns, that indicate the presence of 

dry-season greening similar to observations in other tropical forests. These findings highlight 

the need to consider seasonality when designing monitoring intervals. 

Based on their strong discrimination between land-cover types and low correlation with 

cloud-cover probability, NDRE2, NDII, and PSRI were selected to calculate Functional 

Richness (FRic) and Functional Divergence (FDiv). FDiv aligned well with ecological 

expectations and showed neither a trend nor a seasonality. FRic was strongly affected by plot 

size and mixed-pixel effects, inflating values in agroforestry plots. Overall, the results show 

that Sentinel-2 can support functional-trait-based biodiversity monitoring in tropical systems, 

provided that cloud masking, index choice, and spatial scale are carefully considered. 
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1 Introduction 

Biodiversity loss is accelerating worldwide, driven largely by land cover change, climate 

change, and anthropogenic pressure. Its decline threatens not only the resilience and 

functioning of ecosystems, but also economic systems and human well-being (Díaz et al., 

2006). Even though international concern has sparked decades ago and according agreements 

aĴempt to address the crisis, research shows that biodiversity continues to decline at an 

increasingly alarming rate. The success of such those international agreements has been very 

limited until today (Butchart et al., 2019). The Aichi Biodiversity Targets, an adaption of the 

strategic plan for biodiversity through the Convention on Biological Diversity (CBD) was 

meant to guide global conservation efforts until 2020 (Convention on Biological Diversity 

(COP), 2010). However, the progress remained insufficient, as only four out of twenty targets 

showed good advancement, while global biodiversity kept deteriorating (Butchart et al., 2019). 

The more recent Kunming-Montreal Global Biodiversity Framework (GBF) has set new goals 

for 2030 and 2050, underscoring the urgency and scale of action required (Affinito et al., 2025). 

Achieving these ambitions depends not only on governmental players, it also depends on the 

commercial sector. Businesses and production systems play a dual role: while they are major 

drivers of biodiversity loss through land-use conversion and resource extraction, they also 

possess the financial capacity, technological innovation and operational influence that is 

needed to contribute meaningfully and sustainably to conservation and restoration efforts 

(Addison et al., 2020; Stephenson et al., 2022). An effective engagement of private actors is 

increasingly recognized as essential for meeting global biodiversity goals.  

To support both, policy targets and corporate accountability, reliable biodiversity 

monitoring is critical. Monitoring enables the detection of ecological change and the evaluation 

of conservation outcomes, and it provides evidence for assessing biodiversity impacts linked 

to commercial land use (Lindenmayer et al., 2011). While field-based monitoring remains 

foundational, it is time-consuming, costly, and impractical across large or remote areas 

(Rhodes et al., 2015). Remote sensing offers a valuable complement, providing large-scale, 

repeated, and cost-effective observations. With the increasing availability of free satellite 



2 
 

imagery and short revisit intervals, remote sensing has become a promising tool for long-term 

biodiversity monitoring.. 

1.1 Problem Statement 

This work focuses on the region of West Kalimantan in Borneo. Borneo is known to be a 

global biodiversity (Gaveau et al., 2018). The whole of Indonesia, including Kalimantan, has 

experienced one of the highest rates of forest loss globally. By 2021, Kalimantan had already 

lost one-third of its natural forests, mostly due to timber extraction, mining and the fast 

expansion of industrial agriculture such as oil palm (Leonald and Rowland, 2016). In response, 

agroforestry systems have been recognized as more sustainable production models. 

Agroforestry systems can be defined as “A dynamic, ecologically based, natural resource 

management system that, though the integration of trees on farms and in agricultural 

landscape, diversifies and sustains smallholder production for increased social, economic, and 

environmental benefits.”(Nair et al., 2021, p. 24). They have multiple positive effects on 

ecological services opposed to regular agricultural systems like enhanced biodiversity, 

improved soil fertility, support of microclimate regulation and increased carbon storage 

(Duffy et al., 2021). Such systems might be increasingly relevant to conservation agendas and 

private-sector sustainability initiatives. The GBF has its own monitoring framework and 

highlights thereby the importance of tracking such improvements to support progress towards 

biodiversity targets and inform future policy (Affinito et al., 2025). However, monitoring 

agroforestry and reforestation projects remains challenging. Remote sensing provides a 

potential solution, offering consistent and repeatable observations across large regions. 

Multiple approaches already used satellite data to estimate biodiversity-related metrics, for 

example functional diversity metrics and the dynamic habitat index, often derived from 

spectral indices or by modelling approaches (Hauser et al., 2022; Radeloff et al., 2019).  

 

 



1.2 Research Background 

Biodiversity can be described and measured in many ways. One important perspective 

focuses on functional diversity, which refers to the range and distribution of functional traits 

within a community (Petchey and Gaston, 2002; Tyagi and Kumar, 2024). Functional traits are 

plant traits that influence an organism’s fitness by “affecting growth, reproduction, and 

survival within a specific environmental context”(Helfenstein, 2024, p. 203). Looking at their 

diversity is particularly interesting because they respond directly to environmental conditions. 

Increased functional diversity is often associated with higher resource-use efficiency and a 

greater ability to adapt to changing external influences (Schneider et al., 2017).  

Satellite remote sensing has increasingly been used to assess functional trait diversity across 

spatial and temporal scales and in different ecosystems. This is especially beneficial because 

field-based trait datasets remain limited, particularly in remote areas like the tropics (Jeĵ et 

al., 2016). Describing plant traits through spectral indices (e.g.,(Helfenstein et al., 2022)) or 

modelling approaches (e.g.,(Hauser et al., 2022)) therefore provides a practical and scalable 

alternative. Despite this potential, it is important to acknowledge that ecosystems each exhibit 

unique functional and spectral characteristics. Consequently, identifying which traits or trait-

describing indices are most suitable for specific ecosystem types remains an active area of 

research (Zheng et al., 2023). There are three components of functional diversity. Functional 

richness (FRic) quantifies the volume of trait space occupied by a community, functional 

evenness (FEve) describes how uniformly species or pixels occupy that trait space, and 

functional divergence (FDiv) reflects how far data points are distributed from the center of the 

trait space (Mason et al., 2005). These metrics have already been applied successfully across 

different ecosystems, elevation gradients, and spatial resolutions ((Hauser et al., 2022; 

Helfenstein et al., 2022; Zheng et al., 2023). 

The study by Hauser et al.(2022) is particularly relevant for this thesis. They evaluated FRic, 

FDiv, and FEve across a land-use gradient consisting of intact forest, logged forest, and oil-

palm plantations. Their results found that intact and logged forests shoed higher functional 

diversity than oil-palm plantations. One major identified challenge was cloud cover: they 

selected the single Sentinel-2 image with the lowest cloud cover since mission start and 

highlighted that mosaicking can mask ecological variation by mixing different acquisition 

dates. A more recent study by Mederer et al. (2025) further emphasizes the importance of 
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incorporating temporal dynamics into functional diversity assessments. They found that FRic 

can vary substantially across seasons, meaning that single-date observations may misrepresent 

ecosystem functioning. Their study also highlighted the practical challenges posed by the high 

cloud cover in tropical regions and noted that tropical rainforests often show weak or no 

seasonality in functional metrics. 

Together, these studies show that while remote sensing holds strong potential for 

functional trait and functional diversity monitoring, key challenges remain. Continuous 

monitoring approaches are needed, the choice of trait-representing indices must be adapted 

to ecosystem type, and cloud cover poses a significant constraint, especially in tropical regions. 

1.3 Study Aim and Research Questions 

The aim of this master thesis is to address open questions regarding the potential of satellite 

remote sensing for long-term monitoring of functional diversity in tropical regions. To 

investigate this, three contrasting land-cover types agroforestry, natural forest, and oil-palm 

plantations were selected to represent a gradient of land-use intensity.  

The study pursues three main objectives: High cloud cover is a persistent challenge in 

tropical regions. The first objective is therefore to evaluate how heavy cloud cover can be 

managed when working with time series, and to assess whether cloud masking can increase 

the amount of observations to achieve enough temporal coverage for biodiversity-relevant 

monitoring. The second objective is to identify suitable spectral indices for functional trait 

description. A set of spectral indices representing different canopy-related functional traits are 

calculated from Sentinel-2 imagery for the period 2019–2024. These indices are examined for 

their temporal behavior and for how consistently they differentiate between the three land-

cover types. The goal is to evaluate which indices are robust, ecologically interpretable, and 

potentially suitable for long-term monitoring. Finally, two functional diversity metrics, 

Functional Richness (FRic) and Functional Divergence (FDiv),  are derived from the selected 

indices. Their values are compared between land-cover types and tracked over time to see 

whether reforested agroforestry sites follow different trends or responses. Therefore assessing 

functional diversity across space and time therefore forms the third objective of the study. 

Based on these identified research gaps and objective, the thesis will address the following 

research questions: 



 

1. How can high cloud coverage be dealt with when aiming for consistent biodiversity 

monitoring using satellite remote sensing data? 

 

2. What temporal paĴerns of functional traits and vegetation indices can be observed 

within and between areas of different land-cover? 

 

3. How can multiple vegetation indices and functional traits be combined to support 

effective long-term biodiversity monitoring, and which aspects of biodiversity are 

feasible to capture with these data? 

 

4. Which of the examined indices or traits are most suitable for continuous biodiversity 

monitoring given the identified temporal and spatial paĴerns and the observed 

sensibility to change and robustness towards external conditions in this use case? 

 

The outcome of this work will contribute to aligning biodiversity monitoring with a 

practical use case, offering guidance on what has to be kept aĴention to specifically when 

approaching functional diversity monitoring possibilities 

1.4 Collaboration 

This thesis was carried out in collaboration with Rahn AG and Forestwise. Forestwise is an 

agroforestry company operating in West Kalimantan. They reforest formerly degraded forest 

or former plantation sites and implement agroforestry plots on them. Their main products is 

illipe nut, but they also encourage the harvest of other forest products. As part of the 

collaboration, Forestwise provided agroforestry plot boundaries, land-use descriptions, and 

additional information, which formed the basis for the analysis conducted in this thesis. 

Additional support was provided by Rahn, a swiss-based chemical company that also 

specializes in cosmetic raw materials, that partners with Forestwise and co-funds reforestation 

activities. 
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2 Study Area 

The study area of this research is located in the region West Kalimantan, in the Indonesian 

part of Borneo (see Figure 1). Borneo lies on the equator and is surrounded by Malaysia, 

Indonesia and the Philippines. The island is split into three main regions: Kalimantan, which 

belongs to Indonesia; Sabah and Sarawak, that both belong to Malaysia; and Brunei, an 

independent country. West Kalimantan, is one of the largest regions of Borneo. Most of Borneo 

is characterized by a tropical rainforest climate with a mean annual rainfall of 2901-3500mm 

in the region of interest and an annual mean temperature of around 27°C. Borneo is influenced 

by two monsoon systems (Sa’adi et al., 2021). The rainfall-heavy north-east (NE) monsoon, is 

associated with increased precipitation between November and March and the south-west 

(SW) monsoon from May to September, that brings comparatively dry weather. April and 

October are considered to be inter-monsoon months and the weĴest months are usually from 

November to February (Sa’adi et al., 2021; Vijith and Dodge-Wan, 2020). According to a West 

Kalimantan vegetation map by Laumonier et al. (2020), the vegetation in the region of interest 

is a mosaic of old and young lowland secondary forests, shrubs, agriculturally used areas and 

long-established as well as newly cleared land for oil palm plantations. These secondary 

 

 

 

Figure 1: Research area in West Kalimantan, Indonesia. 



forests are dominated by lowland tropical forest trees that belong to the family of the 

Dipterocarpaceae. Primary dipterocarp-dominated forests belong to the most species-rich 

forests worldwide (Mansur and Brearley, 2023). Unfortunately, Indonesia as a whole has 

experienced a rapid loss of forested area and Kalimantan is among the most heavily deforested 

regions of the country. Already about one-third of natural forests have been lost by 2023. The 

deforestation is mostly driven by mining, agriculture and logging, and in Kalimantan 

particularly by timber extraction and palm oil production (Mathys et al., 2023). However, 

secondary forests are also of great importance, as they make up an increasing proportion of 

the remaining forest cover and play a crucial role in biodiversity conservation and the 

maintenance of ecosystem services (Mansur and Brearley, 2023).  
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3 Material and Methods 

3.1 Datasets  

This work used a variety of dataset of the analysis. Table 1 provides an overview of all 

datasets, including their source and purpose within the analysis. Their respective usage and 

more detailed information can be found later within the Materials and Methods section. 

