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Abstract 

 
Deforestation of Amazon rainforest is an increasingly relevant issue, with monitor efforts 

relying on remote sensing data. Whereas forest disturbance is relatively easy to detect due to 

its abrupt character, regrowth is more difficult to detect and thus often overlooked. This thesis 

aims to contribute to a better understanding of forest regrowth dynamics in the Peruvian 

Amazon, with the Indigenous village of Panjuy and its surrounding areas as case study. 

Swidden farming is a common practise in the study area, creating a diverse and dynamic 

forested landscape. Through a systematic literature review, the AVOCADO algorithm was 

found to be a promising method for tracking forest dynamics in the rapidly changing 

landscape of Panjuy. Combined with Landsat data from 1984 to 2024, using a strict and a 

broad definition of regrowth, the AVOCADO algorithm was used to map yearly forest 

disturbance and regrowth in the study area. The results revealed high rates of disturbance in 

the entire study area. At the same time, the algorithm showed significantly high rates of 

regrowth as well. Comparing peaks of disturbance and regrowth throughout the timeseries 

with expert knowledge on the history of land use showed parallels to potential drivers of land 

use change, such as an increasing or decreasing popularity of specific crops, or an increasing 

pressure on the land due to a growing population. Notably, extreme weather events seemed to 

have an influence on the temporal patterns of regrowth and disturbance as well. The 

community of Panjuy showed higher proportions of regrowing forest compared to the 

surrounding area, which could be attributed to the practice of swidden farming compared to 

mare intensified agriculture. The results of this thesis highlight the importance of including 

not only forest disturbance, but also regrowth in forest monitoring efforts. Furthermore, it 

shows the value of integrating expert knowledge to enhance the interpretation of remote 

sensing-based results, by identifying underlying drivers of change. 
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1. Introduction 

Rainforest is a valuable type of ecosystem due to its large biodiversity (Alvarez-Montalván et 

al., 2021), its importance for local community livelihoods through food, water and wood 

provision, religious and spiritual services (Delgado et al., 2017), and their role as carbon 

sinks (Phillips et al., 2017). However, deforestation of the Amazon rainforest has been an 

ongoing environmental issue. Between 1990 and 2022, an estimated 20% of its original forest 

cover was lost due to deforestation or forest degradation (Beuchle et al., 2021).  

Peru holds the second highest forest density of South America: 57% of its land area is 

covered by forest, largely made up of Amazon rainforest (FAO, 2020). In the last three 

decades, forest loss rates in Peru have increased, with a reported total loss of 2.77 million ha 

between 2001 and 2021 (PNCBMCC, 2021). In an effort to reduce these rates, the National 

Forest Conservation Program for Climate Change Mitigation was set up by the Peruvian 

Government in 2010, aiming to preserve 54 million ha of tropical rainforest. Additionally, 

Peru set a target to reduce its greenhouse gas emissions by 30% in 2030, with an additional 

10%, depending on international financing (Perú, 2020). To reach these goals, Peru depends 

largely on the REDD+ program, which provides financial aid in reducing the emissions from 

deforestation and forest degradation in developing countries. Whereas REDD+ shows 

promise in funding conservation initiatives, it also faces criticism regarding its effectiveness, 

fairness, and implementation (Aryal et al., 2024).  

In Peru’s 2021 REDD+ submission, deforestation is defined as “the conversion of forest land 

to cropland, grassland or settlements induced by a reduction of the forest canopy to below 30 

per cent in an area of 0.5 ha according to the observed period between 2010 and 2019”. No 

definition of reforestation or forest regrowth was given, due to lack of data on biomass in 

new forest areas (United Nations, 2021). This illustrates a broader challenge in forest 

monitoring: whereas forest disturbance is often quite abrupt and detectable via remote 

sensing, forest regrowth is a gradual process that is more difficult to define and detect. The 

lack of a universal forest definition further complicates regrowth assessment (Chazdon et al., 

2016) 

Skutsch & Turnhout (2020) note that even though most recent scientific literature identifies 

large scale agriculture as main driver of deforestation, many countries’ national REDD+ 

documents attribute deforestation to communities. In line with these findings is Peru’s 2015 

submission to REDD+, where it is stated that “small producers are responsible for 88% of the 

deforestation” between 2001-2013 (Perú, 2015). Ravikumar et al. (2016) point out that this 

narrative is only supported by frequency of disturbance in small patches observed through 

remote sensing, without taking field data into account or analysing land use practises of 

actors involved. Integrating remote sensing with diverse data sources such as village and 

household level surveys helps in identifying agents and underlying reasons for deforestation 

(Zeb, 2019, & Bos, 2020).  

Another issue that was identified by Ravikumar et al. (2016) was the use of the term 

‘migratory agriculture’, referring to two distinct concepts. It can refer to swidden agricultural 

practices, where farmers rotate crops between active fields and regenerating forest areas. This 

creates a dynamic landscape of crop fields and forest vegetation, without permanent land 

conversion. It can also refer to more permanently converting forestland for agricultural 

practices, largely done by more recent migrants (Bennett, 2017).  

This research focuses on forest dynamics in the Peruvian department of San Martín, more 

specifically the village Panjuy, where there are three primary groups of smallholders: the 

Kechwa-Lamas, the Mestizo, and the Andean migrant farmers. The latter arrived most 
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recently in the area, and practice intensified agriculture for the production of cash crops. The 

indigenous Kechwa-Lamas people practise forest based swidden farming, which the Mestizo 

adopted when they arrived in the region in the 19th century (Marquardt et al., 2018). In a 

swidden land use system, generally, a forested area of about 0.5 ha is cleared and used as 

agricultural land for a few years. The field will then gradually turn into fallow and will be left 

for up to 15 years before it is used for agricultural purposes again. The result of this ongoing 

process is a mosaic landscape of fields, pastures, agroforests, and forests.  

In this context, it becomes increasingly difficult to define forest and forest regrowth. Pain et 

al. (2020) argue that a simple binary between secondary and primary forest is does not 

encompass the numerous natural and anthropogenic drivers that shape forested ecosystems. 

They propose a new conceptual model to characterize forested landscape, where the focus 

lies on successional changes caused by different actors and processes. As part of ongoing 

research, different types of land use and their effect on forest change around Panjuy were 

explored by conducting household and key informant interviews in collaboration with NGO 

Waman Wasi between 2022 and 2025 (Scülfort et al., 2022 & Marquardt et al., 2018). 

Whereas this research provides valuable information on historical land use changes, 

agricultural activity, and forest and secondary vegetation use, it lacks spatial information. 

This thesis aims to contribute by using remote sensing data to provide insight into the history 

of forest dynamics in the study area.  

While there is an increasing amount of open-source satellite data and products available, not 

all of those products are suitable for mapping forest disturbance and regrowth dynamics. 

Wang et al. (2023) made an overview of global and regional LU/LC products. Generally, 

products that use data with a higher temporal resolution, such as MODIS or CCI-LC, have a 

lower spatial resolution. Eight high-resolution global LU/LC products were identified. Most 

of these products cover only a few or recent years. The exception is the GLC\_FCS30 product 

with a resolution of 30 meters, covering 1985-2022. It differentiates between 10 main LU/LC 

classes and an additional 17 more detailed classes (Zhang, 2024). Whereas it provides 

accurate information on a range of different types of forests, it does not focus on different 

successional stages of forest.  

There is also a range of openly available products that focus on vegetation cover specifically. 

Some of these products are single-date, but others cover a longer time span, allowing for the 

analysis of changes in vegetation cover over time (García-Álvarez et al., 2022). The products 

are mostly limited to the years 2000 until 2023, focused on primary forest gain or loss, or 

percentage of tree cover, without distinguishing between different successional stages.  

The Tropical Moist Forest (TMF) dataset is a more recent addition, documenting 

deforestation, forest degradation, and forest recovery from 1990 until 2023 at 30 meter 

resolution at the pantropical scale (Vancutsem et al., 2021). The dataset distinguishes 

between seven main classes, divided over nine more detailed sub classes. It has an overall 

accuracy for South America of 91 %. While the TMF dataset is specifically designed to track 

tropical forest dynamics, it uses a consistent methodology across all tropical regions, which 

may reduce its sensitivity to location specific differences in disturbance and regrowth 

patterns.  

Despite the growing availability of land use and forest change data, most products have 

limitations when it comes to forest regrowth detection and lack site specificity. Therefore, it 

was necessary to find a remote sensing-based method for forest disturbance and regrowth 

detection, that could be fitted to the characteristics of the study area. Given the complex land-

use dynamics in study area, I needed to find a method capable of detecting small-scale 

changes in a rapidly shifting landscape. After a literature review on existing remote sensing-
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based forest monitoring approaches, the AVOCADO (anomaly vegetation change detection) 

algorithm was found as a promising method (Decuyper et al., 2022). This algorithm aims to 

improve continuous detection of forest disturbance and regrowth by using undisturbed forest 

as a reference. The selection of this method is further explained in section 3.2.1 and the 

application of the algorithm in this thesis is elaborated on in section 3.3. In addition to the 

default definition of regrowth used by Decuyper et al. (2022), this thesis uses a broader 

definition of regrowth in an attempt to detect earlier regrowth related to swidden farming. 

This decision is further explained in section 3.3.3.  

