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Executive Summary 

Duke University aims to become carbon neutral by 2024 which means potentially offsetting up 

to 82,000 metric tons of carbon dioxide per year. In partnership with the Duke Carbon Offsets 

Initiative and Duke Lemur Center, we used a multidisciplinary analytical approach to inform the 

development of a Reducing Emissions from Deforestation and Degradation (REDD) + 

Afforestation, Reforestation, and Revegetation (ARR) project in the SAVA region, Madagascar. 

The SAVA region is known for its vast amount of old growth forests, which have become 

increasingly deforested over the last twenty years. The goal of this carbon offset project is to 

reforest degraded forest sites, to increase carbon storage, and to offset some of Duke University's 

emissions. Our clients identified four project sites to be evaluated for carbon offset project 

activities. We assessed potential project activities in four sections.  

The first section of this project describes the methods used for creating deforestation threat maps, 

current land cover maps, and tracking historical land use and land cover trends. We created a 

land use and land cover map for two reference regions encompassing the four project sites. We 

analyzed land cover changes from 2009 to 2019 and combined the results with a deforestation 

threat map to predict future land cover changes. We used these results to establish the baseline 

scenario—the state of the project sites in ten years without project implementation. 

Sections two and three describe the methods for quantifying the change in carbon stocks under 

native forest restoration and agroforestry scenarios. Using local botanical data, allometric 

models, and baseline landcover maps, we estimated the carbon stocks in the baseline scenario on 

all project sites. We then predicted the total amount of carbon in each project site if reforested 

through native forest restoration and through several agroforestry practices. We used these 

results to assess carbon benefits in different project scenarios. 

Section four describes the methods for evaluating the additionality of project scenarios through 

barrier and common practice analyses. We conducted a literature review and collected 

information through key informant interviews to identify alternative land use scenarios that 

would discount the additionality of project activities. We then identified the barriers that would 

prevent these scenarios. Based on the barriers to alternative land use scenarios, we determined 

whether the project scenarios would be additional in providing increases in carbon storage. 

We found that all four sites have the potential to provide carbon offsets through native forest 

restoration or agroforestry scenarios. However, further data collection and analysis will be 

necessary to verify the total reduction in emissions at each site under the chosen project 

activities. Additional analyses are also required as outlined by the REDD+ ARR methodology. If 

completed, this project would contribute to helping offset Duke University’s carbon emissions 

while restoring degraded landscapes in the SAVA region. 
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Introduction 

Anthropogenic greenhouse gas emissions have increased dramatically since the 1950s, 

intensifying climate change and its adverse effects on people and natural ecosystems. As a result, 

efforts to reduce emissions to mitigate future climate change are urgently needed (IPCC 2014). 

Carbon offset projects are an increasingly popular solution for reducing emissions with global 

demand for carbon credits estimated to increase by a factor of up to 15 by 2030, equivalent to a 

$50 billion increase in carbon markets (Blaufelder et al. 2021; Boyd et al. 2012). Carbon offset 

projects allow organizations that cannot reduce emissions internally to purchase carbon offsets 

generated from projects as carbons credits— “tradeable units or certificates which represent one 

metric ton of carbon” (Broekhoff et al. 2019; Lasco et al 2014). Tropical forests are favorable 

locations for generating carbon credits because they sequester large amounts of atmospheric 

carbon due to their high rates of primary productivity (Houghton et al. 2005; Gibbes et al. 2007; 

Pan et al. 2011).  

In addition to reducing greenhouse gas emissions, carbon offset projects can provide social, 

economic, and environmental benefits. For example, carbon offset projects can contribute to 

biodiversity conservation through the protection and restoration of critical habitats (van der Werf 

et al. 2009; Broekhoff et al. 2019), such as tropical forests that are home to over half of Earth’s 

species. (Lewis et al. 2015).  Tropical forests also provide resources to millions of people in 

developing countries (Angelsen and Wunder 2003, Geist and Lambin 2002). Conserving and 

restoring degraded forests can provide food, fiber, and cultural services to local communities 

(Jha and Bawa 2012) as well as reduce erosion and store stormwater (Anderson et al. 1976; Lu 

1996). 

Standard-setting organizations provide carbon credits through carbon offset verification 

programs for quality assurance. These programs include international or governmental bodies, 

such as the United Nation’s Clean Development Mechanism Executive Board, and independent 

non-government organizations, such as the Verified Carbon Standard (VCS) (Broekhoff et al. 

2019). Carbon offset programs have three main responsibilities: (1) develop and approve carbon 

credit quality assurance standards, (2) review proposed carbon offset projects, and (3) issue, 

transfer, and retire credits based on the standards implemented (Broekhoff et al. 2019). Carbon 

offset programs help verify that emission reductions will be additional, meaning that the carbon 

reductions would only occur through the implementation of the project. The programs also 

validate the accuracy of the predicted carbon emission reductions, verify the longevity of project 

activities, and ensure the project does not cause significant environmental or social harm to the 

local area and people (Broekhoff et al. 2019; Moura Costa et al. 2000). 

In 2009, Duke University implemented a climate action plan to become carbon neutral by 2024, 

requiring a reduction of approximately 433,961 metric tons of carbon dioxide emissions 

(Sustainable Duke 2009). While the university has achieved a 24% reduction in emissions 

through internal efforts, carbon offset projects are needed to reach carbon neutrality (Sustainable 

Duke 2019). As a result, the Duke Carbon Offset Initiative (DCOI) has partnered with the Duke 

Lemur Center (DLC) to design a carbon offset project in the SAVA region of Madagascar using 

a VCS verified methodology for reforestation. In 2001, there were an estimated 786,000 hectares 

of old growth forests in the SAVA region (Global Forest Watch 2021). However, deforestation 

has expanded in this region over time, largely for agricultural development (Brimont et al. 2015; 
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Styger et al. 2007). DCOI and DLC have identified multiple locations within the degraded 

landscape to serve as intervention areas for the project (i.e., the project sites). 

Madagascar has also set ambitious goals to reduce 30 megatonnes (Mt) of carbon emissions by 

2030 to protect its extensive coastal zones (Republic of Madagascar 2015). The nation’s coastal 

areas support much of the nation’s economy and local people, but are extremely vulnerable to 

climate change impacts (Republic of Madagascar 2015). These climate impacts, which have 

worsened over the last twenty years, include prolonged periods of drought, increased variability 

in rainfall, intensification of cyclones, and more frequent flood events (Republic of Madagascar 

2015). Madagascar’s emissions reduction goals will contribute to the mitigation of climate 

change and the protection of their valuable coastal regions (Republic of Madagascar 2015; 

World Bank 2021).  

Together, Duke University's and Madagascar’s goals provide an excellent opportunity for a 

carbon offset project, which could reduce carbon emissions, reforest degraded land, and create 

economic incentives for forest restoration. The purpose of this Master’s Project is to perform 

preliminary analyses that will contribute to the development of a Reducing Emissions from 

Deforestation and Degradation (REDD) + Afforestation, Reforestation, and Revegetation (ARR) 

project in the SAVA region, Madagascar. We provide the methods and results for this project in 

four parts:  

1. Project site evaluation and baseline land cover mapping and analysis   

2. Estimation of carbon stocks in the Baseline Scenario and Native Forest Restoration 

Scenario  

3. Estimation of carbon stocks in the Agroforestry Scenario   

4. Combined tool to identify the baseline scenario and demonstrate additionality in ARR 

project activities  

To evaluate the benefits and feasibility of proposed project activities, we quantified the net 

change in carbon stocks under two reforestation scenarios and engaged with stakeholders to 

determine the most realistic and effective scenario(s) for offsetting carbon (Figure 1). We 

incorporated modules and tools from the VCS Methodology VM0007 v1.6: REDD+MF (Verra 

2018) to quantify ARR emissions reductions for the production of carbon credits. 
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Figure 1: Flow chart depicting workflow elements used for analyzing project sites to inform 

carbon offset project development in SAVA, Madagascar.  