 

 

Table 1: Datasets that were used in this work with sources. 

Dataset Type Description Source 

Agroforestry Sample Sites: Raw 

Data 

Online Vector Data Received from 

Forestwise via (Restor 

Foundation, 2024) 

Global Forest Cover map for the 

year 2020 (GFC) 

Forest Cover Map (Bourgoin et al., 2024) 

High-resolution global map of 

smallholder and industrial closed-

canopy palm plantations 2019 

Palm Plantation Map (Descals et al., 2021a) 

PlanetScope Imagery Remote Sensing Data (Planet Labs PBC, 2025) 

Harmonized Sentinel-2 MSI 

Collection: MultiSpectral 

Instrument, Level-2A (SR) 

(Sen2_Harmonized).  

Remote Sensing Data (European Space 

Agency, 2022) 

Cloud Score+ S2_HARMONIZED 

V1 (CS+) 

Remote Sensing Data (Pasquarella et al., 2023) 

  



3.2 Software and Packages 

The following analysis was conducted using Python for the whole processing pipeline and 

QGIS for data preprocessing and similar work. To access and process remote sensing data the 

python API of Google Earth Engine (GEE) was used. Table 2 summarizes all software tools 

and Python packages used in this study, including version numbers and sources. 

 

Table 2: Software and python packages that were used in this work with sources. 

Software/Package Version Purpose Source 

QGIS 3.16.11 Preprocessing, data 

preparation 

(QGIS Development Team, 

2025) 

Jupyter Notebook 7.3.2 Coding environment - 

Python 3.12.9 Core environment - 

pandas 2.2.3 Data handling and table 

operations 

(The pandas development 

team, 2024) 

geopandas 1.0.1 Geodata handling (Van den Bossche et al., 

2024) 

shapely 2.1.2 Geodata handling (Gillies et al., 2025) 

numpy 2.2.3 Data handling and 

numerical operations 

(Harris et al., 2020) 

earthengine-api 1.5.2 Cloud-based remote sensing 

imagery processing 

(Gorelick et al., 2017) 

geemap 0.35.1 Converting local geometry 

to cloud geometry 

(Wu, 2020) 

scipy 1.15.2 Convex hull calculation and 

statistics 

(Virtanen et al., 2020) 

seaborn 0.13.2 PloĴing (Waskom, 2021) 

maplotlib 3.10.0 PloĴing (The Matplotlib 

Development Team, 2024) 
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3.3 Preprocessing 

3.3.1 Agroforestry Sample Sites  

The agroforestry sample sites were obtained from the website ‘restore.eco’ where they had 

been uploaded by Forestwise: The sample sites include areas where Forestwise, in partnership 

with Rahn, began reforesting in October or November 2022. Before reforestation, the plots 

featured different types of vegetation, including some that had been plantations until shortly 

before. The reforestation approach primarily involved planting illipe trees of about 1 year of 

age.  

These polygons were then drawn off by manually in QGIS with the help of PlanetScope 

orthophotos, to ensure accurate spatial placement. This initial dataset had a total of 24 sample 

sites. Following the digitization of those sample sites from the website, they were preprocessed 

to correct spatial misalignments and improve accuracy. as the initial polygons appeared 

shifted, some too small for the intended analysis, and inconsistent when compared to 

georeferenced orthophotos as, for example they strongly overlapped with nearby 

infrastructure  

First four polygons with a size of less than 0.5 ha were excluded from the analysis. 

Helfenstein (2024) found that diversity paĴerns below 1 ha or even 1.1 ha are not detectable 

anymore when working with Sentinel-2 data at 20m resolution. As 15 sample sites were 

smaller than 1 ha, applying a buffer to the polygons was necessary. However, expanding them 

beyond twice their original size was deemed unreliable. Therefore, polygons smaller than 0.5 

ha were excluded from the analysis.  

In a second step the sample sites were compared to the PlanetScope images with a 

frequency of one image every half a year. Several sample sites appeared to be bare for extended 

periods of time or contained areas of other land covers (e.g., roads). After the examination of 

these images, four additional sites were deemed unsuitable and excluded from the analysis, 

resulting in a final set of 16 sample sites.  

In the third step, some polygons required spatial adjustment as they exhibited 

misalignment when compared to orthophotos and overlapped with adjacent infrastructure 

(see Figure 2a). Finally, the remaining sites were incrementally buffered to reach a 



standardized size of 1.1 ha (see Figure 2b). This procedure yielded the definitive set of 

agroforestry sample sites for the study (see Figure 3).  

3.3.2 Natural Forest and Palm Plantation Sample Sites 

The sample sites for the land cover categories ‘Natural Forest’ and ‘Palm Plantation’ were 

acquired with the help of PlanetScope data, accessed via QGIS, and two supplementary 

datasets estimating the extents of the corresponding land cover type. This approach including 

several sources ensured improved reliability and consistency in spatial representation across 

all analyzed years by integrating PlanetScope orthophotos with complementary land cover 

datasets. The digitization of the natural forest sample sites was based on the European Union’s 

work titled “Mapping Global Forest Cover of the Year 2020 to Support the EU Regulation on 

Deforestation-free Supply Chains”, which produced the “Global Forest Cover map for the year 

2020” (GFC2020) at a 10m resolution (European Commission. Joint Research Centre. et al., 

2024). They define ‘forest’ by the definition of the Food and Agriculture Organization (FAO), 

that is:  

 

“Land sparring more than 0.5 hectares with trees higher than 5 meters and a canopy 

cover of more than 10 percent, or trees able to reach these thresholds in situ. It does 

 

 

Figure 2: Examples of how the initial agroforestry sample sites were preprocessed. Image a) shows a sample site 
that was shifted to prevent overlaps with the nearby road. Example b) shows a site that had to be buffered in order 
to reach the required 1.1 ha 
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not include land that is predominantly under agricultural or urban land use.”(Food 

and Agriculture Organization, 2018, p. 4)  

 

The definition also explicitly mentions that trees in agricultural production system, like oil-

palm plantations are not part of this definition for forest. In this work, it shall be added that 

the land cover category ‘Natural Forest’, also called ‘Forest’ sometimes for beĴer readability, 

will refer to unmanaged forests, that are also not part of agroforestry systems. The GFC2020 

dataset builds on several global datasets, mostly based on remotely sensed data. Those are 

analyzed and merged to retrieve the 2020 forest layer that was used here.  

 

The digitization of the palm plantation followed a dataset produced by Descals et al. 

(2021a), which is a product of their study ‘High-resolution global map of smallholder and 

industrial closed-canopy palm plantations’ (Descals et al., 2021b). They defined oil-palm 

plantations mostly by their structure: 

 

“An industrial oil palm plantation typically covers several thousand hectares of 

land and is very well structured and homogeneous in tree age. It consists of an area 

bounded by long linear, sometimes rectangular boundaries. (…)”(Descals et al., 

2021b, p. 1215) 

 

The global map of closed-canopy oil palm plantations represents the year 2019, has a spatial 

resolution of 10 m and was generated using a convolutional neural network that classified 

Sentinel-1 and Sentinel-2 imagery.  

 

The dataset resulting from all preprocessing steps consist of a set of 46 polygons. The 

statistics are in Table 3 and the full set of sample sites is visible in Figure 3. A map where one 

can see the structure of each of the three land-cover sites in an example can be seen in the 

appendix in Figure A. 1. 

 

 



 

Table 3: Sample Site Dataset, with sample size (n), area and median elevation in m above sea level (a.s.l.) of each 
land cover type. 

Land cover Type n Total Area (ha) Median Elevation (m a.s.l.) 

Forest 15 19.6 29.1 

Agroforestry 15 20.3 28.2 

Palm Plantation 16 20.0 33.5 

  

 

 

 

Figure 3: Overview over the whole sample site dataset after preprocessing. Most of the sites are clustered on the 
southern part of the study area. The small window on the right hand side of the map offers a closer view to some 
of the sample sites.  
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3.3.3 Satellite Remote Sensing Data 

The following analysis will use images from the European Space Agencies (ESA) Sentinel-

2 mission, which is part of the Copernicus Program and offers high-resolution, multi-spectral 

imagery with a revisit time of 5 days at the equators (Korhonen et al., 2017b). The mission 

currently consists of three satellites (Sentinel-2A, Sentinel-2B and Sentinel-2C), whereof only 

Sentinel-2A and Sentinel-2B are relevant for this analysis. Each satellite carries an optical 

Multi-Spectral Instrument (MSI) that samples 13 spectral bands at different spatial and spectral 

resolutions (see Table 4) (Korhonen et al., 2017a). 

 

 

The data was accessed via GEEs Sentinel-2 Harmonized collection (Sen2_Harmonized). The 

Sentinel-2 Harmonized collection offers analysis-ready Level-2A surface reflectance products 

that integrates imagery from Sentinel-2A and Sentinel-2B. The data is atmospherically, 

Table 4: Sentinel-2A MSIs spectral bands and their spatial and spectral resolution (Korhonen et al., 2017, p. 260) 

Band Band Name Central 

Wavelength (nm) 

Bandwidth 

(nm) 

Spatial 

Resolution (m) 

B1  Coastal aerosol 442.7 21 60 

B2 Blue 492.4 15 10 

B3 Green 559.8 36 10 

B4 Red 664.6 31 10 

B5 Vegetation red-edge 1 704.1 15 20 

B6 Vegetation red-edge 2 740.5 15 20 

B7 Vegetation red-edge 3 782.8 20 20 

B8 Near Infrared (NIR) 832.8 106 10 

B8A Narrow NIR 864.7 21 20 

B9 Water vapor 945.1 20 60 

B10 SWIR-Cirrus 1373.5 31 60 

B11 SWIR 1 1613.7 91 20 

B12 SWIR 2 2202.4 175 20 

  



radiometrically and geometrically corrected, using the “Sen2Cor” Algorithm (European Space 

Agency, 2022). 

3.3.4 Cloud Masking 

Removing cloud or cloud-shadow covered pixel from the images before the analysis is 

crucial for receiving clear and reliable observations. A common method for cloud masking in 

GEE is the use of the dataset "Cloud Score+ S2_HARMONIZED V1" (CS+) (Pasquarella et al., 

2023). CS + is derived from Sentinel-2 Level 1C data and provides a per-pixel probability score 

indicating the extent to which pixels are affected by clouds or cloud shadows. This score is 

generated using a machine learning model that considers factors such as image brightness and 

texture (Le Minh Hang et al., 2024). Le Minh Hang et al. (2024) evaluated several cloud 

masking methods using Sentinel-2 data and determined that applying a threshold of 0.6 on 

the cs-band of Cloud Score+ resulted in an accuracy of 91.5%, ranking it among the most 

effective cloud masking approaches (Le Minh Hang et al., 2024). Given that their study was 

conducted in a comparable seĴing, a lowland forest with high humidity and an average annual 

temperature of 25°C, the threshold was adopted for the present work. 

3.3.5 Vegetation Mask 

One of the most common indices used for vegetation mapping in remote sensing is the 

normalized difference vegetation index (NDVI). The NDVI works by the principle that 

vegetation has a high reflectance in the near infrared wavelength region and a low reflectance 

in the visible red wavelength region, making use of the contrast between these channels in 

vegetation (Wani et al., 2021). The NDVI will be used for vegetation masking by thresholding. 

To determine an appropriate threshold value the Otsu algorithm was used (Otsu, 1979). The 

Otsu algorithm is an automatic thresholding method that separates values into two distinct 

groups by testing every possible threshold value on its ability to generate groups, using the 

histogram. The algorithm is frequently used for image binarization (Otsu, 1979). The image 

processing in this step was carried out in a Jupyter notebook, with python and using the GEE 

API.  

The following steps were done iteratively for each year within the targeted time period. 

Only the agroforestry land cover type was considered, as the other land cover types were 
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intentionally drawn to avoid crossing non-vegetated areas. The Sen2_Harmonized image 

collection was first filtered spatially by the respective site boundaries and by the target year. 

The remaining images were then extended by adding an NDVI band and the CS+ band. Then, 

the median pixel values across all images of the respective year were calculated. These median 

pixel values were transformed into a histogram, which served as the basis of the Otsu 

algorithm. The Otsu algorithm proceeds as follows: First, the pixel count in each histogram 

bin is normalized by the total number of pixels, resulting in a probability value per bin. The 

cumulative sum of these probabilities is then computed, showing the likelihood of a pixel 

falling into a bin up to that target bin. Next, the cumulative average NDVI value for each bin 

is calculated by weighting bin values with their probabilities. Using these values and the 

overall mean NDVI, the algorithm computes the interclass variance for every possible bin, 

comparing two groups formed by the threshold (the central NDVI value of that bin). The bin 

with the highest interclass variance is selected as the optimal threshold (Otsu, 1979). 