 

2. Research objective & questions 

Understanding forest dynamics in the highly diverse and rapidly changing tropical mosaic 

landscape of Panjuy presents a challenge. Due to its abrupt nature, deforestation can often be 

detected quite easily with remote sensing, whereas forest regrowth is a gradual process, 

which is more difficult to monitor. The AVOCADO algorithm provides a way to 

continuously detect forest change without the need for ground truth data. By combining the 

output of this algorithm with expert knowledge from researchers, local stakeholders and the 

NGO Waman Wasi. this thesis aims to contribute to a better understanding of forest 

disturbance and regrowth around Panjuy. To reach this goal, four research questions were 

formulated: 

 

RQ1: What relevant land use/forest classes are present in the study area and how can 

these classes be defined in the context of remote sensing? 

 

RQ2: What remote sensing-based method and data are most fitted for detecting land 

use changes, focused on forest regrowth dynamics? 

 

RQ3: What land use/forest changes can be identified in the study area between 1984 

and 2024 using the AVOCADO algorithm, and when did these changes occur? 

 

RQ4: How do these changes relate to expert knowledge on the history of land use in 

the study area? 

 

In order to answer the last two research questions (RQ3 and RQ4), the first two had to be 

answered (RQ1 and RQ2). The first questions was answered by delving into the history and 

common land use practices in Panjuy, through reading the village report (Scülfort et al., 

2022) and discussions with Kristina Marquardt. An overview of this can be found in section 

3.1. The second research question was answered by the a systematic literature review, as 

explained in section 3.2, in which I identified the AVOCADO algorithm combined with 

Landsat data as a suitable method. Finally, the third and fourth research question are related 

to the outputs of the AVOCADO algorithm, which are presented in section 4.  
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3. Methodology 

3.1  Study area: Panjuy 

This thesis focusses on the village Panjuy, located in the department of San Martín in Peru, 

and it is one of the villages included in research done by Scülfort et al. (2022). Panjuy was 

chosen for this thesis as an in depth case study, because of its dynamic land use history, 

making it an interesting area for forest disturbance and regrowth detection. A circle with a 

radius of 10 kilometres from the centre of the village was used as the boundary for the full 

study area, cut off by the Rio Mayo in the east (see Figure 1). Located within the study area 

are 16 villages of varying sizes and compositions. These villages are either inhabited by 

Indigenous communities, Andean migrant communities, or a combination of  Indigenous, 

Andean, and Mestizo communities.  

 

 

 

Figure 1: Upper left: National boundaries of Peru with its departments. San Martín is shown in red.. Lower left: 

The department San Martín with the location of the study area shown in red. Right: The boundaries of the full 

study area (a circle with a radius of 10 kilometres from the centre of Panjuy, thick red line) and the location of 

other villages within in the full study area. Panjuy (red square) with its communal boundaties (thin red line).  

 

San Martín is located in the North of the Peru, east of the Andes. Out of its total area of 5.1 

million ha, 3.3 million ha is covered by rainforest, which accounts for nearly 65% of the 

surface (PNCBMCC, 2021). Between the years 2000 and 2021, San Martín lost 480.778 ha of 

this forest. Following the construction of a highway in the 1960’s, the area became more 

accessible. In-migration in the 1980’s occurred due to the high value of coca as cash crop. 

During the 1990’s, the Movimiento Revolucionario Túpac Amaru (MRTA) guerilla group 

was active in San Martín, resulting in a disturbance of agricultural activities. Between 2007 

and 2015, the road network was expanded and coffee and cocoa production increased. More 

recently, agribusinesses have been investing in oil palm production (Scülfort et al. 2022).  

Villages in the study area 

1. Panjuy 

2. San Miguel del Rio Mayo 

3. Alto Hungurahui 

4. Nuevo San Miguel 

5. Cachipampa 

6. Pucayacu 

7. Vistoso Grande 

8. Vistosa Chico 

9. Bagazan 

10. Chinao 

11. Nuevo Mundo 

12. Carañayacu 

13. Ungurawi Pampa 

14. Nuevo Continente 

15. Maraycillo 

16. Santa Cruz De Shitariyacu 

Village types 

 Indigenous communities 

 Andean migrant communities 

 Combination of Andean,     

Mestizo and Indigenous communities 
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Panjuy is a Kichwa village that is formally recognized as an Indigenous village (comunidad 

nativa) and holds a total of 179 households. Initial settlement happened in 1886, by Kichwa 

households from surrounding villages. Commercial agriculture started in the 1940’s, with 

coffee, maize, cotton and cassava production. Commercial livestock production followed in 

the 1950’s. Over the years, stable cash crops have been coffee, maize, and cotton. As 

commercial agriculture expanded, the amount of old-growth (primary) forest declined. 

Between the 1980’s and 1990’s, presence of the MRTA caused a period of violence in and 

around the village. The 2000’s were characterized by in-migration from the Andes. 

Production of the cash crops cotton and coffee came to an end, due to devaluation and crop 

disease respectively, and Inka peanut became a popular cash crop from 2003 until 2014.  

In 2011, Panjuy became an officially recognized Indigenous village, partially in an effort to 

receive territorial title of an area of old-growth forest and prevent further degradation of the 

forest caused by in-migration. Currently, the lower areas of the village are used for food crop 

production and perennial cocoa production. In the upper hills there are still some remaining 

plots of coffee and plots of older fallow and forest. The old-growth forest is mostly preserved 

in areas that are not suited for agriculture (Scülfort et al., 2022). 

Panjuy has experienced a variety of changes in land use throughout its history, each decade 

presenting its own drivers of change. This has resulted in a landscape with a high diversity of 

land uses. Figure 2 shows a rough division of land use categories in San Martín. Although 

these divisions are not fixed and can overlap, it gives a good overview of the processes at 

hand in the study area. For this thesis, the focus was mainly on exploring the cycles of annual 

production and (young) fallow.  

 

 

Figure 2: Land use categories in San Martín. Reprinted from “Farmers’ Perspectives on Vital Soil-related 

Ecosystem Services in Intensive Swidden Farming Systems in the Peruvian Amazon” by K. Marquardt, R. 

Milestad, and R. Porro, 2012, Human Ecology, 41, p139-151 

 

As previously mentioned, forest based swidden land use is a common practice in the study 

area. Small plots of forest vegetation of around 0.5 ha are cleared by burning, and then used 

as agricultural fields. These fields are often highly diverse and multi-storey. Two to four main 

crops are sown with small pockets of other crops. After a few years, when the productivity of 

the field declines, it will be left to gradually turn into fallow. In the report on land use in 

Panjuy, four types of fallows (purmas) are distinguished. From young to old fallow, these are 

called: llullu purma, purma, machu purma, and machu sacha, as shown in Table 1. 

According to the village report (Scülfort et al., 2022) purma is the most common and machu 

purma is the least common type of fallow in Panjuy. Purma and llulu purma are becoming 

increasingly common. Although there is no strict definition for these fallow types, they can 
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be divided roughly by age. To capture these differences, the remote sensing method that was 

used for this thesis needed to be able to differentiate not only between forest and non-forest, 

but also between successional stages of forest regrowth, or more preferably, ages of forest 

regrowth. 

Table 1: Relevant successional forest classes in the study area based on approximate age 

Fallow type Approximate age Definition 

Llulu purma 1-4 years First vegetation growing after agricultural use 

Purma 5-9 years Medium sized fallow 

Machu purma 10-29 years Mature fallow 

Machu sacha 30 years or older (Near) primary forest 

 

3.2  Literature review 

There are many different methods to monitor land use and forest regrowth dynamics, as well 

as many different types and sources of satellite data. To find out what method and data were 

most fitted for this study, a systematic literature review was carried out, for which the 

PRISMA 2020 guidelines were used (Page et al., 2021). PRISMA stands for Preferred 

Reporting Items for Systematic review and Meta-Analyses, and it aims to make systematic 

reviews more transparent and repeatable. Selection of literature was done using a 

predetermined search strategy, as shown in Table 2.  

Table 2: Search strategy for the systematic literature review 

Keywords What? “secondary forest” OR “second growth forest” OR regeneration OR “forest dynamics” OR 

“forest age” OR “shifting agriculture” OR “swidden agriculture” OR “fallow” 

How? “remote sensing” AND “time series” OR “temporal analysis” 

Where? Amazon OR rainforest OR “rain forest” OR jungle OR “South America” OR Peru 

Source Peer-reviewed articles published after 2014 

Information extracted Accuracy of the method, data that was used, location of study, time span of series, output 

 

3.2.1 Selection of method 

The search strategy resulted in a total of 140 articles that were published between the years 

2014 and 2024. After removal of duplicates, 90 articles remained. Of these 90 articles, 75 

articles were excluded after the first screening for one or multiple of the following reasons:  

• The article focused on an irrelevant topic  

• No remote sensing method was used  

• No time series analysis was done  

• The time series that was analysed was shorter than 15 years  

• The remote sensing method that was used, did not distinguish between different types 

of forest or forest age  

The remaining 15 articles all included remote sensing methods that distinguished between 

different forest classes or ages and covered a time span of 15 years or more. A second 

screening consisted of evaluating the suitability of the methods that were used. Eight articles 

were excluded because of the complexity of the method. The final selection of possible 

methods consisted of seven articles which used different methods, as shown in Table 3. Six 

of the articles used training data, which is a limiting factor as I did not have available training 
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data for my study area. Therefore, the AVOCADO algorithm (first row, Table 3) was 

identified as the most fitting method (Decuyper et al., 2022). The output of the algorithm 

gives the year of disturbance and if applicable the year of regrowth per pixel. It has been 

applied in a tropical ecosystem in Peru, and yielded results with high accuracies.  
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Table 3: Overview of articles that use a remote sensing method for monitoring forest regrowth dynamics. The table includes information on the span of the timeseries that 

was performed, the type of data that was used, whether or not training data was used, the type of output the method produces, and the accuracy that was reported.  