Section 1: Project Site Evaluation and Baseline Land Cover Mapping and Analysis 

Study Area 

The DLC and the Centre Universitaire Régional de la SAVA (CURSA) partnered to identify the 

potential project sites in the SAVA region of northeast Madagascar. The selected sites have 

experienced forest lost due to expanding and shifting agriculture practices. From 2000 to 2019, 

the region lost approximately 406,000 hectares (21%) of its tree cover, equivalent to 150 Mt of 

carbon emissions (Global Forest Watch 2021). Partners at CURSA identified and recorded the 

geographic coordinates around the periphery of four sites: Amborinala, Andranotsara,  

Ambanitaza, and Andrapengy (Figure 2). We created reference regions for each of the project 

sites using one-kilometer buffers from the project site boundaries. Three of the project sites 

whose buffers fell within approximately two kilometers of each other were combined into a 

single reference region to reduce the number of land cover classifications. 



   
 

  5 
 

 

Figure 1.1: Study area including project sites and their reference regions for analyzing carbon 

offset project scenarios in the SAVA region of northeastern Madagascar.  

Introduction 

Carbon offset projects must demonstrate additionality by establishing the baseline scenario—the 

scenario most likely to occur in the absence of project activities (Shoch et al 2012). Current land 

cover maps and historical land use and land cover (LULC) trends are needed to establish the 

baseline (Shoch et al. 2012). Remotely-sensed images can be used for both tasks. For this 

project, we use high resolution satellite images to create detailed current LULC classification 

maps and quantify the area of each land cover type. The LULC map provides the distribution of 

vegetation covers necessary for calculating total amounts of aboveground carbon (Baccini et al. 

2012). We use medium resolution satellite images to track land cover changes over time using 

Normalized Difference Vegetation Index (NDVI) images to assess deforestation trends 

associated with the current LULC types. 

Predicting the baseline scenario also requires an understanding of deforestation risk. 

Reforestation efforts should be prioritized for areas with high deforestation threat to reconnect 

fragmented ecosystems and preserve biodiversity. Additionally, reforesting areas heavily 

impacted by human activities can promote community engagement and educate community 

members on the benefits and implementation of sustainable land use practices (Schüßler et al. 
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2020). Threat maps can provide spatial representations of the threat intensity to an area to 

understand potential impacts (Tulloch et al. 2015). Therefore, we map deforestation threat using 

geospatial layers of local infrastructure and LULC types associated with significant decreases in 

NDVI to predict future deforestation and prioritize sites under high threat.  

The specific objectives for this section of the project were to (i) create LULC and deforestation 

threat maps, (ii) evaluate changes in NDVI for each LULC types, and (iii) predict the baseline 

LULC scenario for each reference region. We use the determined baseline scenarios for 

estimating carbon stocks for both the baseline and project scenarios (Section 2. Estimation of 

carbon stocks in the Baseline Scenario and Native Forest Restoration Scenario & Section 3. 

Estimation of carbon stocks in the Agroforestry Scenario). We also use the land cover analysis in 

conjunction with a stakeholder analyses for verifying the final baseline and project scenarios to 

establish additionality (Section 4. Combined tool to identify the baseline scenario and 

demonstrate additionality in the ARR project activities). 

Methods 

a. Land Cover Classification 

We used ArcGIS Pro (version 2.7.1) to perform baseline land cover mapping and analyses. We 

downloaded Sentinel-2 MSI Level 2a surface reflectance satellite images from May-July 2020 

from the ESA Copernicus Open Access Hub (https://scihub.copernicus.eu/) to create current 

LULC classification maps for each reference region. Partners at CURSA (especially Anicet Elcar 

Ranaivoson) collected land cover ground truth data from random points generated within the 

reference regions. We performed a supervised classification for each reference region using 

random forest models and the ground truth points to create training samples. We used a majority 

filter to remove isolated pixels that were likely to be misclassified and manually reclassified 

pixels known to represent a different land cover type based on the ground truth data or the 

satellite imagery. We merged land cover classes unable to be distinguished clearly by the 

classification due to similarities in their spectral signatures. We then generated a stratified 

random sample of accuracy assessment points within each reference region to perform a manual 

accuracy assessment of the classification. We used the Sentinel-2 imagery and Google Earth Pro 

for ground truthing the accuracy assessment points. We determined the accuracy of the 

classification using a confusion matrix, using a threshold of 90% in prediction accuracy based on 

REDD+MF. We repeated the classification and accuracy assessment until this threshold was met. 

b. Land Cover Change Analysis 

To determine historical changes in land cover, we compared changes in the amount of green 

vegetation for each land cover type using NDVI values from Landsat 5 TM imagery from 2009 

and Landsat 8 OLI imagery from 2019. We used Landsat Collection 2 Level 2 surface 

reflectance satellite images from the USGS EarthExplorer (https://earthexplorer.usgs.gov/) from 

May-August to minimize seasonal differences. We downloaded additional images within two 

years of 2009 and 2019 to fill in pixels obscured by clouds. We created NDVI layers of the 2009 

and 2019 images, representing the amount of green vegetation per pixel based on the red (R) and 

near infrared (NIR) bands of light (Eq.1). Because the band widths for Landsat 5 TM differ from 

https://earthexplorer.usgs.gov/
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Landsat 8 OLI, especially in the near-infrared band (USGS), we calibrated past NDVI to current 

NDVI using a linear equation generated by Li et al. (2013) for calibrating Landsat 7 NDVI to 

Landsat 8 NDVI (Eq. 2). While our imagery was not from Landsat 7, we used this equation as 

the bands widths for Landsat 5 TM match Landsat 7 ETM+ (USGS). 

NDVI = (NIR - R) / (NIR + R)                                                  (1) 

Intercalibrated NDVI Landsat 8 OLI = 0.97998 * NDVI Landsat 7 ETM + + 0.07592       (2) 

We evaluated change in NDVI using an unpaired one-sided t-test to test if the average NDVI in 

2009 for each reference region was greater than in 2019, indicating a significant decrease in 

NDVI. We then subtracted the 2009 NDVI values from the 2019 NDVI values and extracted the 

difference for each land cover type to assess changes in green vegetation by land cover. We used 

one-way analysis of variance (ANOVA) to test if mean NDVI change differed among land cover 

types, using a Tukey post-hoc pairwise analysis to identify land covers with significantly 

different mean changes in NDVI. We used the results from the ANOVA test to identify land 

cover types demonstrating significant decreases in NDVI possibly related to deforestation. We 

then included the identified land cover types as predictor variables to create a map of 

deforestation threat within the SAVA region. All statistical analyses were conducted in R v. 4.0 

(R Core Team 2020). 

c. Creating a Deforestation Threat Map for Predicting LULC Changes 

We estimated the threat of deforestation using predictor variables previously found to influence 

deforestation (Keles et al. 2020; Salonen et al. 2014; Schüßler et al. 2020). Previously identified 

threats included accessibility (proximity to roads/major paths and development), population 

density, and distance to rivers. We used data from the Humanitarian OpenStreetMap Team 

(HOSMT) (2020) provided by OpenStreetMap contributors to generate threat layers. We also 

included distances to the LULC types that showed significant decreases in NDVI (Section 1 

methods, part b.). We incorporated population size by creating separate layers for distances from 

three types of populated places: towns, villages, and hamlets. We created distance rasters 

representing the distance to each type of threat using the Euclidean distance tool. We created a 

kernel density layer of the number of populated places within a square kilometer as an indicator 

of population density. Due to the use of both distance and density rasters with different 

measurement scales, we reclassified threats into a common evaluation scale of five discrete 

integer threat classes (1-5). This also allowed for each threat layer to be combined into a 

weighted overlay to create a deforestation threat map. 