From these yearly thresholds, the lowest value was chosen, NDVI=0.58 in 2020, for the 

reason that some of the agroforestry sample sites are still in the process of reforestation. A 

threshold values that is too high might exclude too much of that vegetation from the analysis. 

Also, the natural forest and oil-palm plantation sample sites were drawn specifically to not 

include other land cover. The corresponding histogram is shown in Figure 4. 

 

 

 

Figure 4 : Histogram of all mean NDVI values per pixel of the agroforestry sample plots in 2020. The red line 
indicates the threshold determined by the Otsu calculation at 0.58. 



3.4 Spectral Indices as Approximation for Canopy Functional Traits 

Plant traits can be grouped into several classes and types, such as morphological traits (e.g., 

leaf area) or physiological traits (e.g., chlorophyll content or leaf water content) or phenological 

traits (e.g., leaf senescence) among others (Rao et al., 2024). For satellite remote sensing canopy 

functional traits are the most relevant because they are visible to the spectral sensors. Besides 

canopy traits are important, as they form the main interface between forest and atmosphere 

and therefore are related closely to processes like transpiration or photosynthesis (Aguirre-

Gutiérrez et al., 2025).  

The following section presents the spectral indices selected to describe canopy functional 

traits and provides an overview of their use in the scientific literature. 

 

3.4.1 General Vegetation Indices 

 

The analysis will include some general vegetation indices, from now on called ‘greenness’ 

describing indices, to compare to the other trait describing indices, and the help to check if 

they are plausible. The used indices are summarized in Table 5. The NDVI, that was used for 

masking will be calculated, then the Optimized Soil Adjusted Vegetation Index (OSAVI), an 

alternative to the NDVI that intends to mitigate effects of soil that could introduce bias and 

also the Enhanced Vegetation Index (EVI). that is less prone to saturation in temperate and 

tropical forests. 𝑁𝐷𝑉𝐼 = 𝑅଼ସଶ − 𝑅଺଺ହ𝑅଼ସଶ + 𝑅଺଺ହ (3-1) 

 

Table 5: List of general vegetation indices that will be used in this analysis. 

Index Name Original Sources Formula 

Normalized Difference Vegetation 

Index (NDVI) 

(Kriegler, 1969) (Zhao et al., 2020) 

Optimized Soil-Adjusted 

Vegetation index (OSAVI) 

(Rondeaux et al., 1996) (Zhao et al., 2020) 

Enhanced Vegetation Index (EVI) (Huete et al., 2002) (Son et al., 2020) 
 



18 
 

𝑂𝑆𝐴𝑉𝐼 = (1 + 0.16) × 𝑅଻଼ଷ − 𝑅଺଺ହ𝑅଻଼ଷ + 𝑅଺଺ହ + 0.16 (3-2) 

 𝐸𝑉𝐼 = 2.5 × 𝑅଼ସଶ − 𝑅଺଺ହ𝑅଼ସଶ + (6 × 𝑅଺଺ହ) − (7.5 × 𝑅ସଽ଴) + 1 (3-3) 

 

3.4.2 Chlorophyll Content 

Chlorophyll is a green pigment and photoreceptor, usually siĴing in the leaves chloroplasts 

(Mielke et al., 2012). It is responsible for primary photosynthesis in plants, captures incoming 

light and is therefore a driver for carbon fixation. The amount of chlorophyll in vegetation is 

tightly related to important ecological variables and plant functional traits, like the 

photosynthetic capacity or primary productivity. Like with most pigments, variations in the 

amount of chlorophyll can give indications on overall plant health and on possible 

environmental stressors like drought, changes in nutrient availability, temperatures out of the 

normal range or other disturbances (Talebzadeh and Valeo, 2022). The distinctive reflectance 

spectrum of chlorophyll, renders it suitable for an analysis via spectral reflectance. This is also 

reflected by the extensive variety of existing spectral indices to estimate chlorophyll content. 

Chlorophyll absorbs light particularly in the blue and red region of the visible spectrum and 

has low light absorption in the NIR region (750-900nm). Other interesting features of the 

absorption spectrum are the so-called red- and green-edge regions: The red-edge region 

(~700nm) is mainly caused by chlorophyll-a and is characterized by a rapid change from high 

to low absorption and therefore very sensitive to changes in chlorophyll concentration. The 

green-edge region (~500-550nm) is close to an inflection point of the absorption spectrum as 

well, but influenced by both chlorophyll-a and chlorophyll-b, as well as by carotenoids (Kior 

et al., 2021). Huang et al. (2015) conducted a meta-analysis of 85 different studies to examine 

the predictive relationship between spectral data and chlorophyll concentration. The literature 

covered a variety of scales (leaf, canopy and landscape) and vegetations types. The analysis 

revealed that while chlorophyll-a, chlorophyll-b and total-chlorophyll could be reliably 

predicted at the level of individual leaves, predictions at the canopy level were only valid for 

total chlorophyll estimations. The authors recommend the use of wavelengths in the green 

(550-560nm) or the red-edge (680-750nm) region to estimate total chlorophyll content at 



canopy level (Huang et al., 2015). Additionally, Cui et al. (2019) discovered that the estimation 

of leaf chlorophyll content estimation in wheat with Sentinel-2 is improved when longer 

wavelengths of the red-edge bands are employed.  

There is a large variety of indices that aim to estimate chlorophyll content. The following 

table contains the chlorophyll describing indices tested in this work. 

 

 

The chlorophyll index red edge (Clred-edge) and the green chlorophyll index (Clgreen) were both 

defined in Clevers and Gitelson (2013) and initially used for the estimation of chlorophyll in 

grass and crops.  

 𝐶𝐼௥௘ௗି௘ௗ௚௘ = ൬𝑅଻଼ଷ𝑅଻଴ହ൰ − 1 (3-4) 

 𝐶𝐼௚௥௘௘௡ = ൬𝑅଻଼ଷ𝑅ହ଺଴൰ − 1 (3-5) 

 

Table 6: Indices considered for chlorophyll estimation with sources. 

Index Name Original Sources Formula 

Red-edge Chlorophyll Index (Clred-

edge) 

(Clevers and Gitelson, 

2013) 

(Clevers and 

Gitelson, 2013) 

Green Chlorophyll Index (Clgreen) (Clevers and Gitelson, 

2013) 

(Clevers and 

Gitelson, 2013) 

TCARI/OSAVI (Haboudane et al., 2002) (Clevers and 

Gitelson, 2013) 

MERIS Terrestrial Chlorophyll Index 

(MTCI) 

(Dash and Curran, 2004) (Clevers and 

Gitelson, 2013) 

Normalized Difference Red-Edge 1 

(NDRE1) 

(Gitelson and Merzlyak, 

1994) 

(Padalia et al., 2020) 

Normalized Difference Red-Edge 2 

(NDRE2) 

(Barnes, E. M. et al., 

2000) 

(Clevers and 

Gitelson, 2013) 

Simple Ration (SRR740/R705) (Padalia et al., 2020) (Padalia et al., 2020) 
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Both indices have the advantage of avoiding the saturation effect observed in traditional 

greenness indices such as the NDVI. Clred-edge uses the red-edge position and has been applied 

in a variety of scenarios, showing promising accuracy for the use in tropical seĴings on leaf 

and canopy levels (Mielke et al., 2012; Padalia et al., 2020). On the other hand, there seems to 

be limited research on the use of the Clgreen index for tropical seĴings. Zarco-Tajada et al. (2019) 

found that it has the most linear relationship to the chlorophyll concentration in a 

Mediterranean conifer forest, compared to indices relying more on red-edge regions.  

Three other frequently used indices are the modified chlorophyll absorption ratio index 

(MCARI) by Daughtry et al. (2000) and the transformed chlorophyll absorption ratio index 

(TCARI) by Haboudane et al. (2002). Both TCARI and MCARI rely on the same bands (if 

applied with Sentinel-2), but MCARI is influenced more by LAI, low chlorophyll and 

background reflectance. TCARI mitigates effects of nongreen biomass effects but is still 

sensitive to background reflectance. The ratio of TCARI/OSAVI was then introduced to 

retrieve accurate predictions of crop chlorophyll (Haboudane et al., 2002), by trying to 

minimize the effect of background reflectance on chlorophyll description. While the ratio 

TCARI/OSAVI was initially validated with crop data, Ferreira et al. (2018) compared the index 

to estimates derived from a 3D radiative transfer model. The results suggested that the index 

is valid for tropical seĴings, even though initially not developed for it (Ferreira et al., 2018). In 

this work a multispectral adaptation seen in Wang et al. (2022) will be used.  

 𝑇𝐶𝐴𝑅𝐼𝑂𝑆𝐴𝑉𝐼 =  3 ∗ ൫(𝑅଻ସ଴ −  𝑅଻଴ହ) −  0.2 ∗ (𝑅଻ସ଴ −  𝑅ହ଺଴) ∗ (𝑅଻ସ଴ −  𝑅଻଴ହ)൯ቆ(1 +  0.16) ∗ ቀ 𝑅଻ସ଴ −  𝑅଻଴ହ𝑅଻ସ଴ +  𝑅଻଴ହ +  0.16ቁቇ  (3-6) 

 

The ‘MERIS Terrestrial Chlorophyll Index’ (MTCI) has originally been developed for the 

Medium Resolution Imaging Spectrometer (MERIS) sensor, but can also be calculated using 

Sentinel-2, due to similar placement of their red-edge bands (Clevers and Gitelson, 2013). 

Studies have found that the MTCI performs well at estimating canopy chlorophyll content in 

agricultural seĴings (Clevers and Gitelson, 2013). Dash (2010) used MTCI (applied with METS) 

for a phenological analysis of Indian ecosystems, and found that METIS is a reliable tool for 

monitoring (chlorophyll-based) phenology in seasonal, tropical rainforests.  

 



𝑀𝑇𝐶𝐼 = 𝑅଻ସ଴ − 𝑅଻଴ହ𝑅଻଴ହ − 𝑅଺଺ହ (3-7) 

 

Two other widely applied chlorophyll estimation indices are the Normalized Difference 

Red Edge Indices NDRE1 and NDRE2. Gitelson and Merzlyak (1994) originally proposed 

NDRE1 as an index to estimate leaf level chlorophyll in chestnut and maple. NDRE2 was 

introduced in Barnes (2000) to asses canopy chlorophyll of coĴon crops. The difference 

between NDRE1 and NDRE2 is that NDRE2 generally uses red-edge bands, while NDRE1 

relies on one red-edge and one NIR band. NDRE1 seems to be used more often than NDRE2 

and has shown promising results in estimating canopy chlorophyll contents in various 

contexts. Kanu et al. (2025) found a linear relation between satellite-derived NDRE1 values 

and leaf chlorophyll content in a tropical partially evergreen forest in the Himalaya region. 

Similarly, Padalia et al. (2020) has identified NDRE1 as one of the most successful canopy 

chlorophyll estimators for tropical forest plantation in the sub-tropical part of North India.  

 𝑁𝐷𝑅𝐸1 = 𝑅଻ସ଴ − 𝑅଻଴ହ𝑅଻ସ଴ + 𝑅଻଴ହ (3-8) 

 𝑁𝐷𝑅𝐸2 = 𝑅଻଼ଷ − 𝑅଻଴ହ𝑅଻଼ଷ + 𝑅଻଴ହ (3-9) 

 

Padalia et al. (2020) also found a simple ratio among the most successful estimators, which 

was therefore included in this work as well.  

 𝑆𝑅଻ସ଴/଻଴ହ = 𝑅଻ସ଴𝑅଻଴ହ (3-10) 

3.4.3 Water Content 

Vegetation water content describes the amount of water in vegetation relative to its dry 

maĴer (Ievinsh, 2023). Water content of crops and agricultural vegetation has particularly been 

a primary focus, due to its importance in decision-making processes related to controlled 

irrigation and drought mitigation strategies (Cheng et al., 2008; Mirzaie et al., 2014; Wang et 

al., 2009).  



22 
 

Within the absorption spectrum of vegetation, the most important regions for estimating 

water content lie in the near- and shortwave-infrared wavelengths. More specifically, strong 

absorption features occur at 750-900nm, 1200nm, 1450nm and 1940nm (Kior et al., 2021). 

However, Sims & Gamon (2003) found that bands around 1450nm and 1940nm are not ideal 

for optical remote sensing applications, as solar irradiance is low at these wavelengths and 

atmospheric water vapor might interfere with reflected signals. They also mentioned that the 

950-970nm region may be compromised by atmospheric vapor. Instead, they recommended 

the use of wavelengths around 1150-1260nm or 1520-1540nm.  