Title of article Method Location of study Span of 

timeseries 

Data Needs 

training data 

Output Accuracy 

Continuous monitoring of forest change dynamics 

with satellite time series (Decuyper et al., 2022) 

Anomaly Vegetation 

Change Detection 

algorithm, using NDMI 

Peru, Ivory Coast, 

Tanzania 

1990-2019 Landsat No Year of disturbance and year of 

regrowth per pixel, up to four cycles 

Overall: 95.1% 

Forest dynamics and land-use transitions in the 

Brazilian Atlantic Forest: the case of sugarcane 

expansion (Ferreira et al., 2014) 

Linear spectral mixing 

model 

Brazil 1986-2009 Landsat Yes Areas with forest remnants, 

regeneration and forest plantation 

1.3% and 1% 

disagreement with 

existing maps 

Monitoring long-term forest dynamics with scarce 

data: a multi-date classification implementation in the 

Ecuadorian Amazon (Santos et al., 2018) 

svmPoly model Ecuador 1992-2014 Landsat Yes Deforestation and reforestation years Deforestation: 

82% 

Regrowth: 71% 

Reconstructing long term annual deforestation 

dynamics in Para and Mato Grosso using the Landsat 

archive (Griffiths et al., 2018) 

Random Forest Brazil 1984-2014 Landsat Yes Bi-yearly LU/LC maps showing forest, 

secondary vegetation, forest clearing, 

non-forest and water 

Overall: 88.2% 

Three decades after: Landscape dynamics in different 

colonisation models implemented in the Brazilian 

legal Amazon (Moura et al., 2021) 

Random Forest Brazil 1984-2020 Landsat Yes LU/LC maps showing agriculture, 

pasture, infrastructure, water, and 

different successional stages of forest  

Minimum overall: 

83.5% 

Tracking disturbance-regrowth dynamics in tropical 

forests using structural change detection and Landsat 

time series (De Vries et al., 2015) 

BFAST, using NDMI Peru 1999-2013 Landsat Yes Map with disturbance year and 

regrowth onset year 

Disturbance: 91% 

Regrowth: 48% 

Expanding temporal resolution in landscape 

transformations: Insights from a Landsat-based case 

study in Southern Chile (Locher-Krause et al., 2016) 

Random Forest Chile 1985-2011 Landsat Yes LU/LC maps in specific years showing 

urban areas, grassland, shrubland, old-

growth forest, secondary forest, exotic 

forest plantation, bare soil, and water 

bodies 

Minimum overall: 

91% 
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3.2.2 Selection of data 

This thesis aimed to combine remotely sensed data with the historical land use of the study area. Since 

the historical timeline of land use extends back to the 1960’s, it was preferred to use data that reaches 

back in time as far as possible. The changes in the study area are generally small scale and rapid, 

making it important to use data with a high temporal and spatial resolution. Table 4 gives an overview 

of the most commonly used satellites or sensors in articles in the literature review. 

 

Table 4: Overview of satellite and sensors commonly used for time series of forest dynamics. Sources: NASA (2025), 

USGS ( n.d.),, ESA (n.d.).  

Satellite/sensor Resolution Operational period 

Spatial (m) Temporal (days) Spectral (µm) 

Landsat(4-5)/TM 30 16 7 bands (0,50-1,10) 1982 – 2013 

Landsat-7/ETM+ 30 16 8 bands (0,45-12,50) 1999 – 2024 

Landsat-8/OLI 30 16 9 bands (0,43-2,30) 2013 – present 

Landsat-9/OLI-2 30 16 9 bands (0,43-2,30) 2021 - present 

Sentinel-2 10-60 5 13 bands (0,43-2,23) 2015 – present 

MODIS 250-1000 1-2 36 bands (0,40-14,38) 1999 – present  

ASTER 15-90 16 15 bands (0,52-11,65) 1999 – present  

ALOS/PALSAR 10-100 - band L (23 cm) 2006 - 2011 

Sentinel-1 5-40 6-12 band C (5,5 cm) 2014 - present 

 

Because of their long history dating back to the 1980’s and their relatively high spatial and temporal 

resolution, I used data from the Landsat missions for this thesis. More specifically, tier 1 level 2 

scenes from Landsat-4/5, Landsat-7, Landsat-8, and Landsat-9 were acquired for the time period of 

January 1984 until December 2024. This was done through Google Earth Engine (GEE), according to 

the tutorial provided by Decuyper et al. (2022). Level 2 Landsat products are atmospherically 

corrected, and further pre-processing was done through GEE. This included selecting scenes with less 

than 70 % cloud cover and masking out the pixels with a high certainty of cloudiness (USGS, 2021 & 

USGS, 2024a). The number of available scenes per year, per month, and per pixel in the study area is 

shown in figure 3. 
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Figure 3: Top graph: the number of available Landsat scenes from 1984 to 2024. Bottom-left: the 

number of non-NA values per pixel in the study area. Bottom-right graph: the number accumulated 

Landsat scenes per month throughout the entire time series. 
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3.3  The AVOCADO algorithm 

The method that was used for disturbance and regrowth detection in the study area is called the 

Anomaly Vegetation Change Detection algorithm, shortened to AVOCADO (Decuyper et al., 2022). 

It is a package in R, based on the "npphen" package, which uses kernel density estimations to take the 

annual variability of vegetation into account when detecting forest disturbance and regrowth (Chávez 

et al., 2017, Estay & Chávez, 2018). This can be done using a variety of indices and any sensor of 

choice. For this thesis, the normalized difference moisture index (NDMI) was calculated using 

Landsat imagery, according to Equation 1 (Gao, 1996). Near infrared (NIR) and short-wave infrared 

(SWIR 1) correspond to different bands in different Landsat missions, as shown in Table 5. 

 

𝐸𝑞. 1: 𝑁𝐷𝑀𝐼 =
𝑁𝐼𝑅 − 𝑆𝑊𝐼𝑅 1

𝑁𝐼𝑅 + 𝑆𝑊𝐼𝑅 1
 

 

Table 5: The different bands with correspoding wavelengts per  

Landsat mission that were used for the NDMI calculation (USGS, 2024b) 

 Landsat 4-7 Landsat 8-9 

NIR (µm) Band 4 (0.77-0.90) Band 5 (0.85-0.88) 

SWIR 1 (µm) Band 5 (1.55-1.75) Band 6 (1.57-1.65) 

 

DeVries et al. (2015) found that the NDMI gave better results than the NDVI and band 5 when 

monitoring regrowth. This was attributed to the fact that exposed soil causes high reflectance in the 

short-wave region of the electro-magnetic spectrum, while vegetation moisture content significantly 

reduces the reflectance in this region (Cibula et al., 1992). At the same time, green vegetation has a 

high reflectance in the near-infrared (Hunt et al., 1987). Wilson & Sader (2002) found that the NDMI 

is more capable of detecting light disturbances, including partial cuts, than the NDVI.  

Originally, the AVOCADO package in R could detect up to four cycles of disturbance and regrowth. 

After inspection of individual pixels, it became clear that in some cases, a pixel goes through more 

than four cycles of disturbance and regrowth. Therefore, the algorithm was extended to a maximum of 

ten cycles.  

 

3.3.1 Phenological reference and anomalies 

By comparing the NDMI values of pixels in the study area to the reference phenology curve of 

undisturbed forest, disturbance and regrowth can be identified for each pixel. The reference phenology 

curve is created using all available Landsat data for all pixels in a selected area with undisturbed 

forest. The phenological reference can be taken outside the study area, but should have a similar forest 

type and seasonality. For this thesis, a forested area of 16 ha was chosen, located inside the Cordillera 

Escalera Regional Conservation Area, approximately 40 kilometres from the study area. This 

reference area, as well as the study area, is defined as ‘very humid premontane forests’ (Britto, 2017). 

The location of the reference area and its corresponding phenological curve are shown in Figure 4. 

This curve was used as the reference phenology curve. Disturbance and regrowth was determined by 

comparing the NDMI values of a pixel in the study area to the reference phenology curve. For each 

pixel in the study area where a disturbance or regrowth is detected, the anomaly is calculated as the 

difference between the observed NDMI value and the expected NDMI value for that day for 

undisturbed forest (Figure 4, dark red line).  
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Figure 4: Left: The location of the study area (red circle) and the undisturbed forest reference area (red dot) Right: The 

reference phenology curve of undisturbed 'very humid premontane forest'. On the y-axis the NDMI value, on the x-axis the 

day of the growing season, starting on July 1st. The dark red line shows the most likely NDMI value for each day. NDMI 

values outside the curve have a high likelihood of being an anomaly (white areas). NDMI values within the curve (yellow, 

orange, red) have a smaller likelihood of being an anomaly as they get closer to the expected value (dark red line). 