We assigned weights to threat classes based on the magnitude of NDVI loss for LULC types 

included and results from Keles et al. (2020), Salonen et al. (2014), and Schüßler et al. (2020). 

These studies indicate that accessibility is the most important indicator of deforestation, followed 

by population density. We weighted distances to population centers according to size (town >> 

village > hamlet). These studies also found distance to rivers to contribute to deforestation threat. 

For most distances, we assigned the highest threat to be within five kilometers, approximately an 

hour-long walk, found to be the mean minimum travel time to collect forest products and the 

distance within which forest disturbance increased sevenfold (Allnut et al. 2014). We used a 



   
 

  8 
 

found mean maximum travel time distance of about two hours or a ten-kilometer walk (Allnut et 

al. 2014) as the threshold for low deforestation threat. We assigned a larger “high threat” of 

within ten kilometers for distance to towns as the expanse of the towns were about five 

kilometers wider than the point representing them based on satellite imagery.  

We used a pairwise comparison matrix to assign weights for each threat class by comparing the 

relative importance of each criteria used (Saaty 1977).  We evaluated the weights using a 

consistency ratio to ensure the weights are consistent across the matrix, with a consistency ratio 

less than 0.1 being acceptable (Saatay 1977). We used weights that fell below this threshold to 

create a weighted overlay of deforestation threat. We then used the deforestation threat maps and 

LULC analysis results to identify at-risk forests that could impact the baseline scenario. 

Results 

LULC analysis results are provided for two reference regions: the Amborinala reference region 

and the reference region for the Andranotsara, Andrapengy, and Ambanitaza (AAA) project 

sites. For each reference region classification, we combined rice, marsh, and water land cover 

types into one land cover type. We also combined savannah and grassland land cover types into 

one land cover type. 

a. Amborinala Project Site Reference Region 

We classified eight land cover types in the Amborinala reference region, with the most common 

types being marsh/rice fields, savannah/grassland, and forest (Figure 1.2). The project site was 

comprised of five land cover types: savannah/grassland, marsh/rice field, acacia (Acacia 

auriculiformis), and forest, with savannah/grassland as the most common. The acacia land cover 

was part of a small reforestation effort within the last ten years, but is not expected to be 

continued, based on the key-informant stakeholder interview. The overall accuracy for the final 

classification was 92.3% based on a stratified random sample of 200 points with a Kappa statistic 

of 0.90 for agreement.  

The mean calibrated 2009 NDVI was 0.38 (SD = 0.05) compared to 0.35 (SD = 0.06) in 2019. 

We found that mean NDVI in 2009 was greater than mean NDVI in 2019, indicating a 

significant decrease in mean NDVI (df = 11187, p < 0.001). The change in NDVI for the 

Amborinala reference region ranged from -0.52 to 0.63 with a mean of -0.03 (SD = 0.06; Figure 

1.3). Evaluating the changes in NDVI for each land cover type, we found the largest decreases in 

NDVI in rice/marsh and developed/barren and the largest increases in the oil palm and acacia 

(Table 1.1). All land covers had significantly different mean NDVI changes (F6,52626 = 1770.32, p 

< 0.001), except for the acacia-oil palm pair (Figure 1.4).  
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Figure 1.2: Land cover classification for the proposed Amborinala project site for reforestation 

based on key informant interview and its reference region analyzing historical LULC trends. 

 

Figure 1.3: Change in NDVI from 2009 to 2019 of the Amborinala reference region. 
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Table 1.1: Mean, µ, and standard deviation, σ, of NDVI change for each land cover type in the 

Amborinala reference region. 

Land Cover µ NDVI Change σ NDVI Change 

Rice/Marsh -0.052 0.051 

Developed/Barren -0.039 0.042 

Savannah/Grassland -0.031 0.048 

Coconut -0.021 0.042 

Forest -0.015 0.038 

Acacia 0.026 0.028 

Oil Palm 0.030 0.042 

 

 

Figure 1.4: Boxplots demonstrating extracted NDVI change values for each land cover type and 

the Tukey post-hoc pairwise analyses results from a one-way ANOVA comparing mean change 

in NDVI by land cover types for the Amborinala reference region. Pairs that are significantly 

different are demonstrated by the lines above the boxplots, with the asterisks indicating their 

significance (* = p < 0.05, ** = p < 0.01, *** = p < 0.001, **** = p < 0.0001). 



   
 

  11 
 

b. Andranotsara, Andrapengy, & Amabintaza (AAA) Reference Region 

We classified ten land cover types in the AAA reference region (Figure 1.5), with ground truth 

points only provided for the Andranotsara project site. We identified two plots of agriculture in 

the reference region from the satellite imagery based on uniform tree patterns indicating 

agricultural plantings. The most common land cover types in the reference region were forest, 

savannah, and water/marsh/rice respectively. The Andranotsara project site was comprised of 

eight land cover types: savannah, marsh/rice field, acacia, eucalyptus (Eucalyptus robusta), 

coconut, ravinala, sand, and forest, with ravinala as the most common. The acacia and eucalyptus 

land covers were part of small reforestation efforts within the last ten years, but are not expected 

to be continued based on key-informant stakeholder interviews.  The Ambanitaza project site 

was predominantly savannah/grassland, which was the result of extensive slash and burn 

practices, based on key-informant stakeholder interviews. The Andrapengy site was 

predominantly savannah and forest and there was no stakeholder report provided for the site. The 

overall accuracy for the final classification was 91.3% based on as stratified random sample of 

500 points with a Kappa statistic of 0.88 for agreement.  

The mean calibrated 2009 NDVI was 0.40 (SD = 0.08) compared to 0.37 (SD = 0.08) in 2019.  

We found that the mean NDVI in 2009 was greater than the mean NDVI in 2019, indicating a 

statistically significant decrease in mean NDVI (df = 113905, p < 0.001). The change in NDVI 

for the AAA reference region ranged from -0.48 to 0.34 with a mean of -0.05 (SD = 0.07; Figure 

1.6) Evaluating the changes in NDVI for each land cover type, we found the largest decreases in 

NDVI in water/marsh areas and developed/bare areas, while none of the land cover types showed 

a mean increase in NDVI (Table 1.2). Most land cover types had significantly different mean 

NDVI value changes, while 13 pairs had insignificant differences (F9,602826 = 6095.43, p < 0.001) 

(Figure 1.7). 
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Figure 1.5: Land cover classification for the AAA reference region depicting the proposed 

project sites for reforestation efforts to evaluate the baseline scenario. 
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Figure 1.6: Change in NDVI from 2009 to 2019 of the AAA reference region. 

Table 1.2: Mean, σ, and standard deviation, σ, of NDVI change for each land cover type in the 

AAA reference region. 

Land Cover µ NDVI Change σ NDVI Change 

Dev./Bare/Sand -0.082 0.089 

Water/Marsh/Rice -0.078 0.079 

Eucalyptus -0.070 0.031 

Ravinala -0.064 0.049 

Oil Palm -0.063 0.033 

Savannah/Grassland -0.058 0.065 

Coconut -0.051 0.036 

Acacia -0.048 0.037 

Forest -0.025 0.055 

Agriculture (other) -0.017 0.059 
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Figure 1.7: Boxplots demonstrating extracted NDVI change values for each land cover type and 

the Tukey post-hoc pairwise analyses results from a one-way ANOVA comparing mean change 

in NDVI by land cover types for the AAA reference region. Pairs that are significantly different 

are demonstrated by the lines above the boxplots, with the asterisks indicating their significance 

(* = p < 0.05, ** = p < 0.01, *** = p < 0.001, **** = p < 0.0001). 
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c. Deforestation Threat Map and Predicted LULC Changes 

Based on our land cover analysis results, we used distance to agriculture as an additional variable 

for creating a deforestation threat map. Our final weights for each reclassified threat (Table 1.3), 

had a consistency ratio of 0.08. The weighted overlay generated a map with four levels of 

deforestation threat: low, medium, high, and very high. We found all four project sites fell within 

high to very high deforestation threat (Figure 1.8), meaning deforestation is likely and should be 

accounted for in the baseline scenario. We therefore identified areas of at-risk forest using the 

land cover associated changes in NDVI and key stakeholder reports. For the Amborinala site, we 

noted forest near a coconut plantation and forest near a military camp (Figure 1.9). For the 

Andranotsara site, we noted forest between agriculture and an identified small settlement (Figure 

1.10). For the Ambanitaza site, we noted forest directly around the perimeter of the site based on 

the slash and burn practices within the site (Figure 1.11). Due to the lack of key stakeholder 

information and ground truth points for the Andrapengy site, we did not make any assumptions 

about the forest for this site. However, this site is expected to include agroforestry mixed in with 

the existing forest, indicating deforestation is unlikely. 