 

 

Research that tries to validate vegetation canopy water indices seem to focus mostly on 

agricultural use cases. Most of the studies target sparse vegetation or crops (Colombo et al., 

2008; Varghese et al., 2021; Yilmaz et al., 2008). Nevertheless, most of the indices applied here 

have been used in tropical seĴings. A frequently used index is the Normalized Difference 

Water Index (NDWI). The index was introduced by Gao (1996) and has since then proven its 

usability in various contexts, also in tropical seĴings, for example to monitor drought paĴerns 

in seasonally dry tropical forests (Ferreira et al., 2024). While the original index uses a spectral 

band at 1240 nm (a wavelength that is not available from Sentinel-2 data), studies have 

replaced this band with the band at 1610 nm, what makes the index extremely similar to the 

Normalized Difference Infrared Index (NDII) (Gao, 1996; Helfenstein, 2024). 

Table 7: Indices used for canopy water estimation with sources. 

Index Name Original Sources Formula 

Normalized Difference Water Index 

(NDWI) 

(Gao, 1996) (Helfenstein, 

2024) 

Normalized Difference Infrared Index 

(NDII) 

(Hardisky et al., 

1983) 

(Zhou et al., 

2022) 

Moisture Stress Index (MSI) (Hunt and Rock, 

1989) 

(Doĵler et al., 

2015) 

Normalized Multi-Band Drought Index 

(NMDI) 

(Wang and Qu, 2007) (Cavalaris et al., 

2021) 
 



 𝑁𝐷𝑊𝐼 = 𝑅଼ସଶ − 𝑅ଵ଺ଵ଴𝑅଼ସଶ + 𝑅ଵ଺ଵ଴ (3-11) 

 

Yilmaz et al. (2008) found the NDII to be linearly related to canopy water content in a variety 

of vegetation types, which is supported by the findings from Zhou et al. (2022). 

 𝑁𝐷𝐼𝐼 = 𝑅଼଺ହ − 𝑅ଵ଺ଵ଴𝑅଼଺ହ + 𝑅ଵ଺ଵ଴ (3-12) 

 

The Moisture Stress Index (MSI) is another frequently applied index that has a linear 

relationship with vegetation water stress, thus exhibiting a negative linear relationship with 

vegetation water content (Colombo et al., 2008). In this work the inverted version will be used, 

such that the correlation with more canopy water is positive (Doĵler et al., 2015; Helfenstein, 

2024). 𝑀𝑆𝐼 = 𝑅଼ସଶ𝑅ଵ଺ଵ଴ (3-13) 

The Normalized Difference Multi-Band Drought Index was initially proposed by Wang and 

Qu (2007) to monitor soil and vegetation moisture. The index is only applicable for either bare 

soil or heavily vegetated areas (Leaf Area Index(LAI) greater than 2), as otherwise soil and 

vegetation moisture conditions mix and cannot be interpreted accurately. Otherwise, the index 

is similar to the NDWI and the NDII, where lower index values indicate less moisture. The 

NMDI has been primarily used as an indicator for evaluating fire risk, demonstrating effective 

performance in tropical seĴings (Oliveira Santos et al., 2021). 

 𝑁𝑀𝐷𝐼 = 𝑅଼ସଶ − (𝑅ଵ଺ଵ଴ − 𝑅ଶଵଽ଴)𝑅଼ସଶ + (𝑅ଵ଺ଵ଴ − 𝑅ଶଵଽ଴) (3-14) 

 

3.4.4 Other Pigments 

Anthocyanins and carotenoids are two of the most important plant pigments besides 

chlorophyll (Zhao et al., 2022). Carotenoids play an important role in photosynthesis, by being 

able to absorb additional light, especially at the blue-green wavelength regions that aren’t well 
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absorbed by chlorophyll (Hashimoto et al., 2016; Mielke et al., 2012). The yellow, orange or red 

pigment also protects leaves from damage by solar radiation by passing excess energy to the 

xanthophyll cycle, from where it is released as heat (Nunes et al., 2019). Similar to Carotenoids, 

Anthocyanins’ most important function is their role as photoprotector in foliage. The plant 

pigment, which usually gives red, blueish or violet hues to plants, is produced mostly in 

response to stressors like drought or low temperature stress or during the stage of early leaf 

development (Li and Ahammed, 2023; Papes et al., 2013). Anthocyanins show an absorption 

peak at around 550nm (Papes et al., 2013).  

 

 

Two known indices for anthocyanin estimation are the Anthocyanin Reflectance Index 1 

and the Modified Anthocyanin Reflectance Index (mARI) (Gitelson et al., 2006, 2001). Both 

indices were used in several studies, for agricultural seĴings or for monitoring of forest health 

(Bayle et al., 2019; Bayona et al., 2018; Gupta and Pandey, 2021; Lee et al., 2023). Gitelson et al. 

(2006) tested mARI on dogwood and maple, and found the index to account for 93% of 

anthocyanin variation. The paper mentions that the choice of wavelength may have to be 

adjusted to the respective species. No paper was found that validates either of the indices for 

a seĴing as the one in this work. The modified version of ARI1 was proposed to minimize the 

Table 8: Indices considered for pigment description with sources. 

Index Name Original Sources Formula 

Anthocyanin Reflectance Index (ARI1) (Gitelson et al., 2001) (Helfenstein, 

2024) 

Modified Anthocyanin Reflectance Index 

(mARI) 

(Gitelson et al., 2006) (Helfenstein, 

2024) 

Carotenoid Reflectance Index 550 (CRI550) (Gitelson et al., 2007) (Montes-

Bojórquez et al., 

2025) 

Plant Senescence Reflectance Index 

(PSRI) 

(Merzlyak et al., 

1999) 

(Cohen et al., 

2024) 
 



impact of leaf thickness and density, but Bayle et al. (2019) found that there is no real difference 

between the two indices.  

 𝐴𝑅𝐼1 = 1𝑅ହ଺଴ − 1𝑅଻଴ହ (3-15) 

 𝑚𝐴𝑅𝐼 = 𝑅଻଼ଷ ൬ 1𝑅ହ଺଴ − 1𝑅଻଴ହ൰ (3-16) 

 

The Carotenoid Reflectance Index (CRI1) was introduced by Gitelson et al. (2007), on the 

example of maple, chestnut and beech. The authors found that, just as chlorophyll, the 

carotenoid content was closely related to reflectance at around 550nm. To remove the effect of 

chlorophyll, a band between at either 550 nm or 700 nm has to be used, which is proportional 

to the chlorophyll content (Gitelson et al., 2007). Montes-Bojórquez et al. (2025) tested several 

configurations of the CRI1, by comparing it to simulated data across a variety of landscapes. 

Therefore, this work will use CRI1 with the band at 560nm, that performed best in their study, 

especially under conditions with a high LAI . 

 𝐶𝑅𝐼1 = 1𝑅ସଽ଴ − 1𝑅ହ଺଴ (3-17) 

 

The Plant Senescence Reflectance Index (PSRI) was introduced by Merzlyak et al. (1999) and 

is sensitive to the carotenoid/chlorophyl ratio. It can be used as a quantitative measure of leaf 

senescence, where higher values typically indicate higher stress level or more aging vegetation 

(Merzlyak et al., 1999). While research on the accuracy of PSRI in tropical environments seems 

limited, the index has successfully been used to monitor the rehabilitation processes of 

degraded forests in the Mediterranean and Türkiye (Çinar et al., 2025; Cohen et al., 2024).  

 𝑃𝑆𝑅𝐼 = 𝑅଺଺ହ − 𝑅ସଽ଴𝑅଻ସ଴  (3-18) 
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3.4.5 Leaf Area Index 

The LAI is a measurement describing how much leaf surface interacts with light. It 

describes the total one-sided leaf area per unit ground area and is essential for primary 

productivity, influences a canopies water household and therefore biochemical and ecological 

functioning. Calculating the LAI from multispectral sensory like Sentinel-2 is mostly done 

with physical models, as empirical approaches such as indices are region specific or tend to 

have a saturation problem. PasqualoĴo et al. (2019) introduced the Sentinel-2 LAI Index (SeLI), 

which was tested with a variety of different crop types and seems stable up to an LAI of 5.  

 𝑆𝑒𝐿𝐼 = 𝑅଼଺ହ − 𝑅଻଴ହ𝑅଼଺ହ + 𝑅଻଴ହ (3-19) 

 

3.4.6 Functional Diversity Metrics 

In this study, FRic and FDiv were calculated as seen in Helfenstein et al. (2022). As described 

in the introduction, FRic represents the volume of the convex hull that encloses all pixels in a 

trait space. Higher FRic values indicate that a community or sample site occupies a larger 

portion of trait space, suggesting a greater range of ecological strategies or functions 

(Schneider et al., 2017). FRic was calculated here using the ConvexHull function from the SciPy 

package. Functional divergence (FDiv), in contrast, reflects how trait values (or in this case, 

index values) are distributed relative to the center of gravity of the trait space. High FDiv 

values indicate that trait values cluster toward the edges of the occupied trait space, suggesting 

greater niche differentiation, whereas low values indicate clustering near the center. FDiv was 

calculated as the mean distance of all pixels to the center of gravity of the trait space (Schneider 

et al., 2017). 

 



3.5 Data Processing 

3.5.1 Observation Frequency 

Determining the frequency for computing indices is essential. For reforestation monitoring, 

tracking only a few times per year may be enough. However, seasonality can affect results. 

Therefore, the choice was made to use one image per month. To select the best image each 

month, images were filtered by a cloud score threshold median of 0.6 and only images with a 

median CS+ above this threshold were kept. From the remaining images, the one with the 

smallest CS+ median was chosen. Similar approaches have been employed in other studies 

focused on forest monitoring (Van Passel et al., 2020).  

3.5.2 Processing Pipeline for Index Calculation 

A processing pipeline was established. The pipeline iterates over each sample site polygon, 

and within each polygon, processes every year and month specified for analysis. The 

Sen2_Harmonized image collection is filtered by year and month, then enhanced by adding 

NDVI and CS+ bands. Images with a polygon-level median CS+ value below 0.6 are excluded 

to ensure data quality. The filtered collection is sorted by median CS+, to then select the image 

with the lowest cloud cover for further processing. This selected image is clipped to the 

polygon boundaries and calibrated by scaling digital number (DN) values to reflectance by 

division through 10,000. All spectral indices are calculated at the spatial resolution 

corresponding to the coarsest band involved (NDVI, EVI, CRI1 at 10m, the rest at 20m). At last, 

the mean index values per polygon are extracted and stored in a table, alongside essential 

metadata such as the count of masked pixels and image identifiers.. This table then served as 

a base for generating plots and statistically evaluating the results. A schematic representation 

of the pipeline is depicted in Appendix (see Figure A. 2). 

 

3.5.3 Processing Pipeline for Retrieving Functional Diversity Metrics 

Images resulting from the steps in section 3.5.2 were processed further to retrieve the 

functional diversity metrics. For three selected spectral indices, all scenes were iterated over 

and every pixel value was extracted from the respective band in order to obtain global 
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minimum and maximum values for each index. These per-index minimum and maximum 

values were then used to normalize each band to a range between 0 and 1 (Hauser et al., 2022).  

Outlier removal was necessary before computing the metrics as especially FRic is very 

sensitive to outliers (Helfenstein, 2024). Removing a fixed percentage of values per sample site 

was not practical, as many sites are only 1.1 ha in size, what is the minimum needed for 

functional diversity calculations and this would have led to a high loss of scenes therefore. The 

Mahalanobis distance was applied as a statistical outlier detection method (McLachlan, 1999). 

It assumes normal distribution of datapoints, calculates the values for 5% quantile outliers 

(two-tailed) and removes datapoints of that value if present in the pixel set. This method is not 

ideal since the pixel values are probably not normally distributed. However, comparing the 

results to the same results calculated without outlier removal indicates that the method seems 

to at least reduce some extreme values. 

After this step both functional diversity metrics were calculated. The results were extracted 

and saved to a table. The pipeline is depicted schematically in the Appendix (Figure A. 2). 

 

3.5.4 Statistical Evaluation 

The retrieved results were statistically evaluated. For relations between categorical and 

numerical variables (e.g., land cover type and index values) the Kruskal-Wallis test was used, 

as conditions for an ANOVA weren’t met. For correlations the Pearson correlation was used. 

Both, the Pearson correlation and the Kruskal-Wallis test were calculated with the SciPy 

python package (Virtanen et al., 2020). 