3.3.2 Parameters 

The AVOCADO algorithm has four parameter settings as shown in Table 6, which should be defined 

according to the aim of the research and the specific study area. Firstly, the reference frequency 

distribution (RFD) is used to define the threshold for disturbance and regrowth detection. For this 

thesis, a value of 0.95 was used, which means that a candidate disturbance date is flagged when a 

pixel has an NDMI value with a negative anomaly outside of the 95% frequency distribution. The 

parameter “cdates” defines the number of consecutive dates that are flagged as candidate disturbance, 

for it to be considered a ‘true’ disturbance. RFD and cdates have the same values for both disturbance 

and regrowth detection. The dstrb_thr parameter defines a number of days without regrowth detection 

after a candidate disturbance is flagged, for it to be considered a true disturbance. In the case of 

dstrb_thr is set to 0, taking disturbances of varying lengths into account. The rgrow_thr has the same 

purpose as dstrb_thr, but for regrowth events. For this thesis, rgrow_thr is set to 730 days, which 

means that two years after a candidate regrowth is flagged, there should be no disturbance detection. If 

there is disturbance detection during that time period, the regrowth is dismissed. This setting was 

chosen, because regrowth is a gradual process that generally takes multiple years.  

 

Table 6: Abbreviations and settings of the parameters that were used for the AVOCADO algorithm in this thesis 

Parameter Abbreviation Value Definition 

Reference frequency distribution RFD 0.95 Threshold for the detection of disturbance and 

regrowth 

Consecutive dates cdates 3 Number of consecutive dates (data points) of 

disturbance or regrowth detection, before it is 

considered a ‘true’ disturbance or regrowth. 

Disturbance threshold dstrb_thr 0 Number of days after a disturbance detection with an 
absence of regrowth detection for it to be considered  

a ‘true’ disturbance. 

Regrowth threshold rgrow_thr 730 Number of days after a regrowth detection with an 
absence of disturbance detection for it to be 

considered a ‘true’ regrowth. 

 

3.3.3 Definition of disturbance and regrowth 

For this thesis, disturbance is defined according to Decuyper et al. (2022): three consecutive dates 

with a negative anomaly outside 95% of the RFD.  However, for regrowth detection, two separate 

definitions were used. This was done because the study area experiences rapid landscape changes due 
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to swidden farming, where forest regrowth does not always lead to full restoration into old-growth 

forest before the land is reused for agriculture. DeVries et al. (2015) used the NDMI derived from 

Landsat data to determine disturbance and regrowth, and found that the time series profile of the 

NDMI shows some difference when regrowth occurs after a disturbance event, likely due to the 

difference in NDMI reflectance between secondary and old-growth forest. The spectral signature of 

secondary forest varies depending on the age of the forest. Kalacska et al. (2006) found that the 

reflectance of early successional forest was on average lower in the NIR and higher in the SWIR 

compared to intermediate and late successional forest. Vieira et al. (2003) and Carreiras et al. (2017) 

found a decrease in Landsat band 5 reflectance as forest age increased. After inspection of some areas 

in the study area, it was observed that smaller regrowth was in some cases not identified when using 

the default definition of regrowth, which can result in undetected follow-up disturbance and regrowth. 

Therefore, a second, broader definition of regrowth was added (see Table 7). 

 

Table 7: Regrowth definition for the two outputs of the AVOCADO algorithm 

 

The strict definition uses the definition of regrowth used by Decuyper et al. (2022), and the broad 

definition uses a modified definition, in an attempt to detect earlier and smaller regrowth. The strict 

regrowth definition is three consecutive dates with positive anomalies after a disturbance event. The 

broader definition considers three consecutive dates of NDMI values within the 95% of the RFD as a 

regrowth detection, even if the anomaly is negative. The difference is shown in Figure 5. The broad 

definition enables earlier detection of regrowth and can identify additional pixels with regrowth 

compared to the strict definition.  

 

Figure 5: Disturbance and regrowth detection.  

A. Disturbance detection as defined by Decuyper et al. 

(2022), and as was used for this thesis: three consecutive 

negative anomalies outside the RFD.  

B. Regrowth detection with the strict definition (as was 

used by Decuyper et al. (2022)): three consecutive 

positive anomalies.  

C. Regrowth detection with the additional broad 

definition: three consecutive data points within the RFD.  

Note that these graphs do not represent real data but are 

used to illustrate the definitions of disturbance and 

regrowth in the context of the AVOCADO algorithm. 

Regrowth 

definition 

Setting Definition 

Strict Default (Decuyper et al., 2022) Three consecutive dates (data points) with NDMI values with positive anomalies 

Broad Modified Three consecutive dates (data points) with NDMI values within 95% of the RFD 

and/or a positive anomaly 

A B 

C 
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3.4  Accuracy assessment 

3.4.1 Sampling procedure 

The accuracy of disturbance and regrowth detection was assessed separately, as shown in Table 8. For 

the strict and broad regrowth definitions, the first disturbance detection was the same. The accuracy 

assessment of disturbance detection included only the first instance of disturbance in a pixel. The 

disturbance accuracy assessment was divided into pixels with and pixels without a disturbance 

detection, similarly to Decuyper et al. (2022). The pixels with disturbance detection were separated 

into disturbance before 1995 and disturbance after 1995. The first 10 years of the timeseries represent 

an accumulation of disturbance events, making it nearly impossible to distinguish if these events 

occurred before or during the time series. Therefore, the separation of the disturbance detection in two 

strata is done to minimize overestimation of the accuracy. The pixels without disturbance detection 

are divided into the strata ‘inside buffer’ and ‘outside buffer’. This was a buffer of 500 meter around 

roads and villages, because these locations have a higher chance of being disturbed.  

 

The regrowth accuracy assessment mainly focussed on the result with the broad definition of 

regrowth. Visual interpretation of regrowth requires high resolution (HR) imagery. Therefore, the 

assessment of regrowth detection is limited to years in which HR imagery is available. The regrowth 

accuracy assessment was divided into four strata: regrowth detection with both definitions, regrowth 

detection only with the broad definition, and no regrowth in both outputs. For pixels with a regrowth 

detection with both definitions, the broad definition will generally detect earlier regrowth than the 

strict definition. Therefore, the regrowth date with the broad definition is assessed. For the stratum 

where both definitions show no regrowth detection, the assessment is divided into ‘inside buffer’ and 

‘outside buffer’. This refers to a buffer of 500 meters around (seasonal) rivers, because these areas are 

more dynamic and more prone to regrowth. 

 

Table 8: Strata for accuracy assessment and their sample sizes 

 First disturbance  First regrowth  

Disturbance No disturbance Regrowth 

detection with 
both definitions of 

regrowth 

Regrowth detection 

only with broad 

definition of regrowth 

No regrowth with 

either definition 

Before 

1995 

After 

1995 

Inside 

buffer 

Outside 

buffer 

Inside 

buffer 

Outside 

buffer 

Mapped area 

proportion 

0.459 0.329 0.082 0.130 0.428 0.423 0.060 0.090 

Optimal 

number of 

pixels  

230 165 41 65 216 214 30 44 

Pixels checked 50 50 41 50 32 50 30 44 

 

 

Pixels were sampled using stratified random sampling for the above mentioned eight strata. The 

optimal sample sizes were calculated similarly to Decuyper et al. (2022), according to Cochran et al. 

(1977), using a target standard error of 0.02 for overall accuracy, and expected user’s accuracies of 0.7 

and 0.9 for disturbance and intact forest, and 0.6 and 0.95 for regrowth and no-regrowth. The optimal 

sample sizes are proportional to the mapped area of each stratum, where the proportions of all 

disturbance strata add up to 1 and the proportions of all regrowth strata add up to 1. These sample 

sizes and mapped area proportions are shown in Table 8. Due to time constraints, only a maximum of 

50 pixels per stratum was inspected for strata with an optimal sample size above 50. Note that for the 

first regrowth stratum, the number of checked pixels is only 32 because of a lack in high resolution 

imagery and time constraints.  
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3.4.2 Pixel interpretation 

For visual interpretation of disturbance and non-disturbance pixels, Landsat data was used, which was 

available throughout the entire time series. For the visual interpretation of regrowth detection, HR 

imagery was needed. This was available through Google Earth for the years 2005 and 2006, and 2013 

until 2020. Only pixels with regrowth detection in those years were used for the visual interpretation. 

The interpretation of the pixels in the regrowth strata was done using a decision tree, which can be 

found in Appendix B. The overall, producers, and users accuracies were calculated for disturbance 

and regrowth detection separately.  

3.5  Comparison of results 

The results of the AVOCADO algorithm, using both definitions of regrowth, were compared with 

information obtained through research done in and around Panjuy (Scülfort et al., 2022). This includes 

an account of village history and its context, based on informant interviews. Through household 

interviews and field observations, the land use systems and different types of fallows were 

investigated. Furthermore, it includes the influence of economic and social changes on the land use 

practices in the study area. These findings were summarized in a report, which was used as a source 

for the comparison. The results were also discussed in two meetings with the authors of the report, 

including representatives of the NGO Waman Wasi, who provided expert interpretation of the results.  

 

4. Results 

The previous sections answered the first two research questions, by identifying relevant land use 

categories and a fitting method and data for the aim of this thesis. The results section answers the final 

two research questions: 

RQ3: What land use/forest changes can be identified in the study area between 1984 and 2024 using 

the AVOCADO algorithm and when did these changes occur? 

RQ4: How do these changes relate to the history of land use in the study area?  

4.1  Accuracy assessment 

The accuracy assessment was done separately for disturbance and regrowth detection (see Table 9). 