Table 1.3: Reclassification of deforestation predictor variables to deforestation threat levels (5 = 

high, 1 = low) and the weights given to each threat to generate a weighted overlay map of 

combined deforestation threat for each project site. 

Distance to Village (km) Threat Class Weight Distance to Roads (km) Threat Class Weight 
0 - 5  5 

9% 

0 - 5  5 

27% 
5 - 7  4 5 - 7  4 
 7 - 9  3  7 - 9  3 
 9 - 10  2  9 - 10  2 
> 10  1 > 10  1 

Distance to Town (km)   Distance to Rivers (km)   
0 - 10 5 

14% 

0 - 5  5 

7% 
10 - 14 4 5 - 7  4 
14 - 17 3  7 - 9  3 
17 - 20 2  9 - 10  2 

> 20 1 > 10  1 
Distance to Hamlet (km)   Populated Places Density  

(magnitude/sq. km) 
  

0 - 5  5 

7% 

0.02 5 

16% 
5 - 7  4 0.04 4 
 7 - 9  3 0.06 3 
 9 - 10  2 0.1 2 
> 10  1 > 0.1 1 

Distance to Agriculture (km)     
0 - 1  5 

20% 

   
1 - 2 4    
2 - 3 3    
3 - 4 2    
>4 1    

 



   
 

  16 
 

 

Figure 1.8: Deforestation threat map of the SAVA region with in inset map showing the location 

of the four project sites proposed for reforestation. 
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Figure 1.9: Land cover classification and site analysis results depicting the proposed Amborinala 

project site and the reference region for evaluating the baseline scenario. 

 

Figure 1.10: Land cover classification and site analysis results depicting the proposed 

Andranotsara project site and the reference region for evaluating the baseline scenario. 
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Figure 1.11: Land cover classification and site analysis results depicting the proposed 

Ambanitaza project site and the reference region for evaluating the baseline scenario. 

Discussion 

All of the proposed project sites should be prioritized for reforestation based on their high levels 

of deforestation threat. There has been an average decline in mean NDVI for both reference 

regions of 0.03, with water/marsh and developed/bare land cover types showing the greatest 

declines. Comparing the satellite images to the NDVI results, we found that the decrease of 

NDVI in water/marsh regions was most likely the result of rice plantation development. The 

decrease in NDVI in marsh areas could also be caused by higher water levels preventing light 

from reaching the green vegetation, resulting in lower NDVI values for 2019. The decrease in 

NDVI related to development or bare regions is likely due to increased development. Both the 

coconut and unknown agriculture land cover types as well as savannah/grassland, which is likely 

to be agricultural land in different stages of active or fallow use, showed a decrease in NDVI, 

following trends of deforestation related to shifting and expanding agricultural practices (Styger 

et al. 2007; Brimont et al. 2015). Therefore, it can be inferred that deforestation is likely to occur 

near those land cover types.  
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Based on our LULC results, we determined it was unlikely for significant LULC changes related 

to deforestation to occur within the project sites. In addition, the key stakeholder information 

overall demonstrated that the project site stakeholders are seeking help to use the project sites for 

reforestation or agroforestry practices. Therefore, the current LULC types are unlikely to change 

in the next ten years in the absence of project activities and we use the current LULC maps for 

the baseline scenario. We use the baseline LULC maps for mapping and estimating the carbon 

stores under the baseline and project scenarios, described in the following two sections (Section 

2. Estimation of carbon stocks in the Baseline Scenario and Native Forest Restoration Scenario 

& Section 3. Estimation of carbon stocks in the Agroforestry Scenario). We further evaluate the 

baseline scenarios using stakeholder analyses, described in section four (Combined tool to 

identify the baseline scenario and demonstrate additionality in the ARR project activities). 

The results are limited by the presence of error in the LULC classifications. The use of more 

ground truth points, both for generating training samples and verifying the accuracy of the land 

cover classifications, and access to very high-resolution imagery would help to improve land 

cover classifications and their associated carbon estimates. We were also limited in our ability to 

make predictions regarding the baseline due to the high degree of land cover fragmentation and 

the division of land ownership among local smallholders. Further stakeholder analyses in the 

reference regions would provide more information about the historical land uses to improve our 

baseline predictions. 

Section 2: Estimation of aboveground carbon stocks in the Baseline Scenario and Native 

Forest Restoration Scenario 

Introduction 

Forest restoration can be achieved through a variety of methods, including reforestation, 

afforestation, agroforestry, and improved forest management, all of which can range on a scale 

of management intensity, from low intensity strategies such as natural regeneration to high 

intensity strategies such as forest plantations (Brown et al. 2020). The carbon values associated 

with regenerated secondary forests versus agroforestry or plantation forests are not well known 

in the African tropics (Brown et al. 2020). Therefore, as part of this project, and in accordance 

with the VCS REDD+ Methodology Framework, we assessed the carbon stocks within four 

project sites under three different scenarios: (i) the current landcover type (the baseline scenario), 

(ii) a native forest restoration project scenario, and (iii) an agroforestry project scenario. 

Any viable carbon offset project must quantify current and future carbon stocks in forests 

(Vieilledent et al 2012). This is commonly done by first collecting botanical data from the field, 

and then applying allometric equations to estimate tree biomass based on field measurements of 

tree size, which provide estimates of carbon stocks (Anand 2020).  Tree characteristics (diameter 

at breast height (dbh), height, and wood density), which contribute to overall tree biomass, vary 

from region to region based on local environmental conditions and species composition. 

Therefore, we included terrain, proximity to development, and other environmental variables to 

determine the drivers of variation in carbon stocks. 
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The specific objectives of this section of the project were to (i) estimate the carbon stocks of 

each project site under the current landcover types (i.e., the baseline scenario), and (ii) estimate 

the carbon stocks of each project site if they were reforested through native forest restoration 

(i.e., one of the two project scenarios). The work produced in this and the following agroforestry 

section serve as a basis for calculating carbon stocks on other sites associated with this project, 

for calculating carbon sequestration rates over time, and for determining project additionality. 