 



4  Results 

4.1 Cloud Masking  

An evaluation of the overall results show that a total of 1610 scenes were analyzed, that is 

a median of 35 scenes per sample site over the whole timespan, so more than 5 images per 

year. Table 9 shows the precise number of scenes and median scenes per site. If this work 

would have only used cloud-free images (assumption of a cloudy pixel percentage of less or 

equal to 10 of the whole sentinel-2 image), this would have only resulted in about 6 scenes per 

sample site over the whole timespan. 

In Figure 5, the process of selecting images is presented visually, at the example of one 

sample site. Each point represents one available Sentinel-2 image for the here chosen sample 

site (ID = 111). The line shows the selected CS+ median of 0.6. Red points indicate the images 

chosen for the final analysis. It can be seen that in some months, several images were available 

from which the best one was selected. In other months there were no images available at all. It 

also shows that the number of available images varies strongly between the years, ranging 

from only 4 images in 2019 and 2022 to as many as 9 images in both 2020 and 2021. The 

available images were also examined by their cloud cover percentage (an aĴribute of Sentinel-

2 images). In Figure A. 3: Sentine-2 images with their respective cloud cover percentage over 

the whole timespan of analysis that overlap with the sample sites. All sample sites were 

considered for this plot.Figure A. 3 (in the Appendix) all the available images across the entire 

time span and the entire study area (if there was more than one per date, the one with the 

lowest cloud cover was used) were used to calculate the rolling mean of the cloud-cover 

percentage are shown. It is evident that several images are almost completely cloud-covered, 

while few have liĴle to no cloud cover at all. The spread of cloud-cover values appears larger 

Table 9: Number of scenes that were used for calculating the VI’s. 

Land Cover Type Total Scenes Median N of Scenes per Site 

Forest (n=15) 514 34 

Agroforestry (n=16) 590 36 

Palm Plantation (n=15) 506 34 
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from June to September. From April to October, more images have a lower cloud-cover 

percentage. This paĴern is also reflected in the rolling mean, which shows an annual cycle 

with lower cloud coverage between July and September. Peak cloud cover tends to occur 

between March and April and again around December, although the exact timing of minimal 

and maximal cloud cover shifts somewhat from year to year. In 2020 and 2023, a small local 

maximum appears during a period that typically shows the lowest cloud cover (August to 

September). 



 

 

Figure 5: Visual example of how cloud masking influenced the choice of images that were processed further in 
the analysis.   
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4.2 Spectral Indices as Approximation for Functional Traits 

The resulting 1610 scenes were analyzed by extracting the mean value of each index over 

the whole scene.  

4.2.1 Performance and Comparison of Spectral Indices 

At first the results regarding how index values performed and how they related to the land 

cover categories are presented. Only a selection of boxplots will be provided here, the rest can 

be found in the Appendix (Figure A. 4 - Figure A. 7). The boxplots in Figure 6 present the 

results of the NDVI and the NDRE2 over all years, shown separately for the three analyzed 

land cover types. The overall paĴern across land cover classes remains consistent for all 

greenness and chlorophyll describing indices. Agroforestry sites generally exhibit lower index 

values compared to natural forests and oil-palm plantation sites. Forest areas tend to show 

slightly lower mean values for most indices than palm plantations. Regarding variability, oil-

palm plantation sites displays a broader range of values for all indices except EVI and 

TCARI/OSAVI compared to the other two land cover types. When comparing the indices  

calculated at the 10 m scale (NDVI and EVI) to those at 20m scale there is no difference in the 

range of values relative to the other indices. 

 

 
Figure 6 : Boxplots of NDVI and NDRE2. 



The boxplots of water indices show a high consistency in the differences observed between 

land-use types (see Figure 7 and Figure A. 6: : Boxplots of NDWI and NMDI. While 

chlorophyll-related indices are higher in palm plantations compared to forests, this trend 

reverses for the water indices. Agroforestry sites consistently show the lowest canopy water 

content as indicated by the selected indices. Data points for these indices are more compact 

and show less variability overall. NDWI and NDII exhibit nearly identical paĴerns in the 

boxplots. Even if the range of values across indices is generally similar, the MSI displays a 

slightly broader range, particularly in forested land cover areas. The value ranges for the other 

two land-use types closely resemble those seen for the NMDI. Notably, there are some quite 

pronounced outliers toward the lower range for all indices in the palm plantations. 

 

Figure 8 and Figure A. 7 presents the indices related to pigments. Both ARI indices (ARI1 

and mARI) show very similar values, with higher anthocyanin content detected in forests and 

palm plantations compared to agroforestry sites. The range of values is slightly broader for 

mARI than for ARI1. On the other hand, both ARI1 and mARI indices appear unreliable when 

compared to literature values, suggesting that the data may not be valid for use (Gitelson et 

al., 2009). The CRI1 index exhibits notable high-value outliers in the forest category, causing a 

noticeable spread in the boxplots upper quantile. The PSRI index displays a higher mean value 

in agroforestry compared to forests and palm plantations, accompanied by considerable 

variability. Despite having a lower mean than agroforestry, palm plantations exhibit upper 

 

 
Figure 7 : Boxplots of NDII and MSI 
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outliers comparable to those of agroforestry. In contrast to palm plantations, forests tend to 

show more outliers on the lower end of the value range. 

 

The correlation matrix of the tested indices gives more detailed insights into how the 

individual indices behave. The matrix is shown in Figure 9. At first glance, it becomes clear 

that most indices correlate well with the other indices within the same category. Within the 

greenness indices, EVI stands out with a remarkably low correlation to NDVI, while OSAVI 

and NDVI have  a strong relationship. When comparing the greenness indices to other index 

categories, one can see that this paĴern is consistent. EVI generally correlates less to all other 

indices than the NDVI. Within the chlorophyll indices most noticeable are Clgreen, MTCI and 

especially TCARI/OSAVI. TCARI/OSAVI even shows a negative correlation with the other 

chlorophyll indices what suggest that it may not have given reliable results. All the other 

indices show a very strong relation to each other, with NDRE2 and SeLI even having a perfect 

correlation (r=1). Similarly, the canopy water describing indices also exhibit a strong 

correlation among each other. The perfect correlation between NDWI and NDII is not 

surprising due to their almost identical band combinations. NDMI deviates the most, which is 

explainable by it being the only index that incorporates the second SWIR band. The pigment 

estimating indices show a mixed paĴern. ARI1, mARI and CRI1 correlate surprisingly well. 

PSRI on the other hand, only correlates weakly with CRI1, even though both indices should 

 

 
Figure 8 : Boxplots of CRI and PSRI 



somehow correlate to carotenoid content. Considering the large CRI1 outliers visible in the 

boxplots, this suggests that CRI1 may not be providing reliable values.  

 

 

4.2.2 Land-Use PaĴerns of Spectral Indices 

The indices were tested on their relationship to the land cover type using a Kruskal-Wallis 

test. All the indices showed statistically significant relationships with the land-use types 

(p<0.05). Table 10 shows the p-values per index.  

 

 

Figure 9 : Correlation matrix between all calculated spectral indices. 
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In Figure 10, the indices are ordered according to their statistical significance. The x-axis 

represents the -log10 transformation of the p-values obtained from the Kruskal-Wallis test. 

This logarithmic transformation was applied to be able to beĴer differentiate between the 

values, as the raw p-values are all very small. It shows that the significance of the test results 

is strongly influenced by the category of the respective indices. The four most significant 

indices are those estimating water content, followed by all chlorophyll-related indices. Lastly, 

Table 10 Indices with their respective categories and the p-values from the Kruskal-Wallis tests on the 
relationship of the index values with the land-cover type are shown.  

Index Name Category Kruskal H-value Kruskal p-value 

NDII Water 1078.4 6.87E-235 

NDWI Water 1066.3 2.82E-232 

MSI Water 1065.9 3.46E-232 

NMDI Water 869.6 1.51E-189 

NDRE2 Chlorophyll 756.1 6.45E-165 

SELi Structure 754.2 1.71E-164 

MTCI Chlorophyll 750.9 8.67E-164 

CLred-edge Chlorophyll 746.6 7.67E-163 

NDRE2 Chlorophyll 679.6 2.62E-148 

SR Chlorophyll 668.7 6.28E-146 

NDVI Greenness 536.1 3.77E-117 

Clgreen Chlorophyll 486.6 2.22E-106 

TCARI/OSAVI Chlorophyll 422.5 1.79E-92 

PSRI Pigment 389.1 3.17E-85 

OSAVI Greenness 364.6 6.57E-80 

ARI1 Pigment 197.4 1.34E-43 

mARI Pigment 178.4 1.82E-39 

EVI Greenness 177.8 2.49E-39 

CRI1 Pigment 65.3 6.73E-15 
 



the pigment-related indices generally show lower significance. Notably, OSAVI and EVI rank 

among the least significant indices. 

 

4.2.3 Time Series Analysis of Spectral Indices 

The time series of the calculated indices were analyzed collectively to observe how each 

index developed over time and to assess whether the land-use types differed in their temporal 

paĴerns or overall values. Due to the large number of indices, only those showing the most 

significant differences between land-use types, as indicated in, are presented here. The rest of 

the time series will just be described. 

 

 

Figure 10 : Bar plot ranking the indices according to the significance of the Kruskal-Wallis test results. The x-axis 
shows the -log10 transformation of the raw p-values obtained from the Kruskal-Wallis test. This transformation 
was applied because the raw p-values are very small and tend to cluster, making it difficult to distinguish 
differences without scaling. 
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For the NDVI (see Figure 11), the retrieved values range from 0.6 (with the forest mask 

value at 0.58) up to 0.92. None of the time series plots show a clear upward or downward trend 

over the observed period, appearing relatively stable. There is a visible paĴern where higher 

values tend to occur around mid-year (approximately July). This mid-year peak is particularly 

evident in the forest and palm plantation categories during 2020 and 2024, but less so in 2021 

and 2022. A pronounced downward spike appears shortly before 2023 and 2024. The spread 

of values, represented by the 25th and 75th quantiles, varies over time: the forest category 

 

 

Figure 11 : Time series of NDVI values over the entire observed period. Points represent individual observations, 
while the line shows the Gaussian-smoothed median calculated with a 90-day window. The semi-transparent 
colored bands illustrate the spread between the 25th and 75th quantiles.. 



shows noticeably larger quantile ranges in winter 2021 and 2024, which is partially reflected 

in the palm plantations as well. The agroforestry time series exhibits a more regular and 

consistent spread of values throughout the year, with no apparent difference in spread 

between early and mid-year. The NDRE2 values (shown in Figure 12) range from a minimum 

of 0.35 to a maximum of 0.71. The time series does not exhibit any clear trend over the observed 

period. Seasonality, which is prominent in the NDVI time series, is less pronounced in NDRE2 

but still noticeable. Local maxima appear around mid-year in 2020 and 2022 for the palm 

plantation land-use category, while local minima occur at the beginning of 2021 and 2024.  

 

Notably, the seasonality is barely visible in the forest category, where the time series 

appears relatively stable. However, the most prominent outliers occur toward the end of the 

years. This stability corresponds with the narrow quantile range observed in the forest plots, 

in contrast to the palm plantations, which display a wider spread of values. The agroforestry 

time series falls between forest and palm plantation categories in terms of quantile spread. 

Outliers in the palm plantation category are mostly skewed toward lower values, while they 

are distributed more regularly around the mean for the agroforestry sample sites. Figure 13 

shows the NDII time series. With a minimum of -0.027 (an erroneous value) and a maximum 

of 0.56. Just as the other reviewed indices there is no clear trend visible, and here the perceived 

seasonality also seems to be less prominent. While the values for the forest land-use type are 

very consistent, both the agroforestry sample sites and the palm plantation sample sites mostly 

exhibit NDII value outliers to the lower end of the scale. The quantile range seems to be 

smallest for the natural forest sample sites. 
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 land-use type again. Finally, the time series of the PSRI is discussed (see Figure 14). Values 

range from -0.099 to 0.11, and no overall trend is apparent. Compared to NDII, the seasonality 

observed in NDVI and NDRE2 is visible again in PSRI, particularly with local maxima around 

2020 and 2022 and a dip in 2024. This dip is accompanied by a slight increase in the quantile 

range. Otherwise, the quantile spread remains similar across years and land-use types. Again, 

an overall trend is not visible. But compared to the NDII the seasonality observed in the NDVI 

and the NDRE2 is visible again. Especially the local maxima 

 

 

Figure 12 : Time series of NDRE2 values over the entire observed period. Points represent individual observations, 
while the line shows the Gaussian-smoothed median calculated with a 90-day window. The semi-transparent 
colored bands illustrate the spread between the 25th and 75th quantiles. 



in 2020 and 2022 and the dip in 2024, where also the range of the quantiles becomes a bit lager. 