The first detection of disturbance was the same for both outputs, whereas the first detection of 

regrowth was not. The accuracy assessment of regrowth detection focusses on the output with the 

broad definition of regrowth. Table 10 shows higher overall accuracy for disturbance detection than 

for regrowth detection (94.8%, 84.6% respectively).  The users accuracy of regrowth detection is quite 

low, likely because lower vegetation (shrubs and grass) was sometimes classified as forest regrowth. 

 

Table 9: Confusion matrix of the disturbance and regrowth accuracy assessment. Left: disturbance. Right: regrowth 

Mapped Reference  Mapped Reference   

Disturbance Stable Total Regrowth No regrowth Total 

Disturbance 92 (46+46) 8 100  Regrowth 68 (27+41) 14 82 

Stable 2 89 (39+50) 91 No regrowth 10 64 (28+36) 74 

Total 94 97 191 Total 78 78 156 
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Table 10: Overall, user's, and producers accuracies for disturbance and regrowth detection 

 

 

 

 

 

 

 

4.2  Disturbance and regrowth detection 

The output of the algorithm is a raster with the year of disturbance and regrowth for each pixel for up 

to ten cycles. The first disturbance detection is the same for both outputs, and is shown in Figure 6. 

The first regrowth detection is different for the strict and broad definition, as show in Figure 7. Maps 

with the follow-up disturbance and regrowth detections for both definitions can be found in Appendix 

A. The fist disturbance map shows that most of the pixels in the area (79 %) have been disturbed at 

some point in the time series (Figure 6, right). For 58.3 % of the pixels with at least one disturbance, 

the first disturbance was detected before 1995 (Figure 6, right, color range from red to dark orange). 

The pixels near the river generally show an earlier disturbance detection (Figure 6, east of the study 

area in red) compared to the pixels near the mountains (Figure 6 right, west of the study area in blue). 

Within the communal boundaries of Panjuy, 82.1 % of the pixels have had at least one disturbance 

detection.  

 

Figure 6: Left: boundaries of the study area (thick red line), including the different types of villages in the study area. The 

centre of Panjuy (red square) and the communal boundaries (thin red line). Right: map with the year of the first 

disturbance detection, ranging from dark red (1984) to dark blue (2024), in the full study area (black line) and the 

community of Panjuy (white line). 

  

Stratum Overall accuracy Users Producers 

Disturbance 94.8%   

Disturbance detection 92% 97.9% 

No disturbance detection 97.8% 91.8% 

Regrowth 84.6%   

Regrowth detection 82.9% 87.2% 

No regrowth detection 86.5% 82.1% 

Village types 

Indigenous 

Andean farmers 

Combination of Mestizo, 

Andean, and Indigenous 
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The first regrowth detection with the strict definition shows that most of the regrowth was detected in 

more recent years (Figure 7, left, in blue). With this definition 42.7 % of the pixels with a disturbance 

detection, also have at least one regrowth detection. Within the communal boundaries of Panjuy, this 

is 59.7 %. With the broad definition of regrowth, the detection starts earlier (Figure 7, right, in red and 

orange) in the timeseries and covers a much larger area: 85.1 % of pixels with a detected disturbance 

have at least one regrowth detection. Within the communal boundaries of Panjuy, this is 93.3 %.  

 

Figure 7: The first year detected of regrowth using the strict definition (left) and the broad definition (right), with the 

boundaries of the full study area (black line), and the communal boundaries of Panjuy (white line). The year of detection 

ranges from 1986 (dark red) to 2022 (dark blue). Regrowth cannot be detected further than 2022 because there must be at 

least 2 years without disturbance detection before a pixel is marked as regrowth. 

 

The proportion of undisturbed, disturbed, and regrowing forest per year is shown in Graph 1. If a pixel 

experienced both disturbance and regrowth in the same year, it is counted as regrowth. Because the 

rgrow_thr set at 730 days prohibits detection of disturbance less than two years after a regrowth 

detection, logically the final state of a pixel with disturbance and regrowth in one year must be 

regrowth. You can see a steep decrease in undisturbed forest in the first 5 years of the timeline, due to 

the accumulation of detection of previous disturbances. This decrease gradually flattens out towards 

the end of the timeline.  

With the strict definition of regrowth in the full study area (Graph 1, top left), the proportion of 

regrowing forest shows an incline from 2010 onward, resulting in 22% of the area marked as 

undisturbed forest, 54% of the area marked as disturbed, and 24% of the area marked as forest 

regrowth in 2022. With the broad definition of regrowth (Graph 1, bottom left), the proportions of 

disturbance and regrowth are more dynamic, showing somewhat of a wave pattern. The final 

proportions are 22% of the full study area marked as undisturbed forest, 42% of the area marked as 

disturbed, and 36% of the area marked as forest regrowth in 2022. The area within the communal 

boundaries of Panjuy has 19 % undisturbed forest,  46 % disturbed, and 35 % forest regrowth in 2022 

when using the strict definition of regrowth (Graph 1, top right). When using the broad definition of 
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regrowth, the proportions are 19 % undisturbed forest, 32 % disturbed, and 49 % forest regrowth in 

2022 (Graph 1, bottom right).  

 

 

 

 

 

Graph 1: Proportions of disturbed, regrowth, and undisturbed pixels according to the AVOCADO algorithm per year.  

Left: full study area: the strict definition (top) and broad definition (bottom) of regrowth. 

Right: within the communal boundaries of Panjuy: the strict definition (top) and broad definition (bottom) of regrowth.  

 

 

Full study area, strict definition of regrowth Panjuy, strict definition of regrowth 

Full study area, broad definition of regrowth Panjuy, broad definition of regrowth 
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The pixels classified as regrowth or undisturbed forest can be divided into the four categories of 

fallows defined for the study area, which are llullu purma (1-4 years), purma (5-9 years), machu 

purma (10-29 years), and machu sacha (30 years or older). Figure 8 shows the maps and proportions 

of each fallow category for the year 2022, for the results with the strict definition and the broad 

definition of regrowth, for the full study area and Panjuy. Comparison of the two definitions shows 

that an additional 12.7% of the full study area is considered as fallow in 2022 when using the broad 

definition. Mainly the machu purma category is significantly larger, followed by the purma category, 

while the lullu purma is slightly smaller. For Panjuy, the use of the broad definition results in an 

increase of 14.2 % of fallows, with increases in purma and machu purma and a decrease in llullu 

purma. With both regrowth definitions, Panjuy has a larger total proportion of fallows compared to 

the entire study area.  

 

 

Figure 8: Spatial distribution of non-forest and the four different purma types (with age) for the full study area (top left, 

bottom left) and the area within the communal boundaries of Panjuy (top right, bottom right). A: with the strict definition 

of regrowth. B: with the broad definition of regrowth. 

Non-forest 
 
Llullu purma (1-4) 
 
Purma (5-9) 
 
Machu purma (10-29) 
 

Machu sacha (>30) 

B. Broad definition of regrowth 

A. Strict definition of regrowth 
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Figure 9: High resolution imagery of examples of the four different types of purma (left) with the classification according 

to the strict definition (middle column) and broad definition (right column) of regrowth. A: purma (5-9 years), B: llullu 

purma (1-4 years), C: machu purma (10-29 years), D: machu sacha (30 years or older) 

Figure 9 shows locations with the four different types of fallows and the output of the AVOCADO 

algorithm with two different definitions of regrowth (strict definition: middle column, broad 

definition: right column). The exact pixel is marked with a red dot, with an area of 0.9 ha around it. 

Overall, the broad definition (right column, top to bottom) results in more connectivity between the 

regrowth patches compared to the strict definition (middle column, top to bottom), as well as more 

pixels classified as older purma types. Figure 9A is a plot of purma (4-9 years), which in the strict 

definition is considered non-forest, whereas with the broad definition it is a combination between 

llullu purma, purma and machu purma. Figure 9B shows a plot of llullu purma (1-4 years) and Figure 

9C a plot of machu purma (10-29 years). The llullu purma plot is in both cases classified as purma, 

with some additional machu purma in the broad definition. The machu purma plot is a combination of 

all different types of purma with the strict definition of regrowth, but mostly purma and machu purma 

with the broad definition. Figure 9D is a plot of machu sacha, which in both cases is classified as 

primarily machu sacha. 

  

A 

B 

C 

D 

Non-forest 

 

Llullu purma (1-4) 
 

Purma (5-9) 

 

Machu purma (10-29) 
 

Machu sacha (>30) 
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4.3   Comparison of results to the history of land use in Panjuy 

Graph 2 shows the number of pixels with a disturbance detection and number of pixels with a 

regrowth detection per year for the area within the communal boundaries of Panjuy. Dark red and dark 

green are the results with the strict definition of regrowth, and orange and light green are the results 

with the broad definition of regrowth. The first 10 years show similar results in disturbance detection, 

but further along the timeline, the results start to deviate from each other. The final two years of the 

timeline do not show regrowth detection, because there must be at least 2 years without disturbance 

detection before a pixel is marked as regrowth. The village report includes a timeline of events related 

to the history of land use, focussed on agriculture, forestry, and the organization of the village 

(Scülfort et al., 2022). This information is included above and below Graph 2, in parallel to the years 

in the time series.  