Methods 

a. Sites and forest classification  

Dr. James Hererra of DLC, with support from a local research assistant, Mahazandry Eduoard, 

collected botanical inventory data in and around the periphery of Marojejy National Park in the 

SAVA region in November and December of 2017 and June through August of 2018. The data 

were collected approximately 37-47 km away from the project areas in ecologically similar sites 

that consisted of five land cover types: 1. interior forest (forest plots > 1km from forest edge), 2. 

edge forest (forest plots within 0.5 km of forest edge), 3. forest fragment (patches of forest 

isolated from contiguous forest; largely natural forest, but also used by people for agroforestry), 

4. agricultural field (including rice and tree crops), and 5. village (household plots of people with 

and without home gardens). They established 230 35.35m2 plots across the five land cover types 

(Figure 2.1) by measuring 5m in each cardinal direction from plot center, creating the shape of a 

parallelogram. Within each plot, the dbh of each tree larger than 5cm dbh was measured. Tree 

height was estimated by eye to the nearest meter. Local names of the trees were recorded and 

later translated to scientific names using a translation table verified with the Missouri Botanical 

Gardens. 
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Figure 2.1: Location of botanical inventory plots in relation to the location of the project sites 

(lower left) and botanical plots by habitat type (upper right). 

b. Wood density estimates  

We gathered wood density values for all species in our botanical inventory data from two 

sources: a Madagascar-specific wood density database (Vieilledent et al. 2012, Appendix B) and 

the global wood density database (Chave et al. 2009; Zanne et al. 2009). We first assigned wood 

densities at the species or genera level using the Madagascar-specific data, and then used the 

global database, via the BIOMASS package in R, to assign wood densities for taxa not found in 

the national-level database (Rejou-Mechain et al. 2017). 

c. Estimating aboveground carbon stocks of botanical inventory data with allometric models 

We used measured tree heights and diameters from the botanical inventory and database-derived 

wood densities to estimate aboveground biomass (AGB) for each tree. Because of the high 

diversity of plants in tropical ecosystems, we used general allometric equations to estimate AGB 

for most trees (Chave et al. 2005). However, for other species (e.g., banana, citrus, coffee, 

Jatropha sp., Gliricidia sp.) and tree species or genera that have different growth allometries 

than typical tropical forest trees (Cyathea, palms, Ravenala madagascariensis, Dracaena sp., 

Pandanus sp.), we used species- or genus-specific allometric equations from the literature (Table 

2.1). Specific allometric equations were selected with the following prioritization: 1. local or 

national species-specific equations; 2. continent species-specific equations; 3. global species-

specific equations; 4. local or national genus-specific equations; 5. continent genus-specific 
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equations, and; 6. global genus-specific equations. If species-specific allometric equations did 

not exist, which was the case for 71 genera (88% of all genera), we estimated AGB using both 

the regional (Vieilledent et al. 2012) and pantropical (Chave et al. 2014) allometric equations. 

All entries of papaya (Carica papaya) were removed from the botanical inventory data because 

papaya has a unique growth allometry compared to tropical forest trees and we could not find a 

specific allometric equation for papaya. 

We summed the individual tree AGB values in each plot to derive plot-level estimates (Mg ha-1) 

and calculated the mean and standard deviation of AGB across plots to derive estimates for each 

land cover type (Mg ha-1). We then converted plot level estimates of AGB to aboveground 

carbon (AGC) using a known conversion factor of 0.456 for tropical angiosperms (Martin et al., 

2018). 

Table 2.1:  Allometric equations used to determine AGB (kg) of different tree growth forms, 

where D = dbh (cm), H = height (m), ρ = wood density (g/cm3), and BA = basal area (cm2). 

Cacao, acacia, and eucalyptus are not included in the botanical inventory data; however, their 

equations are used in estimating AGB in the agroforestry scenario. Mango, lychee, and moringa 

are tree growth forms for which we could not find specific allometric equations, so we used the 

regional (Vieilledent et al. 2012) and pantropical (Chave et al. 2014) allometric equations. 

Tree Growth Form Allometric Equations 

for AGB (kg/plant) 

Reference Differing units or 

methods of 

measurement 

Trees, general 

(pantropical) 

AGB = 

0.0673*(ρ*D2*H)0.976 

Chave et al. 2014  

Trees, general 

(regional) 

AGB = exp[-1.948 + 

1.969log(D) + 0.660log(H) 

+ 0.828log(ρ)] 

Vieilledent et al. 2012  

Tree ferns 

(Cyathea sp.) 

AGB = 2.70*10-

3*(D2*H)1.19 

Beets et al. 2012  

Ravenala 

madagascariensis 

ln(AGB) = -

5.08+5.654*ln(H)-

0.772*(ln(H))2 

Randrianasolo et al. 2019  

Banana 

(Musa sp.) 

AGB = 0.0303*D2.1345 Danarto & Hapsari 2015  

Palms 

(Arecaceae) 

AGB0.25 = 

0.55512*(0.37*D2*Hstem)0.2

5 

Goodman et al. 2013  

Dracaena sp. AGB0.25 = 

0.55512*(0.37*D2*Hstem)0.2

5 

Goodman et al. 2013  

Pandanus sp. AGB0.25 = 

0.55512*(0.37*D2*Hstem)0.2

5 

Goodman et al. 2013  

Jatropha sp. AGB = 1.01 – 0.60 * D + 

0.08 * D2 

Bayen et al 2016 D: taken at height=20cm 

Gliricidia sp. DW = 0.294*D2.269 Smiley and Kroschel 2008 D: taken at H=50cm 

Citrus sp. AGB= −6.64 + 0.279 BA 

+ 0.000514 BA^2 

Schroth et al. 2002  
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Table 2.1 continued 

Tree Growth Form Allometric Equations 

for AGB (kg/plant) 

Reference Differing units or 

methods of 

measurement 
Coffee 

(Coffea arabica) 

Log10(AGB) = -1.113 + 

1.578 * Log10(D) + 

0.581*Log10(H) 

Segura et al 2006 D: taken at H=15cm 

Cloves 
(Syzygium aromaticum) 
  

AGB = 0.11*p*D2.62 

  

Hariyadi et al 2019  

Cacao 

(Theobroma cacao) 

AGB = 10(−1.625+2.63∗log(D)) Jacobi et al. 2014 D: taken at H=30cm 

Acacia 

(Acacia mangium) 

AGB = 

exp(−1.073+2.081*ln(D)) 

Traoré et al. 2018  

Eucalyptus 

(Eucalyptus robusta) 

AGB = 0.085*D2.471 Kuyah et al. 2013 AGB: Mg 

 

Mango 

(Mangifera indica) 

Use regional and 

pantropical equation 

Chave et al. 2014 and 

Vieilledent et al. 2012 

 

Lychee 

(Litchi chinensis) 

Use regional and 

pantropical equation 

Chave et al. 2014 and 

Vieilledent et al. 2012 

 

Moringa 

(Moringa oleifera) 

Use regional and 

pantropical equation 

Chave et al. 2014 and 

Vieilledent et al. 2012 

  

 

d. Estimating aboveground carbon stocks in the project area 

Site characteristics (i.e., slope, topography, elevation) and environmental factors (i.e., habitat 

type, soil organic carbon, distance to streams) influence the functional traits of trees (dbh and 

height), creating variation in allometric relationships, and therefore, AGC, from one region to 

another (Vieilledent et al. 2012). To evaluate the effects of site characteristics and environmental 

factors on AGC, we built two linear models, each including the same 16 predictor variables: 

longitude, latitude, elevation, slope, aspect, insolation, topographic position index (coarse and 

fine), NDVI, habitat type, soil organic carbon (SOC), distance to streams, distance to roads, 

distance to towns, distance to villages, and distance to hamlets. One model used AGC estimates 

calculated from the regional allometric equation, and the other model used AGC estimates 

calculated from the pantropical allometric equation. The elevation and habitat type of each 

botanical plot were recorded in the field. However, to align the categories of habitat type in this 

model with the categories detailed in our land classification maps (Figure 1.2 and Figure 1.5), we 

reclassified the botanical data into habitat categories (see Table 2.2). It should be noted that 

village and agricultural field data plots were reclassified as “savannah”. Therefore, in this study, 

savannah represents a mixed habitat type, which includes fruit trees and other agroforestry 

species, and not a habitat composed of mostly grass with a few trees interspersed throughout. 

Using a digital elevation model, we created geographic information system (GIS) raster layers of 

slope, aspect, insolation, and fine- and coarse-scale topographic position index. We created an 

NDVI raster layer from the Sentinel 2 MSI Level 2a Imagery. Using the HOSMT (2020) 

Madagascar waterways, roads, and populated places GIS layers, we calculated point estimates of 
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the distances from each botanical point to the nearest stream, road, town, village, and hamlet. 