The range of the quantiles is similar for all the years and land-use type otherwise. 

 

The difference between wet and dry season was examined. As already mentioned, the dry 

season was defined as May to October and the wet season as November to April, for simplicity. 

A total of 1051 scenes analyzed were during the dry season, compared to only 559 scenes for  

 

 

Figure 13 : Time series of NDII values over the entire observed period. Points represent individual observations, 
while the line shows the Gaussian-smoothed median calculated with a 90-day window. The semi-transparent 
colored bands illustrate the spread between the 25th and 75th quantiles. 
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 the wet season. A Kruskal-Wallis test was applied to assess whether the relationship 

between season and index values was significant. The results revealed that this relationship 

indeed is significant for 15 out of 19 indices. Three out of the four indices showing no seasonal 

relationship were  water describing indices, the NDWI, NDII and MSI. The remaining index 

without a seasonal relationship was the chlorophyll estimating MTCI. Although the NDMI 

and OSAVI indices showed a significant seasonal relationship, the p-value was higher than 

those of the other indices with a significant relationship. The indices and their statistical values 

 

 

Figure 14 : Time series of PSRI values over the entire observed period. Points represent individual observations, 
while the line shows the Gaussian-smoothed median calculated with a 90-day window. The semi-transparent 
colored bands illustrate the spread between the 25th and 75th quantiles. 



are shown in Table 11. Besides looking at the relationship between index values and season, 

the correlation between CS+ median within the sample site and index values was assessed as 

well. The results are displayed in Table A. 1 in the appendix. The correlation showed to be 

significant for all indices except MSI and MTCI. Pearson r values range from 0.062 to 0.548. 

Seven indices show a Pearson r of over 0.3, the rest has a lower value. 

 

 

  

Table 11 Indices with their respective categories and the p-values from the Kruskal-Wallis test on the 
relationship of the index values with the season are shown.. The degree of freedom is 1. 

Index Name Category Kruskal H-value Kruskal p-value 

CRI1 Pigments 236.7 2.07E-53 

ARI1 Pigments 210.8 9.18E-48 

mARI Pigments 199.3 2.91E-45 

Clgreen Chlorophyll 94.4 2.54E-22 

NDVI Greenness 80.9 2.38E-19 

PSRI Chlorophyll 69.8 6.45E-17 

TCARI/OSAVI Chlorophyll 46.4 9.41E-12 

NMDI Water 28.5 9.23E-08 

SR Chlorophyll 28.3 1.03E-07 

NDRE1 Chlorophyll 27.1 1.90E-07 

SELi Structure 20.1 7.31E-06 

OSAVI Greenness 19.6 9.48E-06 

Clred_edge Chlorophyll 18.8 1.33E-05 

EVI Greenness 18.8 1.40E-05 

NDRE2 Chlorophyll 18.1 2.06E-05 

NDII Water 3.1 0.08 

NDWI Water 2.8 0.09 

MSI Water 2.6 0.10 

MTCI Chlorophyll 1.2 0.28 
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4.3 Functional Diversity Metrics 

According to the results presented in section 4.2 the indices NDRE2, NDII and PSRI were 

selected for calculating the functional diversity metrics. This decision was based on how well 

they differentiated between the land cover types (Figure 10) and because all three showed a 

weak significance with cloud cover compared to other indices in their category.  

After removal of scenes that had less than 28 pixel, the dataset contained 239 agroforestry 

scenes, 333 forest scenes and 278 palm plantation scenes that were used for the evaluation and 

statistical testing of the diversity metrics. 

4.3.1 Land-Use PaĴerns of Functional Diversity Metrics 

Table 12 shows the standard statistical values for FRic. It is noticeable on first glance that 

there is a huge difference in median and mean of FRic between the agroforestry scenes and the 

forest and palm plantation scenes. This is also why the axis of the following plots are not 

aligned between the agroforestry scenes and the forest and palm plantation scenes. 

 

 

 

Table 12 Mean, median and standard deviation (Std) of FRic values calculated from all scenes that had more 
than 27 pixels and scaling the results by 1000 for beĴer readability. 

Land Cover Type Mean Median Std 

Forest 0.276 0.197 0.267 

Agroforestry 1.725 1.149 1.603 

Palm Plantation 0.347 0.302 0.281 

  

Table 13 Mean, median and std of FDiv values calculated from all scenes that had more than 27 pixel. 

Land-Use Type Mean Median Std 

Forest 0.734 0.734 0.032 

Agroforestry 0.694 0.693 0.034 

Palm Plantation 0.710 0.711 0.030 

  



The FRic values (both mean and median) of the agroforestry sample sites are notably higher 

than those of the forest and palm plantation sites. Also striking is the large gap between the 

median and mean, as well as the high standard deviation. Palm plantation sites show the 

second-highest FRic values, with only a small difference between mean and median. In 

contrast, the forest sites again display a larger discrepancy between these metrics. The FDiv 

results (see Table 13) are much more balanced across land-use types, with mean and median 

being almost identical. Forest sites show the highest FDiv values, followed by the palm 

plantation plots, while agroforestry sites exhibit the lowest values. The standard deviation is 

almost identical for each of the land-use types.  

 

 

The FRic values can be examined in more detail in Figure 15. FRic values were scaled by a 

factor of 1000 for this plot and all following ones displaying FRic, as it makes the values easier 

to interpret. This needs to be kept in mind, especially when comparing things like value ranges 

. Besides the already described mean, the boxplots give additional information about the 

spread of the data. The interquartile range is shortest for the forest land-use type, followed by 

the palm plantations. Agroforestry sites show a much larger spread, especially in comparison  

 

 

Figure 15 : Boxplots of FRic values by land cover type. The values are scaled by 103 in order to make the otherwise 
very small values easier to interpret. The x-axis of the boxplots of the forest land-use type and the palm plantation 
land-use type were adjusted to each other, while the agroforestry land-use type has its own scale, due to the large 
difference in value range. 



46 
 

to the other two land-use types. It is very noticeable that the values tend to spread further 

towards the upper range of the data, what is reflected in the larger box size of the third quartile 

in both the forest and agroforestry boxplots. The palm plantation quantile appears more 

balanced, although the overall data range shows a tendency towards outliers in the upper 

values range as well. All this indicate that the value distribution is skewed. The FDiv values 

(see Figure 16) appear much more balanced, with values lying all in a similar range. The forest 

land-use type has the highest FDiv mean, followed by the palm plantations and then the 

agroforestry sites. The interquartile range is more balanced and toughly the same size for 

forest and agroforestry sites, while palm plantations show a smaller interquartile range. 

Regarding the overall value spread, the distributions appear more regular and also less 

skewed. The forest sites show a smaller range of values than agroforestry and palm plantations 

sites, while the laĴer two have a similar range.  

The relationship between the land-use types and the FRic and FDiv values was tested. Both 

functional diversity metrics were found to be significantly related to the land cover type when 

testing with Kruskal-Wallis. FRic had an H-value of 379.6 with a p-value of 3.81e-83 and FDiv 

had an H-value of 173.5 with a p-value of 2.11e-32. Compared to a degree of freedom of 2 the 

results are unambiguous. 

 

 

 
Figure 16 : Boxplots of FDiv values by land cover type. 



4.3.2 Time Series of Functional Diversity Metrics 

 

Figure 17 shows the functional richness time-series values for all land-cover classes, scaled 

by 1000 for beĴer readability. Similar to the boxplot statistics, the large differences in value 

 

 

Figure 17 : Functional Richness time series with a 120d rolling median. Functional richness values are scaled by 
1000, as the normal values are very small. 
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ranges across land-cover types are striking, and all classes show a broad overall spread. 

Ignoring the absolute ranges, on can see that the time series for the forest and palm-plantation 

land-use types are much flaĴer than those of agroforestry. The forest land-cover type has some 

extreme outliers in 2023, palm plantations in 2020 and 2024 and agroforestry in 2021 and 2024.  

 

No seasonality is visible for any of the land-cover types. This is likely due to the small 

number of datapoints, especially in the wet season. No meaningful trend can be identified for 

any of the land-cover types. While fluctuations occur, they are not consistent across categories. 

For example, in the last third of 2020, both forest and agroforestry show an increase in 

functional richness, whereas palm plantations exhibit a drop. Moreover, the interpretation is 

complicated by the fact that the rolling median cannot be calculated during several periods, 

making it potentially misleading in those sections. Overall, the data contain considerable noise 

due to the wide spread and irregular of values.  

 

The time series of FDiv appears much more even compared to FRic. As already indicated 

by the boxplots, the value ranges are similar across all land-cover types. Forest show the 

highest FDiv values and agroforestry the lowest. The ranges also seem more consistent than 

those of FRic, particularly for the forest plots. One noticeable exception is an outlier in mid-

2021 in the oil-palm-plantation plots. In the agroforestry plots, the range appears to increase 

from year to year, with the upper-value outliers in particular showing an almost continuous 

upward trend. As with FRic, no clear trend can be identified overall, which may again be due 

to noise and the messy structure of the data. There is also no distinct seasonality, although 

some paĴerns give the impression that it might be present, especially when looking at the 

forest and palm plantation time series. However, these paĴerns are unintuitive: they do not 

align with the wet or dry season and even appear inverted between forest and palm plantation 

plots. For example, there is a local minimum at the beginning of 2021 in the forest data, while 

the palm plantation data shows a local maximum at the same time. Although fluctuations in 

range are present, the FDiv time series appears more stable than the FRic series. In the forest 

plots, outliers seem to be distributed more or less evenly around the median, while the 

agroforestry plots, outliers are clearly concentrated towards the upper end of the value range. 

The difference between the wet and dry seasons was also examined statistically for the 



functional diversity metrics. Again, the Kruskal-Wallis test was used. The p-value for FRic is 

p=0.024, with an H-value of 5.73 and for FDiv the p-value p=0.255 with an H-value of 1.29, 

compared to a degree of freedom of 1. Therefore, only FRic shows a statistically significant 

relationship with the season. 

 

 

  

 

 
Figure 18 : Functional Divergence time series with a 120d rolling median 
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5 Discussion 

5.1 Cloud Masking 

A frequently discussed key limitation of remote sensing for tropical regions is the high 

amount of cloud cover that poses challenges as it leads to a limited amount of usable satellite 

scenes (Mederer et al., 2025). In this study however, the cloud-free data availability per sample 

site could be increased by cloud masking. This results in having more datapoints across the 

analyzed timespan and consequently a beĴer temporal coverage. This also allowed to see 

seasonal paĴerns in the tested spectral indices.  

When cloud-cover paĴerns, a clear annual cycle becomes apparent, as previously shown in 

section 4.1 and as illustrated in Figure A. 3. Peak cloud cover typically occurs between January 

and April, whereas the lower levels are observed between June and November. This paĴern 

aligns broadly with the regional wet-dry monsoon dynamics. The correlations between the 

CS+ medians of polygons and the various spectral indices provide another insight in this 

regard. All indices, except for EVI, MSI, NDII, NDWI NMDI and TCARI/OSAVI (so foremost 

water describing indices), showed a rather weak (a Pearson r < 0.3) to moderate (Pearson r <0.6) 

correlation with cloud cover. While this could just be related to the seasonality it might also 

suggest that there could be a bias in index behavior introduced by cloud cover residues. 

Distinguishing between these two sources of variability is an open question, but important to 

understand.  

Therefore the next point to discuss is the choice of the CS+ threshold of 0.6 for cloud 

masking. While the CS+ layer is known for a high accuracy, even small misclassifications or 

choosing the threshold value too low might have interfered with the index calculations. 

Choosing a more conservative threshold, or another cloud masking strategy needs to be 

considered for future works 



5.2 Vegetation Indices as Approximation for Functional Traits 

5.2.1 Performance and Comparison of Indices  

The correlations among the selected indices, presented in section 4.2.1, provide important 

insights into their performance and suitability for this study. Overall, most indices behaved as 

expected, though not all. Within the greenness-index group, the weak correlation between EVI 

and NDVI is unexpected. In principle, EVI should reduce the influence of soil background and 

mitigate NDVI’s tendency to saturate in dense vegetation canopies. However, EVI also showed 

lower correlations with several chlorophyll-related indices. This paĴern may indicate that, 

under the conditions of this study area, NDVI captures vegetation variation more consistently 

than EVI. Within the chlorophyll and structure-related indices, TCARI/OSAVI appears as a 

clear outlier, showing weak and even negative correlations with all other chlorophyll indices. 