 

 

 

 

Graph 2: The number of pixels with a disturbance or regrowth detection per year (1984-2024), within the communal 

boundaries of Panjuy. Note that the final two years have no regrowth detection, as there have to be at least two full years 

without disturbance detection before a regrowth detection is considered ‘true’. The results with the strict definition of 

regrowth are shown in dark red and dark green, and the results with the broad definition are shown in orange and light 

green. Above the chart are the durations of the use of a number of crops in the study area. Below the chart some important 

events related to land use are marked. 
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5. Discussion 

In the previous sections, all four research questions were answered. Firstly, the relevant forest classes 

for the study area were defined in the context of remote sensing. Secondly, a suitable method and data 

were identified by carrying out a literature review. Finally, the AVOCADO algorithm was used to 

map the forest disturbance and regrowth dynamics in the study area, using two definitions of 

regrowth. The results were then compared to the historical timeline of the land use in Panjuy. The first 

part of this discussion gives an interpretation of the results, while the second part focusses on the 

limitations of this thesis. 

To interpret the outputs of the AVOCADO algorithm, the main findings of this thesis were compared 

to the village report of Panjuy (Scülfort et al., 2022), previous research done in the area (Marquardt et 

al., 2018), and discussed in two meetings with researchers and representatives of the local NGO 

Waman Wasi.  

5.1  Interpretation of the results 

5.1.1 Temporal patterns of forest disturbance and regrowth 

During the final meeting, the years with noticeable large peaks in disturbance or regrowth were 

discussed. Yearly interpretation was done only from the year 1995 onward, because the first ten years 

are considered an accumulation of previous disturbances.  

 

Table 3: Interpretation of peaks in disturbance detection 

Year Interpretation disturbance 

1995-1998 Large peaks in disturbance were detected in these years, which could be explained by the eradication of 

coca, replaced by hybrid cocoa and maize. This was supported by the government in an effort to stop 

coca production.  

2003-2007 These years were marked by the popularity of the Inka peanut (sacha inchik), because of its high market 

price. Combined with a large price drop in cotton in 2002, this could have incentivised farmers to open 

up new fields. 

2024 The high price of cacao could be an incentive for farmers to clear more land for production. 

 

Table 4: Interpretation of peaks in regrowth detection 

Year Interpretation regrowth 

2000/2001 These years have relatively high regrowth rates, potentially because of the abandonment of cotton fields, 

as cotton production stopped in 2000.  

2007/2008 The Inka peanut lost its popularity, resulting in abandonment of those fields, allowing for regrowth. 

2011-

2013/2014 

This peak in regrowth could be attributed to an increase in abandonment of coffee fields, related to the 

outbreak of a coffee crop disease called ‘La Roja’. 

 

The comparison of the results to the history of the land use of Panjuy show that some of the peaks in 

disturbance (Table 8) and regrowth (Table 9) align with the introduction or eradication of crops in the 

study area. Increasing popularity of specific crops due to rising prices could incentivize farmers to 

open up more fields. At the same time, a decrease in value could lead farmers to abandon their field, 

allowing for natural regrowth.  

Apart from considering socio-economic reasons for increases in forest disturbance and regrowth, 

climatic influences cannot be ignored. El Niño events occurred in the years 1997-1998 (Santoso et al., 

2015), 2005 (Zeng et al. 2008), 2010 (Espinoza et al., 2011), and 2015-2016 (Jiménez-Muños et al., 

2016), which all coincide with peaks in disturbance detection (Graph 2). The weather extremes related 
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to El Niño events could have triggered an increase in disturbance detection. Both outputs show a large 

peak of disturbance in 1991, whereas in the following years with an El Niño event, mainly the output 

with the broad definition shows larger peaks. This is because, as a result of an increase in regrowth 

detection with the broad definition, more follow up disturbance can be detected. Looking at the 

proportions of disturbed pixels, there are more noticeable increases in disturbance detection in the 

years 1998, 2010 and 2015-2016 with the broad definition  (Graph 1, bottom left), compared to the 

strict definition (Graph 1, top left). Most of this increase in disturbance is in regrowing forest pixels. 

Some years with an increase in regrowth detection, particularly with the broad definition, are 1999, 

2007/2008, and 2013, which are all years (shortly) after an El Niño event. The recovery of weather 

related disturbance could have triggered these increases in regrowth detection. This suggests that the 

algorithm is sensitive to extreme weather events, particularly when using the broad definition of 

regrowth. When comparing the proportions of undisturbed, disturbed, and regrowing forest in the full 

study area (Graph 1, left) to those in the communal boundaries of Panjuy (Graph 1, right), you can see 

that the decrease in undisturbed forest over the years is quite comparable, except from 2010 onward. 

During this time, the community of Panjuy lost proportionally more undisturbed forest than the full 

study area. This could be related to an increasing pressure on the land because of an increase in 

population. Throughout the entire timeseries, the community of Panjuy has a larger proportion of 

regrowing forest than the full study area, both with the strict and the broad definition of regrowth. 

This is likely due to the common practice of swidden farming and agroforestry in the community of 

Panjuy, compared to more intensified forms of land use in the full study area.  

 

5.1.2 Spatial patterns of forest disturbance and regrowth 

Up until the 1990s, most households in Panjuy still had rather large areas of agricultural land and 

forest. During the 1990s however, the land was used for short periods, instead of rotating between 

fields and fallows. This continuously opening up of new fields pushed the agricultural frontier further 

into the old-growth forest area. Additionally, the in-migration of Andean farmers started around 1995 

in this region, which led to an increasing competition for land, resulting in shorter fallow periods. 

Figure 6 shows that first disturbance detection occurred earlier in the areas toward the river, which 

makes sense considering that Indigenous and mixed villages settled earlier in these areas. South of 

Panjuy there is an area with later disturbance detection. This is an area around three Andean migrant 

villages (Chinao, Ungurawi Pampa, and Nueva Continente). First disturbance around these villages 

was detected from 1995 onward, which is plausible, as this is around the time of supposed settlement. 

With both of the regrowth definitions, the proportion of non-forested area is smaller within the 

communal boundaries of Panjuy (Figure 8, right), compared to the entire study area (Figure 8, left). 

The surface area of the Panjuy community is approximately 3716 ha. The village report mentions that 

about 1/5th of the area is old growth forest, 2/5 is secondary forest with different types of fallows, and 

2/5 of the area is agricultural land (Scülfort et al., 2022). Both of the outputs show results similar to 

these proportions in 2022, with the difference being mainly in the proportion of agricultural land 

(Figure 8, right, non-forest class, strict: 46.6%, broad: 32.4%). According to the village report, the 

most and least common types of fallow are purma and machu purma respectively. Purma is more 

common when using the broad definition, whereas machu purma is less common when using the strict 

definition (Figure 8, right). Further uphill from the village centre, the largest proportion of macha 

purma and macha sacha is located (Figure 8, right), which is in line with the village report. The old-

growth forest is mainly preserved for hunting, extraction of wood and conservation of timber. Another 

reason for preservation is the fact that these hills are too steep to use as agricultural land. 

As llullu purma (1-4 years) is the least mature type of fallow, it is considered the least important for 

household resources. For this reason, it can be preferred to open up a new field for agriculture in a 

llullu purma. In their study on swidden farming in the Brazilian Amazon, Jakovac et al. (2015) found 

that a decrease in the fallow period resulted in a decreased yield and an increased weed cover. It is for 
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this reason that it could be preferred to open up more mature fallows for farming. The number of 

regrowth cycles is shown in Figure 9. A high number could indicate the practice of swidden 

agriculture. With the strict definition of regrowth, you can see a concentration of pixels with a high 

number of cycles within the communal boundaries of Panjuy (Figure 9, left). With the broad 

definition, a much larger part of the study area has three or more regrowth cycles, extending mostly 

toward the North (Figure 9, right). This could indicate that the strict definition gives a more accurate 

indication of the number of regrowth cycles, as the output with the strict definition is more in line with 

the spatial distribution of land use practices in the study area.  

 

Figure 9: The number of detected regrowth events during the entire timeseries per pixel, withing the full study area (black 

line) and the communal boundaries of Panjuy (red line). Left: with the strict definition of regrowth. Right: with the broad 

definition of regrowth. 

5.2  Comparison to similar studies 

Global Forest Watch (GFW) provides yearly data on deforestation from 2001 until 2023 (Hansen et al. 

2013). The timeline for disturbance in the community of Panjuy is shown in Graph 3. This shows 

much lower absolute numbers of disturbance compared to the results from the AVOCADO algorithm. 

This seeming underestimation of disturbance has been previously noted by Milodowski et al. (2017). 

They found that the performance of forest loss detection by GFW was affected by the scale and mode 

of disturbance: small disturbance (<2 ha) were underestimated by GFW. Whereas the absolute 

numbers are lower, the temporal pattern matches that of the results in this thesis to some extent: a 

peak in 2007, an increase from 2013 to 2016, and relatively stable levels from 2020 onward. 
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Graph 3: Yearly deforestation within the communal boundaries of 

Panjuy per year in number of pixels (Hansen et al., 2013) 

The tropical moist forest (TMF) product provides yearly data on deforestation, forest degradation, and 

forest regrowth from 1991 to 2023 (Vancutsem et al., 2021). Graph 4 shows the number of disturbed 

or degraded, and regrowing pixels in the study area from 1991 to 2019. Yearly disturbance and 

degradation detection shows some large peaks in 1995-1996, and 1998. After that, disturbance is 

relatively stable until the peak in 2007. There is one more peak in 2010, after which disturbance 

gradually decreases until 2019. This overall pattern is quite similar to both outputs from the 

AVOCADO algorithm, but in absolute number of pixels, the output with the strict definition of 

regrowth is more similar. For regrowth detection, the data from the TMF is relatively conservative 

throughout the entire time series, until two very large peaks in 2017 and 2019. With the broad 

definition of regrowth, there is a similarly large peak in 2016. Other than that, the AVOCADO 

algorithm detects more regrowth throughout the entire timeseries with both the strict and broad 

definition.  