Last, we used the SOC raster layer from Ramifehiarivo et al. (2017).  

Table 2.2: Habitat categories of the botanical data plots, reclassified habitat categories of the 

botanical data plots, and associated habitat categories in the land classification maps. The goal 

was to reclassify habitat categories in the botanical data plots to align as closely as possible with 

habitat categories in our land classification maps.  

Habitat Categories in Botanical 

Data Plots 

Reclassified Habitat 

Categories in Model 

Associated Habitat Categories in 

Land Classification Maps 

Village Savannah 
Savannah/Grassland, Agriculture 

(other) 

Edge Forest Forest Forest 

Interior Forest Forest Forest 

Forest Fragment Forest Fragment 
Acacia, Oil Palm, Coconut, 

Eucalyptus, Ravinala,  

Agricultural Field Savannah 
Savannah/Grassland, Agriculture 

(other) 

Any plot with AGC < 0.2 Mg ha-1 Bare Developed/Bare, Rice/Marsh 

 

For each predictor variable raster layer, we extracted the pixel value associated with the center of 

each botanical plot. These values, combined with calculated distance values and recorded field 

data, resulted in a dataset of predictor variables for each botanical plot. We then built linear 

models to determine whether any of the predictor variables strongly influenced AGC. 

Most of the predictor variables did not significantly predict AGC; thus, we built two simplified 

linear models with three predictor variables (NDVI, SOC, and elevation) thought to most likely 

influence AGC. These two models (one using regional AGC estimates and one using pantropical 

AGC estimates) used adjusted (AGC + 0.1) and log-transformed AGC as the dependent variable 

and NDVI, SOC, and elevation as the independent variables. After reducing each model through 

backwards model selection, we selected the model with the lowest Akaike Information Criterion 

(AIC). All statistical analyses were conducted in RStudio, Version 1.2.1335. 

We implemented the final linear models in GIS and, with a reclassified habitat layer (Figure 2.2), 

extrapolated AGC values across each project site under the baseline scenario (Figure 2.4).  
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Figure 2.2: Reclassified habitat layer used in the two AGC predictive models to represent the 

baseline scenario. These are the same habitat categories as in the middle columns of Table 2.2. 

e. Estimating aboveground carbon stocks in a native forest restoration scenario 

For the native forest restoration scenario, we assumed that all land in the project sites would be 

reforested except developed, bare, and rice/marsh areas. We created a landcover map for each 

project site to reflect this scenario (Figure 2.3), and calculated total AGC values at each project 

site. Using the baseline AGC maps and native forest restoration AGC maps, we calculated the 

predicted change in AGC between the two scenarios (Figure 2.5). It is assumed that the forest in 

the native forest restoration scenario is at least 20 years old because the interior forest and edge 

forest in the botanical data plots, which we used as a proxy for native forest restoration, was at 

least 20 years old. 

These steps were applied using the AGC estimates based on both the Chave et al. (2014) 

pantropical and the Vieilledent et al. (2012) regional allometric equations and wood density data. 
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Figure 2.3: Reclassified habitat layer used in the two AGC predictive models to represent the 

native forest restoration scenario.  

Using our estimates of AGC in the baseline and native forest restoration scenarios, we calculated 

predicted belowground carbon using a known root:shoot ratio for tropical and subtropical moist 

forests and plantations of 0.235 to derive overall carbon estimates (Table 2.3; Mokany et al., 

2006). 

Results 

The two final models, both of which included habitat as the only predictor variable, each resulted 

in four equations used to predict AGC. 

Model using AGC estimates based on Vieilledent et al. (2012) regional allometric equation 

(regional model): 

(1) Bare habitat: AGC = exp[0.101 (XBare)] 

(2) Forest habitat: AGC = exp[0.101 + 59.854(XForest)] 

(3) Forest Fragment habitat: AGC = exp[0.101 + 52.523(XForest Fragment)] 

(4) Savannah habitat: AGC = exp[0.101 + 59.361(XSavannah)] 
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The mean AGC for each land cover type, derived from our regional predictive model, are: bare: 

0.10 Mg ha-1, forest: 59.95 Mg ha-1, forest fragment: 52.62 Mg ha-1, and savannah: 59.46 Mg ha-

1. Habitat type explained 79.8% of the variation in AGC (F3, 225 = 301.2, p < 0.001, adjusted R2 = 

0.798). The mean AGC for forest, forest fragment, and savannah are all significantly greater than 

the mean AGC for bare land (p < 0.001). 

Model using AGC estimates based on Chave et al. (2014) pantropical allometric equation 

(pantropical model): 

(1) Bare habitat: AGC = exp[0.101 (XBare)] 

(2) Forest habitat: AGC = exp[0.101 + 50.749(XForest)] 

(3) Forest Fragment habitat: AGC = exp[0.101 + 40.939(XForest Fragment)] 

(4) Savannah habitat: AGC = exp[0.101 + 47.115(XSavannah)]  

The mean AGC for each land cover type, derived from our pantropical predictive model, are: 

bare: 0.10 Mg ha-1, forest: 50.85 Mg ha-1, forest fragment: 41.04 Mg ha-1, and savannah: 47.22 

Mg ha-1. Habitat type explained 77.1% of the variation in AGC (F3, 225 = 257.5, p < 0.001, 

adjusted R2 = 0.771). The mean AGC for forest, forest fragment, and savannah are all 

significantly greater than the mean AGC for bare land (p < 0.001). 

Table 2.3: Estimates of total carbon (aboveground and belowground) in the baseline scenario and 

native forest restoration scenario, the change in total carbon between these two scenarios, and the 

percent change in total carbon from the baseline to the native forest restoration scenario at each 

site and based off of either the pantropical or regional model. 

 Baseline Scenario 
Native Forest 

Restoration Scenario 

Change in Carbon 

Stocks Between 

Baseline and Native 

Forest Restoration 

Percent Change in 

Carbon 

Site Name 

Total 

carbon 

(Mg) 
 Pantropical 

Total 

carbon 

(Mg) 
 Regional 

Total 

carbon 

(Mg) 
 

Pantropical 

Total 

carbon 

(Mg) 
 Regional 

Total 

change in 

carbon 

(Mg) 
 Pantropical 

Total 

change 

in 

carbon 

(Mg) 
 Regional 

Percent 

change in 

total carbon 

(%) 
 Pantropical 

Percent 

change in 

total carbon 

(%) 
 Regional 

Amborinala 2,492 3,138 2,728 3,216 236 78 9 2 

Andranotsara 438 558 518 611 81 53 18 10 

Ambanitaza 6,297 7,913 6,765 7,976 468 63 7 1 

Andrapengy 1,887 2,286 1,946 2,294 59 8 3 0 

 

Based on our AGC predictive models, we estimated total AGC in the baseline scenario (Figure 

2.4), total AGC in the native forest restoration scenario, AGC change between the baseline 

scenario and the native restoration scenario (Figure 2.5), and total carbon stocks, including 

belowground carbon, for each site (Table 2.3). 
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Figure 2.4: Total AGC in the baseline scenario on all four project sites based on the regional 

model. Each color represents the total AGC stored on the site for a given habitat type.  
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Figure 2.5: Change in AGC between the baseline scenario and the native forest restoration 

scenario on all four project sites based on the regional model. Each color represents the total 

change in AGC on the site for a given habitat type. 