Besides TCARI/OSAVI, the remaining chlorophyll indices show very high intercorrelations. 

CLgreen and MTCI correlate less strongly with the others, likely due to their incorporation of 

additional spectral bands.  

 

The water-related indices show near-perfect correlations with one another, which is 

unsurprising given that they are mostly based on the same combinations of bands. The only 

exception is NMDI, which differs probably because it, as the only index, incorporates the 

SWIR2 band. Interestingly, NMDI was also the only water index showing a relationship with 

the wet and dry season. As discussed in section 3.4.3, wavelengths around 1940 nm are more 

sensitive to atmospheric water vapor absorption due to low solar irradiance (Sims and Gamon, 

2003). The broad 175 nm bandwidth of the corresponding Sentinel-2 band may reduce the 

reliability of this index further. These considerations could explain why NMDI behaves 

differently from the other water indices, although without validation data this remains 

speculative.  

 

The pigment indices were the most inconsistent group. According to literature expectations, 

both ARI1 and mARI produced values that appear unreliable (Gitelson et al., 2009). The 

underlying reasons remain unclear. Both indices correlate strongly with CRI1, which itself 

seems to perform more reliably overall. PSRI showed an inverse relationship with most other 
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indices, which is consistent with its interpretation: lower PSRI values generally indicate less 

leaf aging and therefore healthier vegetation (Merzlyak et al., 1999). However, the relatively 

weak relationship between CRI1 and PSRI is surprising, given that both indices should at least 

partially reflect canopy carotenoid content. This discrepancy suggests that pigment describing 

indices may be more sensitive to subtle variations in canopy structure, leaf phenology, or 

illumination conditions than greenness or chlorophyll describing indices., what also matches 

findings in literature as mentioned in section 3.4.4.  

 

Ultimately, the choice of indices used to calculate the functional diversity metrics, NDRE2, 

NDII and PSRI was guided by the strength of their relationship with the land-cover types and 

by how strongly they correlated with the cloud cover. 

5.2.2 Land Cover PaĴerns of Indices 

Besides looking at correlations among the indices themselves, it has to be considered how 

the calculated index values relate to the different land-cover types. Rather than discussing 

every index individually, the focus here is on the broader paĴerns that emerged. For the 

chlorophyll-related indices, relatively a consistent paĴern was observed. Palm plantations 

showed the highest values, followed by natural forest, with agroforestry sample sites 

exhibiting the lowest values. Higher chlorophyll values in palm plantations are well supported 

in the literature, as oil palm typically have a higher photosynthetic productivity compared to 

many natural forests. A study from Sabah, Borneo for example reported carbon-sequestration 

rates that were 60 – 70% higher in oil-palm plantations than in normal forests (Fowler et al., 

2011; Murphy, 2024). The lower chlorophyll values observed in the reforested agroforestry 

sites are likely linked to their developmental stage. As these plots are still growing, canopy 

density and overall productivity likely remain lower than in a mature forest or in plantation 

systems. Moreover, growth trajectories vary depending on how the reforestation was 

approached, what trees were planted and other external factors (Pansit and Parilla, 2024).  

 

For the water-related indices, the paĴern was reversed. Oil-palm plantations showed lower 

values than natural forests, while agroforestry sample sites again exhibited the lowest values. 

This aligns well with findings in the literature on water dynamics in palm plantations 



compared to lowland tropical rainforests. Studies from Kalimantan have shown that oil-palm 

plantations use 15–20% more water annually than natural lowland forests, primarily due to 

higher evapotranspiration rates (Fan et al., 2019). The comparatively low water-content values 

observed in the agroforestry sites can likely be aĴributed to their still-recovering canopy 

structure. Additionally, canopy water content is known to be negatively affected by soil 

background influence, which becomes more pronounced in more open canopies, what can be 

expected in reforested areas (Cheng et al., 2006).  

 

For the pigment indices, interpretation is limited to CRI1 and PSRI, as the other indices 

produced unreliable values. CRI1 was highest in natural forest plots, closely followed by oil-

palm plantations. Although the mean values of forests and plantations were similar, forest 

sites exhibited a greater number of high outliers. This could indicate more heterogeneous 

canopy conditions in naturally forested areas, though this cannot be confirmed on the basis of 

this result. PSRI showed an inverse paĴern, with agroforestry plots displaying the highest 

values and natural forests the lowest. Since lower PSRI values typically indicate reduced leaf 

senescence and lower stress levels, the natural forest’s low PSRI is consistent with healthier 

canopy conditions. Palm plantations, on the other hand, are known to be rather sensitive to 

environmental fluctuations and generally exhibit lower resilience to stressors such as 

temperature shifts or water limitation, which may explain their lower PSRI values (Rubilar et 

al., 2024). 

5.2.3 Temporal PaĴerns of Index Values 

The temporal paĴern of the index values was presented in section 4.2.3. Again only the 

three indices that were consecutively used for the functional diversity metrics calculations will 

be discussed. 

Broadly speaking, none of the calculated indices shows a clear long-term trend across the 

entire study period. While this was probably to be expected for oil-palm plantations and 

natural forests, it also indicates that no substantial change has occurred yet in the agroforestry 

sample sites. Reforestation in these plots only began in October and November 2022, which 

leaves just two years within the analyzed time series for any measurable effects to appear. It is 

also known that the sample sites differed in their initial conditions when reforestation started, 
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meaning they had varying vegetation cover before the reforestation, which may partly explain 

the lack of a consistent signal. Additionally, some plots may have experienced setbacks or 

unsuccessful early establishment phases. Ultimately, it is very likely that the monitoring 

period is simply too short to detect clear improvements. The absence of trends in oil-palm 

plantations and natural forests is more straightforward to interpret. Palm plantations typically 

follow a life cycle of more than 25 years, and natural forests can persist for much longer if not 

affected by external disturbances (Murphy et al., 2021).  

 

Although no long-term trends were detectable, all indices showed a clear seasonality. This 

is visible in the time-series plots in section 4.2.3, where most indices exhibit higher values 

about during the dry season and lower values during the wet season. This also reflects the 

statistical results presented in Table 11, where many index values were significantly related to 

the wet and dry season. Three of the four indices that did not show a significant relationship 

with seasonality were water-related indices, namely the NDII, NDWI and the MSI. At first 

glance, this was surprising, as the tropics are often described as relatively aseasonal due to 

their stable temperatures throughout the year (Mederer et al., 2025). But work from the 

Amazon Basin has shown a paĴern, with increased photosynthetic activity during the dry 

season, what is an effect often aĴributed to higher sunlight availability when cloud cover 

decreases. Bi et al. (2015),, for example, describe seasonal variations in the Amazonian 

rainforests and report “dry-season greening” driven by more irradiance due to less cloud 

cover. This laĴer paĴern corresponds more closely to what is observed in our dataset These 

findings suggest that in Borneo, water might not be a limiting factor for most of the year, which 

would explain why three of the four water indices showed no relation with the seasonality. 

Only NMDI deviated from this paĴern, which was already addressed in the previous 

subsection. The only non-water index that did not correlate with seasonality was MTCI, a 

chlorophyll-related index. MTCI is the only index that includes the 665 nm band, which lies 

just below the red-edge region. Since all other chlorophyll indices did show seasonal paĴerns, 

this may indicate that MTCI is less sensitive to chlorophyll changes under these conditions.  

 

The pigment describing indices all showed seasonality. Although this may seem 

counterintuitive, especially for PSRI, which is associated with leaf senescence and stress, both 



CRI1 and PSRI partially reflect carotenoid content. Carotenoids act as photoprotective 

compounds, so an increase during periods of higher sunlight intensity might be plausible and 

consistent with the paĴerns observed in this study (Hashimoto et al., 2016). 

The observed seasonality suggests that monitoring efforts need to account for the time of 

year, since index values taken in different seasons may reflect seasonal dynamics rather than 

actual change. 

 

5.3 Functional Diversity Metrics 

5.3.1 Land Cover PaĴerns of Functional Diversity Metrics 

The FRic values, calculated from NDRE2, NDII, and PSRI, showed a highly unexpected 

distribution across land-use types. As presented in section 4.3, the agroforestry sample sites 

exhibited FRic values roughly five times higher than those of natural forest and oil-palm-

plantation sites. Based on previous studies, the expectation was that values would be more 

similar across land-cover types, and that the ranking would follow more intuitive results, e.g., 

that natural forest sample sites yield the highest FRic values. However, the results obtained 

here contrast with the paĴerns reported in literature. From a theoretical standpoint, forests 

would be expected to have the highest FRic, given their typically high functional and chemical 

diversity. For example, Asner et al. (2012) found that Dipterocarpaceae, which are dominating 

the lowland Bornean forests, exhibit as much chemical variation among species as all other 

tree families combined in their study. Hauser et al. (2022) found that palm plantations showed 

significantly lower functional richness than both intact and logged forests, so findings that 

align with ecological expectations for lowland tropical forests. In this analysis, by contrast, the 

agroforestry sites displayed extremely high FRic values, and palm-plantation FRic values 

exceeded those of forests. To beĴer understand this paĴern, some of the agroforestry sites with 

extreme values were examined in detail. An example is shown in Figure 19, illustrating the 

agroforestry sample site 109 on 19 June 2024, alongside a PlanetScope image from 15 June 2019 

for reference. Two observations stand out.  
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First, the polygon appears to extend across multiple land-cover types. The lower-right section 

shows substantially denser vegetation than other parts. Second, a brownish coloration in the 

polygon’s center suggests either damaged vegetation or substantial soil influence. Notably, 

the NDVI-based forest mask did not exclude these brownish pixels. Although this cannot be 

confirmed for all sites, such mixed-pixel effects provide a plausible explanation for some of 

the extremely high FRic values. One contributing factor may be the relatively small polygon 

size. This interpretation is supported by a recent work from Helfenstein (2024), who showed 

that mixed-pixel problems increase when pixel size approaches the size of the object being 

observed, in this case the sample sites. The findings also demonstrated that mixed pixels at 

coarser spatial resolution tend to decrease FRic values, and that polygons located near forest 

edges may be especially sensitive to external influences. A similar explanation may apply to 

the unexpectedly high FRic values observed in palm-plantation sites relative to forests. In 

Hauser et al. (2022), plot sizes were approximately 40 ha, what is substantially larger than the 

1.1 ha plot sizes used in this study. In addition, palm-plantation canopies tend to be more open 

than forest canopies, which may amplify mixed-pixel effects in the plantation sites (Khokthong 

et al., 2019). Thus, the FRic values observed here are likely influenced by spatial-resolution 

limitations, polygon size, and canopy heterogeneity and do not reflect the real FRic differences 

between the land-use types. 

 

In contrast to the FRic values, the FDiv results show a paĴern and value range that more 

closely align with ecological expectations. Natural forests exhibit the highest FDiv values, 

 

 
Figure 19 : Example of Agroforestry Sample Site with a high FRic value. 



followed by oil-palm plantations, while the agroforestry sites show the lowest functional 

divergence. The distributions appear relatively balanced across land-use types, although 

palm-plantation and agroforestry plots display more outliers than the forest sites. Because 

FDiv reflects how communities are distributed within trait space, it provides insight into 

ecological differentiation and the distinctness of functional roles within a community. Higher 

FDiv is typically associated with greater niche specialization. It is therefore plausible that 

forests, show higher functional divergence than palm plantations. This interpretation is 

consistent with the findings of Hauser et al. (2022), who likewise reported higher FDiv in 

natural forests than in plantation systems. The lower FDiv values observed for the agroforestry 

plots may at first seem counterintuitive, as reforestation does not necessarily rely on planting 

a single species. One possible explanation is the early developmental stage of these reforested 

areas: young planted trees may still share relatively similar trait expressions, with greater 

functional differentiation emerging only over time. A second, and perhaps more plausible, 

explanation relates to methodological effects. As noted by Helfenstein et al. (2024), mixed-pixel 

issues, even though they are less influential for FDiv than for FRic, tend to reduce FDiv values 

at coarser spatial resolutions. Given the probably relatively open canopies and residual soil 

visibility in many agroforestry sites, such effects may have artificially lowered their FDiv 

estimates. This remains a hypothesis, however, and was not explicitly tested in this study. 