 

Figure 4: Yearly deforestation and forest degradation and regrowth in the study area in number of 30 by 30 meter pixels 

per year (Vancutsem et al., 2021)  
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5.3  Limitations and recommendations 

The limitations are discussed per research question. Firstly, focussing on the definition of relevant 

land use classes in the study area and the suitability of Landsat data and the AVOCADO algorithm in 

the context of this thesis. Secondly, discussing the resulting disturbance and regrowth detections, and 

the comparison of these results to the history of land use in and around Panjuy.  

 

5.3.1 Definition of land use classes  

The first research question was “What relevant land use/forest classes are present in the study area and 

how can these classes be defined in the context of remote sensing?” This was done by reading the 

village report on Panjuy, related articles, and discussing with Kristina Marquardt. It was decided to 

focus on the fallows that are a part of the swidden farming system, divided based on age. This division 

is a simplification of reality for two reasons. The first being that types of fallow or successional stages 

of secondary forest can be divided based on other metrics apart from age, such as biodiversity or 

forest structure. Secondly, focussing only on forest regrowth in fallows that are part of swidden 

farming is impossible, because in reality, different types of land use often overlap or merge into each 

other. Furthermore, the AVOCADO algorithm does not distinguish between different types of 

regrowth (e.g. natural or plantation), so no distinguishment can be made between agroforestry and 

fallow. This became apparent after inspecting pixels of mature cocoa plantations (Appendix E). While 

young plantations did not trigger a regrowth detection with either definitions of regrowth, more 

mature plantations did. This has to be taken into account when interpreting the results: not all 

detections of regrowth are necessarily related to the swidden farming cycle. As the accuracy of 

disturbance detection with the AVOCADO algorithm is quite high, it would be interesting to carry out 

post-disturbance classification using machine learning. An example is the study by Batista et al. 

(2022), where machine learning was used to distinguish between cocoa agroforestry and forest.  

 

5.3.2 Landsat data and the AVOCADO algorithm 

The second research question was “What remote sensing-based method and data are most fitted for 

detecting land use changes, focused on forest regrowth dynamics?”.  Both the selected data and 

method had certain limitations in this thesis.  

5.3.2.1 Landsat data 

Landsat data was found to be the most fitting data, because it spans over four decades and has a 

relatively high spatial and temporal resolution. However, due to the frequent presence of clouds, 

image availability turned out to be limited in some parts of the study area. Mainly towards the West of 

the study area, the data availability decreases. This is also the area with generally later and less 

frequent disturbance and regrowth detection. The steepness of the hills make this area less suitable for 

agriculture, which could mean that a lower disturbance detection is correct. At the same time, this 

could be a result of low data availability. There are sources of data that could be used 

complementarily to partially solve this issue of cloud cover, such as ALOS PALSAR (Reiche et al., 

2015). 

A varying data availability over the years in the timeseries could have influenced the number of 

detections per year. An example is the increased regrowth detection in 1999-2001. This could be 

related to the amount of Landsat data that was available for those years: 16, 21, and 25 Landsat scenes 

for those years respectively, whereas 1998 had just 13 scenes. The reason for this increase in data 

availability was the launch of Landsat-7 in 1999 (USGS, n.d.). At the end of the timeseries, there is a 

steep increase in yearly scenes because of the launch of Landsat-9 in 2021, which could explain a 

slight increase in disturbance detection with the broad definition of regrowth (Graph 2). 
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5.3.2.2 The AVOCADO algorithm 

The parameter settings are very influential to the output of the AVOCADO algorithm. If you set the 

disturbance threshold to for example 365, it would mean that a true disturbance is only detected if for 

the following 365 days, no regrowth detection is done. However, in the context of this thesis, where a 

broad definition and a strict definition of regrowth were used, putting this threshold higher than 0 

would result in incomparable outputs: using the broad regrowth definition would result in discarding a 

large amount of first disturbance detection due to early regrowth detection. Therefore it was chosen to 

use a disturbance threshold of 0. This way, all types of disturbances are included in the research. In 

the context of this thesis, the focus was mainly on human influence on forest disturbance and 

regrowth, and less so on other causes of forest disturbance (e.g. drought effects), which could be 

excluded by raising the disturbance threshold. However, Decuyper et al. (2022) pointed out that 

raising the disturbance threshold could increase omission errors in areas with rapid forest regrowth, 

which is the case in the study area for this thesis. 

The cdates parameter sets a number of consecutive dates with a disturbance or regrowth detection 

before it is considered ‘true’. Because data availability increases towards the end of the timeseries, 

cdates = 3 has a different meaning depending on the moment in the timeseries: at the start of the 

timeseries, three consecutive data points might cover a timespan of multiple years, whereas at the end 

of the time series, three data points might be taken in the same month. A possible solution to reduce 

overestimation of disturbance or regrowth detection, could be to make the cdates setting more strict as 

data availability increases.  

For the phenological reference, an area of 16 ha that was known to be undisturbed forest was used. 

While it should be representative of old-growth forest, it is a relatively small reference area, with a 

total of 539 images available over the entire time series. To increase the amount of data for the 

phenological reference, multiple other reference areas could be added. Whereas the strength of the 

AVOCADO algorithm lies in its flexibility to be applied to any study area, use of different reference 

areas for different studies makes it hard to compare results. A potential solution would be to create a 

set of standardized reference areas for different ecozones. 

 

5.3.3 Disturbance and regrowth detection using the AVOCADO algorithm 

The third research question was “What land use/forest changes can be identified in the study area 

using the AVOCADO algorithm and when did these changes occur?”. For the accuracy assessment of 

the results, I looked at the broad definition of regrowth, comparing the results with HR imagery. This 

assessment was limited to the years with HR imagery. Additionally, even though I used a decision tree 

for the assessment of regrowth to minimize my own bias, the visual interpretation is still prone to 

subjectivity. 

The pixel interpretation was quite labour intensive: for some strata three quarters of the pixels that 

were checked, were inconclusive due to lack of HR imagery. This resulted in a below optimal number 

of checked samples. It might have been less time consuming to compare larger pieces of the study 

area to high resolution imagery at once, or to use a method to quantify landscape structures, such as 

FRAGSTATS (McGarigal & Marks, 1995). Ideally, a larger number of samples would have been 

assessed, proportional to the mapped area, to give a more accurate estimation of the performance of 

the algorithm with the broad definition of regrowth (Olofson et al., 2014). Because of a lack thereof, I 

decided not to choose just one of the outputs (either with the strict or broad definition of regrowth), 

but to include both outputs in this thesis.  
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Overall, the results showed that the study area has experienced a high level of disturbance over the last 

forty years. Almost 80 % of the study area had at least one disturbance detection during the timeseries. 

However, what happens after a disturbance detection seems to be dependent on your definition of 

regrowth. It is not surprising that the AVOCADO algorithm considered a larger part of the area as 

regrowth when using the broad definition, compared to the strict definition. It was surprising to see 

how much larger this estimation became. There seems to be an state in between ‘disturbed’ and 

‘regrowth’ that is slightly ambiguous, moving the pixels from one class into another more often when 

the broad definition of regrowth is used. It would be more fitting to use more than those two states, by 

adding transitional stages between different successional stages, as proposed by Li et al. (2017). In the 

context of the AVOCADO algorithm, this could be done based on a pixels anomaly value.  

It is important to note that when talking about forest regrowth detection in the context of this thesis, 

we are referring to recovery of the signal of the Landsat data. However, the quality and origin of this 

regrowth is not addressed. Different types of forest regrowth provide different types of services with 

varying quality. Tito et al. (2022) found that agroforestry systems and plantations have lower 

biodiversity than secondary forest (defined as “naturally regenerating forests on abandoned deforested 

lands”). While plantations and agroforests were found to have comparable carbon stock as young 

secondary forest, the carbon stock increases as secondary forest matures.  

However, we cannot dismiss the importance of including forest regrowth metrics, and the role of 

Indigenous communities in combatting the loss of forest. Walker et al. (2020) estimated a near zero 

net carbon loss within Indigenous Territories in Peru between 2003 and 2016. Whereas Indigenous 

Territories experienced a large amount of carbon loss, the majority of these losses were found to be 

offset by gains. Similarly, Bennet et al. (2023) found that net deforestation across 25 Peruvian 

Indigenous Territories was 5%, but when taking forest regeneration into account, this was reduced to 

3.5%, which is a significant difference. Despite the high levels of disturbance in the study area over 

the past 40 years, the regrowth rates detected by the AVOCADO algorithm suggest that forests in the 

study area are highly dynamic and resilient, highlighting the need to include forest regrowth in 

monitoring efforts.  