Discussion 

Our results from this section show that native forest restoration would be a viable option to 

increase carbon stocks in the project sites. The total amount of carbon in the baseline scenario 

across all four sites is 11,114 (pantropical) – 13,895 (regional) Mg. If all non-forested land 

within each site, except developed, bare, and rice/marsh areas, was restored to native forest, all 

four project sites would result in a net increase in carbon. Across all four sites, there would be an 

estimated net increase of 203 (regional) – 843 (pantropical) Mg C after 20 years as a result of 

native forest restoration. On average, the regional model predicted a 3.3% increase in carbon 

across all four sites due to native forest restoration, whereas the pantropical equation predicted a 

9.6% increase. While the Chave et al. (2014) pantropical allometric equation has been widely 

used for calculating AGB in tropical regions, the Vieilledent et al. (2012) regional allometric 

equation should, in theory, result in more accurate estimates of carbon because of Madagascar’s 

high endemicity. 
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The net increase and average percent change in carbon stocks are lower than anticipated. This is 

likely a result of the reclassification of landcover types, especially the reclassified savannah 

habitat type, which includes a mix of agricultural species. As presented in the results section, the 

mean AGC estimates for savannah are very close to the mean AGC estimates for forest, with a 

difference of 0.49 Mg ha-1 in the regional model and 3.63 Mg ha-1 in the pantropical model. A 

true savannah habitat, composed of mostly grass and sparse trees, would likely have a lower 

mean AGC estimate than in this analysis, and would result in a greater net increase and percent 

change in carbon stocks. 

Andranotsara is composed of a variety of land cover types, including multiple types of 

agriculture, unlike the other three sites, which have less variation in land cover types. In our 

models, the mean estimates of AGC for agriculture were an average of a variety of agricultural 

species, which span a wide range of AGC values, from 0.024 to 100.610 Mg/ha (regional) and 

from 0.024 to 95.242 Mg/ha (pantropical). Therefore, because agriculture was a generalized land 

cover type, it is likely that predictions of total AGC for agriculture are less accurate than 

predictions of other land cover types.   

The model with which we predicted AGC relied solely on habitat type, even though multiple 

environmental variables likely explain some of the variation in AGC. Failure to identify other 

predictors of AGC could be partly due to limitations in the design of botanical data collection. 

The sampling design is pseudoreplicated in the sense that all the plots for a specific habitat were 

spatially grouped, with an average distance of 31m between plots of the same habitat. The 

botanical plots were also very small. The groups of habitat type from the data were further 

generalized in this analysis by lumping habitat types together as forest, forest fragment, 

savannah, and bare. In the future, botanical plots that are larger in size, cover a greater 

geographic range, and include more refined categories for habitat type (during data collection 

and in this analysis) would yield more accurate estimates of AGC by landcover type and overall. 

Section 3: Estimation of aboveground carbon stocks in the Agroforestry Scenario 

Introduction 

An alternative to native forest restoration is reforestation through agroforestry— “an 

ecologically-based natural resource management system in which trees are integrated in 

farmland and rangeland” (VCS Program Definitions 2019). Agroforestry is an increasingly 

popular carbon offset strategy that combines timber production and tree crops with annual crops 

or livestock to sequester carbon and generate economic benefits (Udawatte and Jose 2012) and is 

included under afforestation and reforestation (A&R) activities in the Kyoto Protocol (Nair 

2011). In addition to sequestering carbon, agroforestry can improve food security, provide 

greater income to farmers, and provide building materials and fuel (Pandey 2002). For example, 

cash crops (i.e., coffee, cacao, cloves, vanilla) can be sold to supplement farmers’ income 

throughout the year, fruit crops (i.e., mango, citrus, papaya) can provide a valuable food source, 

and woodlots (i.e., acacia, eucalyptus, pine) can be used for timber or fuel. Agroforestry systems 

(AFS’s) are highly variable due to the wide selection of tree species, tree spacing methods, and 

management practices as well as differing environmental and geographic factors (Nair 2011). 
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Therefore, we evaluated the feasibility and carbon sequestration potential of several agroforestry 

practices for each project site. 

The specific objectives of this section of the project were to (i) determine potential agroforestry 
practices for project implementation and their suitability at each site, and (ii) estimate the carbon 
stocks of each project site based on the most suitable agroforestry practices. We selected AFS’s 
based on commonly cultivated shade tolerant and intolerant fruit tree AFS’s in Madagascar. We 
used village and agriculture plot data collected near the project sites to estimate AGC and 
compared these to native forest restoration AGC estimates (Section 2) to evaluate project 
scenarios.  

Methods 

a. Estimating aboveground carbon stocks for each AFS 

We selected four commonly practiced AFS’s in Madagascar: shade tolerant fruit trees, shade 
intolerant fruit trees, cloves, and eucalyptus (Eucalyptus robusta) and acacia (Acacia 
auriculiformis) timber/fuel lots (Table 3.1). The shade tolerant AFS included coffee trees and 
vanilla, highly valuable cash crops in the SAVA region. We chose a clove AFS based on interest 
during the Ambanitaza key-informant interview and eucalyptus and acacia AFS’s due to their 
prevalence in Madagascar, commonly used as fuel and timber products. 

Table 3.1: Composition of data in Agroforestry systems. Percentage of data used for each AFS 

describes the amount of per hectare AGC used in each combination. For example, a Clove + 

Shade Intolerant Fruit Trees will have a per hectare AGC estimate using the combination of 50% 

clove AGC and 50% shade intolerant trees AGC. 

AFS Percent and data used 

Shade Tolerant Fruit Trees 
100% Village and Agricultural plots with 

presence of coffee or vanilla 

Shade Intolerant Fruit Trees 
100% Village and Agricultural plots without 

presence of coffee or vanilla 

Clove + Shade Intolerant Fruit Trees 50% Clove + 50% Shade Intolerant Trees 

Eucalyptus + Acacia 50% Eucalyptus + 50% Acacia 
 

To estimate AGC for shade tolerant fruit trees, we estimated AGC for all agricultural and village 
plots that contained coffee trees or vanilla (Table 3.2). Shade intolerant fruit trees included the 
average AGC of all village and agricultural plots that did not contain coffee trees or vanilla. The 
clove agroforestry consists of the village and agricultural plots used in the shade intolerant 
agroforestry combined with AGC per hectare estimates of clove trees using average DBH values 
and a clove allometric equation (Hariyadi et al 2019). We used pantropical and regional AGC 
estimates when calculating AGC of shade tolerant, shade intolerant, and clove AFS’s. To obtain 
eucalyptus and acacia AGC estimates, we averaged their mean annual increment values (FAO 
2001) and used species specific biomass expansion factors (Zhang 2012). We calculated per 
hectare estimates for clove, eucalyptus, and acacia using spacing guidelines found in local 
practices. For clove, we used a 6m x 6m spacing over one hectare to determine the per hectare 
estimate of clove, and for eucalyptus and acacia, we used a 3m x 3m spacing.  
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Table 3.2: Estimates of Agroforestry AGC per Hectare  

AFS AGC Per Hectare (Mg ha-1)  

  Pantropical Regional 

Shade Tolerant Fruit Trees 35 43 

Shade Intolerant Fruit Trees 26 32 

Clove  29 32 

Eucalyptus + Acacia 336 
 

b. Site Suitability Analysis 

We performed an agroforestry site suitability analysis to identify suitable land for agroforestry in 

the project sites. A site suitability analysis determines optimal locations for an activity by 

overlaying specific criteria and spatially analyzing where suitable areas exist. Agricultural 

suitability is dependent on a variety of factors, such as landcover type, climate variables (i.e., 

temperature and precipitation), topography, and soil type (Ahmad 2019, Pramanik 2016). We 

used landcover, slope, topographic convergence index, and SOC as our suitability criteria based 

on previous agroforestry site suitability analyses (Ahmad 2019, Pramanik 2016) and available 

data for the project sites. To account for different types of agroforestry systems, we created two 

site suitability models, a shade intolerant AFS model and a shade tolerant AFS model. The shade 

intolerant model was used to estimate potential agroforestry sites of shade intolerant AFS, clove 

AFS, and eucalyptus/acacia AFS. Data used in the site suitability analysis include landcover 

derived from Sentinel 2 imagery from Section 1 of this project, slope and topographic 

convergence index (TCI) derived from Airbus World DEM using spatial analysis tools in 

ArcGIS Pro, and a SOC raster obtained from Ramifehiarivo (2016). The original SOC raster 

contained missing pixels; therefore, we filled them in using the focal mean tool in ArcGIS Pro by 

taking the mean SOC values of a 3m x 3m grid of neighboring cells and replacing the missing 

pixels with interpolated values. To get uniform values across criteria, we reclassified all criteria 

from 1 to 4 (Table 3.3), 1 being low suitability and 4 being high suitability. Reclassified values 

allowed us to analyze and compare criteria on a consistent scale for the site suitability model. 