5.3.2 Temporal PaĴerns of Functional Diversity Metrics 

The time series of the FRic values is shown in section 4.3.2 Figure 17. There is no clear long-

term trend in any of the land-cover types. Seasonality is only faintly visible in the plots but 

turned out to be statistically significant based on the Kruskal–Wallis test. The absence of a 

trend can have several explanations. For natural forests and palm plantations, both long-lived 

and slowly changing ecological systems, a lack of trend is not surprising. For the agroforestry 

sites, however, a development toward the forest values might have been expected. Because of 

the previously discussed mixed-pixel effects and other issues that produced extremely high 

agroforestry FRic values, it is difficult to determine whether a trend is truly absent. It is 

possible that polygons with less soil influence would have shown a clearer paĴern, but the 

method used here did not reliably handle soil-affected pixels. With such high noise levels, any 

existing trends probably is obscured. Although the statistical test indicated seasonality, the 
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visual impression remains weak. This is largely due to gaps in the dataset, which were further 

increased because sample sites with fewer than 28 pixels had to be removed. As a result, the 

statistical power of the test is likely limited. Based on the time-series plots alone, it is difficult 

to determine what drives the seasonal signal. It could be related to the dry-season greening 

described earlier, but with the small number of observations it could also be influenced by 

cloud cover residuals. With the available data, it is not possible to clearly separate seasonality 

from methodological artefacts.  

 

The FDiv time series is shown in Figure 18. Similar to FRic, no long-term trend is apparent. 

In contrast to FRic, however, no seasonality is visible—neither visually nor statistically. The 

absence of a trend likely has the same explanation as for FRic, tree-based systems change 

slowly, and small ecological shifts are not immediately reflected in structural metrics. 

Methodologically, FDiv is more stable than FRic, which is evident from the more evenly 

distributed outliers around the mean in the time-series plot. An interesting question is why 

FDiv did not show seasonality while FRic did. Several explanations are possible. One is that 

the data were simply too noisy for a seasonal paĴern to be detected, given the many gaps and 

the variable noise levels, especially in the agroforestry plots. Another possibility is ecological: 

even if FRic increased during seasonal greening (e.g., higher NDRE2 values), the relative 

distribution of traits might have remained stable. In other words, trees occupying similar 

ecological niches may have remained clustered in trait space, preventing changes in FDiv. This 

would support previous findings that FRic is more sensitive to external influences than FDiv 

(Helfenstein, 2024). However, as with the FRic time series, interpretation must remain cautious 

due to the limited number of observations and the uneven temporal spacing between them. 

5.4 Limitations 

Several methodological and ecological factors should be considered when interpreting the 

results of this study, particularly regarding data quality, polygon size and the sensitivity of 

the functional diversity metrics. 



5.4.1 Cloud Masking 

This study relied on cloud-masking rather than using only cloud-free satellite scenes. While 

this approach increased the number of usable scenes, the analysis showed a relationship 

between index values and cloud cover. This might indicate a trade-off: although more data 

was available, some scenes might have been insufficiently cloud-masked what can be leading 

to noise.  

5.4.2 Sample Site Size and Quality 

The small spatial extent and precision of the sample sites proved to be a substantial 

limitation. During preprocessing, the agroforestry sample sites had to be buffered because the 

original sample sites were too small to calculate functional diversity metrics by the findings of 

Helfenstein (2022). This likely resulted in some polygons incorporating neighboring land-

cover types again, such as roads or parts of plantations. Even after buffering, a majority of the 

agroforestry sample sites remained only marginally large enough for functional diversity 

calculations. Small polygons are particularly vulnerable to mixed-pixel artefacts and boundary 

noise, which can alter both index values and trait-space metrics. Functional richness (FRic) was 

especially sensitive to these effects, as it expands strongly in response to even a few extreme 

pixels (Helfenstein et al., 2022) . Occasional overlaps with adjacent land-cover types, even if 

they were tried to me mitigated by shifting the agroforestry sample sites, may have introduced 

spectral heterogeneity unrelated to the target vegetation. 

5.4.3 Index Accuracy for Canopies 

While many indices performed ecologically plausibly, the limitations of optical indices at 

canopy scale must be acknowledged. As noted by Huang et al. (2015), pigment-related indices 

are particularly prone to constraints caused by canopy saturation, shadowing, and scaĴering, 

which can weaken their sensitivity to traits. Thus, some of the observed variability may reflect 

structural or illumination effects rather than true differences in values. 

5.4.4 Temporal Extent of the Analysis 

Finally, the temporal extent of the study presents a constraint. Although six years of 

imagery were analyzed, reforestation of the agroforestry sites began only late 2022. This 
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provides just over two years to detect changes and is likely too short for meaningful shifts, 

especially given differences in initial vegetation  between plots. As a result, the absence of clear 

temporal trends should be interpreted cautiously. 

  



6 Conclusion 

This thesis aimed to evaluate the potential of trait-describing spectral  indices and 

functional diversity metrics for long-term biodiversity monitoring in a tropical region with 

high cloud cover. Specifically, it addressed how high cloud cover affects per sample site cloud-

free data availability for long-term monitoring, which temporal paĴerns emerge within and 

between land-cover types, how multiple indices can be combined to complement each other, 

and which indices or traits are most suitable for continuous monitoring.  

Dealing with cloud cover proved to be a challenge. Rather than relying exclusively on 

cloud-free images, this study applied cloud masking to all available scenes. This approach 

substantially increased the cloud-free data availability, yielding on average more than five 

usable images per sample site per year, so more than would have been possible with a cloud-

free-only strategy. Additionally, the shorter temporal intervals between scenes enabled the 

detection of seasonal paĴerns. 

Regarding seasonal paĴerns, most spectral indices displayed a significant relationship to 

wet and dry seasons.. A consistent increase in greenness- and chlorophyll-related indices 

during the dry season suggests paĴerns similar to the “dry-season greening” described for 

Amazonian rainforests, where increased sunlight leads to higher photosynthetic activity (Bi et 

al., 2015). Few indices, mostly water-related ones, did not show this paĴern, likely because 

canopy water content remained high throughout the year. These findings imply that 

monitoring approaches must consider seasonal effects and carefully choose temporal intervals 

for sampling to ensure comparability among values.  

With respect to combining indices for functional trait estimation, most indices within the 

same category had a high intercorrelation and differentiated significantly between the land-

cover types. For practical monitoring, this suggests that index selection should prioritize those 

that exhibit meaningful temporal paĴerns, such as seasonality, and those that capture 

significant differences between land-cover types. In the case of this study this were the NDRE2, 

NDII and PSRI. 

The analysis of functional diversity metrics revealed important findings. FRic proved 

highly sensitive to the mixed-pixel effects and to plot sizes that were too small relative to the 
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sensors spatial resolution, what is consistence with previous studies (Helfenstein et al., 2022). 

As a result, FRic values were too high, especially in agroforestry plots, and did not reflect 

ecological expectations. FDiv, in contrast, was more stable and aligned more closely with 

theoretical predictions and previous studies (Hauser et al., 2022). While both functional 

diversity metrics suffered from data gaps and noise in the time series, FDiv appeared 

considerably more robust than FRic under the conditions of this study. Taken together, the 

findings show that FDiv, in combination with a small and carefully selected set of indices, 

could be a promising metric for long-term monitoring in this context, whereas FRic needs some 

methodological adjustments.  

In summary, this thesis demonstrates that satellite-derived spectral indices and functional 

diversity metrics hold strong promise for biodiversity monitoring in tropical regions with high 

cloud cover. Cloud masking effectively filled data gaps, yielding more cloud-free observations 

that revealed critical seasonal paĴerns that would otherwise be obscured. With some 

methodological adjustments, such as larger sample sizes and extended time series, this 

appears to be a promising approach for monitoring reforestation progress and functional 

diversity. 

 

  



7 Outlook 

This study provided first insights into the potential and limitations of satellite-based 

functional diversity and vegetation indices for biodiversity monitoring over different land 

cover types in West Kalimantan, Borneo. While the results revealed some interesting insights, 

they also highlight methodological constraints that need to be addressed in the future.  

Future work would benefit from having denser and more regular sampling despite the high 

cloud coverage. The integration of other sensors such as PlanetScope data or combining 

multispectral imagery with radar or lidar data, could substantially improve spatial and 

temporal consistency. Merging data streams from multiple satellite platforms may also allow 

for more resilient monitoring systems that remain informative even during extended cloudy 

periods.  

A promising direction might be the use of unmanned aerial vehicles (UAVs) that carry 

LiDAR or hyperspectral sensors. UAV-based remote sensing can provide higher spatial and 

spectral resolution and are not only able to see canopy aĴributes but also the understory. For 

example, de Almeida et al (2021) showed an approach that combined hyperspectral remote 

sensing and lidar with UAVs to understand changes in forest reforestation sites. Their results 

suggest that UAV remote sensing could play an important role in informing future 

reforestation policies in Borneo. Active remote-sensing technologies such as lidar or synthetic 

aperture radar (SAR) may improve the characterization of functional diversity by including 

vegetation structure. Structural metrics such as canopy height or vertical complexity might 

provide  valuable additional information that can’t be detected by optical sensors.  

 

Several methodological aspects should also be refined in future work. Some challenges 

identified here were tied to the spatial characteristics of the sample-site data. Larger and more 

homogeneous sample-site polygons would reduce mixed-pixel effects and strengthen the 

interpretability of functional trait analyses. Combined with improved non-forest masking, this 

could considerably reduce noise in the results.  

 

Another dimension that should be considered is how future studies could benefit from 

looking at how agroforestry systems might influence not only functional diversity but also 
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processes on landscape-scale such as connectivity. Simamora et al. (2021) have found that bird 

species richness declines along the land cover gradient from intact forest to monoculture 

plantations. However certain agroforestry systems were able to support a higher proportion 

of species and therefore providing meaningful conservation values. Their value was especially 

high when they were close to or connected to forest. 

 

Finally, the increasing importance of transparent biodiversity monitoring in the context of 

sustainability reporting, deforestation-free supply chains, and international agreements 

highlights the relevance of further developing these approaches. With continued 

improvements in data availability, sensor technology, and analytical methods, satellite-based 

biodiversity monitoring has strong potential to support companies, land managers, and policy 

makers in implementing effective, scalable, and long-term monitoring strategies. 

 

In the specific use case of Forestwise and Rahn, the results suggest a few recommendations 

that may support future monitoring. Because the reforestation sites are still very young, a 

longer time series might naturally reveal clearer trends and developments. Additionally, using 

larger or more uniform monitoring plots may reduce technical artefacts and strengthen the 

interpretation of the functional diversity metrics. With a longer time-series, satellite-based 

monitoring can more clearly capture the progress of Forestwise and Rahn’s restoration efforts. 
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A. Appendix – Additional Material and Figures 

 

  

 

 

Figure A. 1: Map with one example for each of the three land-cover types. One can clearly see the different structures 
of each land-cover type. While the Natural Forest and the Oil-Palm Plantation example are representative for how 
all sample sites look like, the agroforestry sample sites are more diverse. 
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Figure A. 2: Schematic depiction of processing pipelines to calculate the spectral index values and the functional 
diversity metrics. 



 

  

 

 

 

Figure A. 3: Sentine-2 images with their respective cloud cover percentage over the whole timespan of analysis that 
overlap with the sample sites. All sample sites were considered for this plot.  
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Figure A. 4: : Boxplots of Cl_red-edge, Clgreen, NDRE1 and MTCI 



 

 

 

 

 

 

 

 

 

 

Figure A. 5: : Boxplots of TCARI/OSAVI, SR and SELI 

Figure A. 6: : Boxplots of NDWI and NMDI 
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Figure A. 7: : Boxplots of ARI1 and mARI 



 

 

Table A. 1: Indices with their respective categories and the Pearson r and p-values for their correlation with the 
CS+ medians of the sample sites. 

Index Name Category Kruskal H-value Kruskal p-value 

MTCI Chlorophyll -0.033 0.1820 

MSI Water -0.049 0.0503 

NDWI Water -0.062 0.0129 

NDII Water -0.062 0.0125 

OSAVI Greenness 0.090 0.0003 

NMDI Water -0.132 1.05E-07 

NDRE2 Chlorophyll 0.139 2.17E-08 

SELi Stucture 0.140 1.68E-08 

CLred-edge Chlorophyll 0.148 2.61E-09 

NDRE1 Chlorophyll 0.169 7.94E-12 

SR Chlorophyll 0.179 4.45E-13 

NDVI Greenness 0.277 8.29E-30 

EVI Greenness -0.310 2.93E-37 

CLgreen Chlorophyll 0.342 2.73E-45 

TCARI/OSAVI Chlorophyll -0.346 2.18E-46 

PSRI Pigment 0.378 9.61E-56 

mARI Pigment 0.476 1.13E-91 

ARI1 Pigment 0.533 1.17E-118 

CRI1 Pigment 0.548 5.20E-127 

  