 

5.3.4 Comparison of the results to the history of land use in Panjuy 

The fourth research question focussed on the interpretation of my results, being: “How do the land 

use/forest changes relate to expert knowledge on the history of the land use in the study area?”. One of 

the main limitations in answering this research question was my own knowledge gap. I have no 

background in forestry or ecology, so initially it was quite difficult to fully grasp the character of the 

landscape. However, as I got more familiar with the area through reading the village report, other 

studies, and through the meetings, my understanding of the landscape dynamics improved. The 

interpretation of my results in the final meeting was largely dependent on my presentation of those 

results, which was complicated by a language barrier and the differences between social agro-

ecological research and GIS methodologies. If I were to carry out a similar study again, I would 

include expert knowledge in the interpretation of high resolution imagery.   
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6. Conclusion 

The aim of this thesis was to contribute to the understanding of forest disturbance and regrowth 

dynamics in the Peruvian Amazon, using the Indegenous village of Panjuy as a case study. Four 

research questions were addressed to reach this goal. Firstly, the relevant land use classes in the 

context of swidden farming were identified as following: llullu purma, purma, machu purma, machu 

sacha, and non-forest. Secondly, a systematic literature review was carried out to identify suitable 

method and data, based on the requirements of this thesis. This resulted in using the AVOCADO 

algorithm in combination with Landsat data, over a period of 40 years (1984-2024). In addition to the 

default definition of regrowth, a broader definition was used in an attempt to detect early secondary 

forest succession related to swidden farming.  

The AVOCADO algorithm detected disturbances for a large majority of pixels in the study area. Both 

regrowth definitions indicated high regrowth rates, but the broad definition found significantly more 

regrowth in the area and an increased number of regrowth cycles in large parts of the study area. Some 

peaks in regrowth or disturbance aligned with increasing or decreasing popularity of certain crops. At 

the same time, large peaks in disturbance, particularly with the broad definition, aligned with years 

with an El Niño event, suggesting a sensitivity of the AVOCADO algorithm to extreme weather 

events.  

The community of Panjuy showed larger proportions of regrowing forest compared to the full study 

area throughout the entire time series. This suggests a more dynamic landscape, which could be 

attributed to the predominant land use practise of swidden farming, in contrast to more intensified 

agriculture in some areas surrounding Panjuy. Compared to the full study area, Panjuy had an 

increasingly smaller proportion of undisturbed forest near the end of the timeseries, which could 

indicate an increasing pressure on the land, resulting in clearing of old-growth forest.  

The overall high detection of regrowth with both the strict and the broad definition underscores the 

importance of including forest recovery alongside forest disturbance in forest monitoring frameworks. 

Additionally, expert knowledge on historical land use helped reveal underlying drivers of spatial and 

temporal patterns in forest dynamics in the study area.  

Future research can expand upon these findings by differentiating between agroforestry and fallow 

related to the swidden farming cycle, adding more transitional forest categories to the AVOCADO 

algorithm, and including complementary sources of data to combat data scarcity due to cloud cover. 
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7. Generative AI statement 

Generative AI was used to improve my text by asking for suggestions of synonyms or improving the 

structure of single sentences. Furthermore, it was used to find solutions for specific coding problems, 

such as singular lines performing a specific task, or for improving the visualisation of data. Examples 

of these types of use are given in Appendix E.   
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Appendix A: follow up disturbance and regrowth cycles 

Each of the disturbance and regrowth cycles is shown with the boundaries of the full study area. 

All follow up cycles with the strict definition of regrowth 

Cycle 2 

Disturbance      Regrowth 

 

Cycle 3 

Disturbance      Regrowth 
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Cycle 4  

Disturbance       Regrowth 

 

 

 

All cycles with the broad definition of regrowth 

Cycle 2 

Disturbance      Regrowth 

 

Cycle 3 

Disturbance      Regrowth 
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Cycle 4 

Disturbance       Regrowth 
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Cycle 5 

Disturbance      Regrowth 

 

Cycle 6 

Disturbance       Regrowth 
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Appendix B: Decision tree for the accuracy assessment of regrowth detection 
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Appendix C: disturbance and regrowth detection for different fallow types 

Shown below are the disturbance and regrowth detections of the reference locations used for Figure 9.  

The top graph is detection when using the strict definition of regrowth, while the bottom graph is 

detection with the broad definition of regrowth. Disturbance detections are marked with a red dotted 

line, while regrowth detections are marked with a green dotted line. In the top graph, the green dots 

are data points with a positive anomaly, and the red dots are data points with a negative anomaly 

outside the RFD. In the bottom graph, the green dots are data points within the RFD and the red dots 

are data points with a negative anomaly outside the RFD. 

Llullu purma (1-4 years) 

Comparing the timelines of disturbance and regrowth detection with different regrowth definitions 

shows that the main difference is the period between 1999 and 2010: with the strict definition, the 

pixel is considered disturbed during this time period, but with the broad definition, it is considered 

regrowing. In the period between 2013 and 2024, the pixel is considered to be regrowing in both 

cases.  

 

Purma (5-9 years) 

As for the timelines of the purma plot, the two definitions of regrowth give very different results. 

When using the strict definition, the pixel is considered to be disturbed throughout the entire time 

series from 1990 onward. With the broader definition, the pixel experiences three full disturbance and 

regrowth cycles over the entire time series. 
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Machu purma (10-29 years) 

The timelines of the machu purma plot are very similar: both show only one very short disturbance 

event in 2016. Apart from that, the pixel is considered undisturbed or regrowing during the rest of the 

time series. 

 

Machu sacha (30 years or older) 

The macha sachu plot has the exact same timeline for both definitions of regrowth: just one 

disturbance detection near the end of the timeline.  
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Appendix D: disturbance and regrowth detection in cacao plantations 

This appendix contains a few pixels of known cacao plantations. For each pixel, the top figure is the 

detection with the strict definition, and the bottom graph is the detection with the broad definition of 

regrowth. In the first pixel, the cacao plantation stays quite small (as shown on the HR imagery), 

triggering no regrowth detection. The second pixels only shows regrowth detections with the broad 

definition of regrowth. The third pixel had regrowth detections with both definitions of regrowth, but 

multiple cycles with the broad definition.  
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2020 
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Appendix E: use of AI examples 

Example of the use of AI for spelling and grammar 

ChatGPT prompt 

Skutsch & Turnhout (2020) note that even though most recent scientific literature identifies large 

scale agriculture as main driver of deforestation, many countries’ national REDD+ documents 

attribute this to communities.  

Is the use of ‘attribute’ correct? 

ChatGPT answer 

The use of "attribute" is grammatically correct, but the sentence could be clearer. "Attribute" is 

typically followed by "to" when indicating the cause of something. In this case, "attribute this to 

communities" is fine, meaning that national REDD+ documents claim communities are responsible 

for deforestation. 

However, a slight rewording could improve clarity: 

"Skutsch & Turnhout (2020) note that even though most recent scientific literature identifies large-

scale agriculture as the main driver of deforestation, many countries’ national REDD+ documents 

attribute deforestation to communities." 

This revision avoids the ambiguity of "this" and ensures "attribute" has a clear object (deforestation). 

Would you like any further refinements? 

 

Examples of the use of AI for R 

Example 1 

ChatGPT prompt 

both_regrowth <- distreg_AOI_mod[[4]] 

both_regrowth[is.na(distreg_AOI_default[[4]])] <- NA 

I want to only select the pixels with a value of either 2005 or 2006 or higher than 2013 

 

ChatGPT answer 

Code 

both_regrowth <- distreg_AOI_mod[[4]] 

both_regrowth[is.na(distreg_AOI_default[[4]])] <- NA 

# Keep only values that are 2005, 2006, or greater than 2013 

both_regrowth[!(both_regrowth %in% c(2005, 2006) | both_regrowth > 2013)] <- NA 

Explanation 

• both_regrowth %in% c(2005, 2006): Selects values that are either 2005 or 2006. 

• both_regrowth > 2013: Selects values greater than 2013. 

• !(...): Negates the condition to keep only the desired values, setting everything else to NA. 

 

Example 2 

ChatGPT prompt 
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ggplot(age_counts, aes(x = "", y = Percentage, fill = Age_Category)) + 

  geom_bar(stat = "identity", width = 1, color = "black") + 

  coord_polar(theta = "y") +   

  theme_void() +  

  scale_fill_manual(values = c("0" = "white", "1" = "saddlebrown",  

                               "2" = "sandybrown", "3" = "lightgreen",  

                               "4" = "darkgreen")) +  

  labs(fill = "Age Category") + 

  theme(legend.position = "right") 

 

I want to add percentages to this pie chart 

 

ChatGPT answer 

Code 

ggplot(age_counts, aes(x = "", y = Percentage, fill = Age_Category)) + 

  geom_bar(stat = "identity", width = 1, color = "black") + 

  coord_polar(theta = "y") +  

  theme_void() +  

  scale_fill_manual(values = c("0" = "white", "1" = "saddlebrown",  

                               "2" = "sandybrown", "3" = "lightgreen",  

                               "4" = "darkgreen")) + 

  geom_text(aes(label = paste0(round(Percentage, 1), "%")),  

            position = position_stack(vjust = 0.5), size = 5) +  # Add percentage labels 

  labs(fill = "Age Category") + 

  theme(legend.position = "right") 

Explanation  

1. geom_text(aes(label = paste0(round(Percentage, 1), "%")) 

This formats Percentage values to show one decimal place and appends a % sign. 

2. position = position_stack(vjust = 0.5) 

Ensures the labels are centered within their respective slices. 

3. size = 5 

Adjusts the text size for better visibility. 

 

 