  Landcover 

The site suitability analysis uses the landcover classification of each project site that was derived 

in Section 1. For the shade intolerant model, open areas such as grasslands, savannahs, 

agriculture, and acacia were prioritized due to the abundance of sunlight, ease of establishment, 

and limited site preparation needed. Forested landcover was ranked as having higher suitability 

in the shade tolerant model. Marsh, bare, and developed areas were classified as lower suitability 

for both models.  
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Slope 

Steep slopes cause erosion and water runoff (Ahmad 2017); thus, low slope areas are preferred 

for AFS. Therefore, we reclassified high slope areas (slope > than 13 degrees) as low suitability 

and low slope areas (slope ≤ 3 degrees) as high suitability (Table 3.3). 

Topographic Convergence Index (TCI) 

TCI is used as a proxy for wetness as it indicates where water will drain and collect. Soil 

moisture is important for crop growth, but areas that are inundated with water or that are too dry 

are unsuitable for agriculture. High TCI values (> 20) are values that denote where water would 

pool and were classified as low suitability. Middle TCI values (12-16) were classified as high 

suitability, and low TCI values (< 12) were classified as marginal suitability (Table 3.3).  

SOC 

Nutrient rich soil is essential for agriculture production and SOC is a good indicator of high soil 

organic matter and soil nutrients (Bot 2005). SOC also improves soil structure and porosity 

which are essential for aeration and infiltration of water into the soil (John 2017). We divided 

SOC values for each project region into quartiles: values in the upper quartile (> 72) were ranked 

as high suitability and values in the lower quartile (< 58) were ranked as low suitability.  

Table 3.3: Criteria, Weight, and Sub-Criteria Used for Reclassification in Site Suitability Model. 

Sub-criteria describe how criterion was divided in order to be reclassified. Rank describes 

reclassification values. 

Criteria  Weight % Sub-Criteria Rank Suitability  

     

SOC 30% >72 4 High  

  72-65 3 Moderate 

  65-58 2 Marginal 

  <58 1 Low 

     

Slope 20% <3 4 High  

  3 - 8 3 Moderate 

  8 - 13 2 Marginal 

  >13 1 Low 

     

Wetness Factor 14%  12-16 4 High  

  <12 3 Moderate 

  16-20 2 Marginal 

  >20 1 Low 

     

Landcover 36%    

Shade Intolerant Model 
 Savannah/Grassland/ 

Agriculture 

4 High  

  Acacia/Eucalyptus 3 Moderate 

  Ravlinala 2 Marginal 

     



   
 

  34 
 

Table 3.3 continued 

Criteria  Weight % Sub-Criteria Rank Suitability  

 
 Forest/Developed/Oil 

Palm/Coco Palm/Rice/Marsh 

1 Low 

     

Shade Tolerant Model  Forest/Agriculture 4 High  

  Acacia/Eucalyptus/Ravinala 3 Moderate 

  Savannah/Grassland 2 Marginal 

 
 Developed/Oil Palm/Coco 

Palm/Rice/Marsh 

1 Low 

 

c. Weighted Overlay Model 

Using ArcGIS Pro, we combined all data sources to calculate a weighted overlay model for the 

project sites. We weighted each criterion based on their level of importance in agroforestry 

(Table 3.3). A higher weighted criterion has a higher influence on the site suitability model. To 

calculate specific weights for each criterion, we used a pairwise comparison matrix (see Section 

1). We determined scale values by referencing values used in previous agroforestry site 

suitability models (Ahmad 2019 and Pramanik 2016). We multiplied each criterion by their 

respective weighted percentage and added them together using the raster calculator function to 

create weighted overlays representing agroforestry suitability for each site (Figures 3.1 and 3.2). 
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Figure 3.1: Weighted overlay representing site suitability values for shade tolerant agroforestry 

scenarios for the (a.) Amborinala, (b.) Andranotsara, (c.) Ambanitaza, and (d.) Andrapengy 

project sites. 
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Figure 3.2: Weighted overlay representing site suitability values for shade intolerant agroforestry 

scenarios for the (a.) Amborinala, (b.) Andranotsara, (c.) Ambanitaza, and (d.) Andrapengy 

project sites. 

 

We reclassified the weighted overlay maps as suitable or unsuitable, with values above 2.75 

representing suitable area for agroforestry and values below this threshold representing 

unsuitable area (Figures 3.3 and 3.4). To obtain future estimates of carbon storage, we combined 

suitable area for agroforestry with the estimates of carbon density for each AFS.  For unsuitable 

areas, we combined native reforestation carbon density estimates (calculated in Section 2). We 

then joined carbon density estimates for both scenarios to determine the total carbon storage 

potential for each project site under agroforestry. We estimated total carbon stocks for each site 

by subtracting total carbon estimates under each agroforestry scenario from the project site 

baseline estimates (Section 2).  
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Figure 3.3: Site suitability maps for shade tolerant agroforestry scenarios for the (a.) Amborinala, 

(b.) Andranotsara, (c.) Ambanitaza, and (d.) Andrapengy project sites reclassified as suitable 

(green) or unsuitable (red) area. 
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Figure 3.4: Site suitability maps for shade intolerant agroforestry scenarios for the (a.) 

Amborinala, (b.) Andranotsara, (c.) Ambanitaza, and (d.) Andrapengy project sites reclassified 

as suitable (green) or unsuitable (red) area. 

Results 

Ambanitaza has the largest area and highest proportion of land suitable for shade intolerant 

agroforestry (Figures 3.5 and 3.6; Tables 3.4 and 3.5). Ambanitaza also has the largest area 

suitable for shade tolerant agroforestry, whereas Andrapengy has the highest proportion of land 

suitable for shade tolerant agroforestry (Figures 3.5 and 3.6; Tables 3.4 and 3.5). Compared to 

the baseline scenario, almost all shade intolerant, shade tolerant, and clove agroforestry scenarios 

had lower carbon storage potential (Table 3.6). The only exception was Andranotsara, based on 

the Pantropical allometric equation for native reforestation. However, Andranotsara has only less 

than one acre (4%) of suitable land for shade intolerant AFS and approximately three hectares 

(26%) of suitable land for shade tolerant AFS. The positive carbon storage potential for 

Andranotsara appears to be due to a lack of suitable land for agroforestry, and thus the majority 

of positive carbon storage would be coming from natural reforestation. Eucalyptus and acacia 

agroforestry scenarios had the highest potential carbon stores, storing at least 165% greater than 

the baseline scenario for each site due to the high growth and carbon sequestration rate of these 

species.  
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Figure 3.5: Shade tolerant agroforestry scenarios for the (a.) Amborinala, (b.) Andranotsara, (c.) 

Ambanitaza, and (d.) Andrapengy project sites 



   
 

  40 
 

 

Figure 3.6: Shade intolerant agroforestry scenarios for the (a.) Amborinala, (b.) Andranotsara, 

(c.) Ambanitaza, and (d.) Andrapengy project sites. 

Table 3.4: Area (ha) of agroforestry, native forest restoration, and marsh/rice/developed/bare in 

the site suitability analysis for each project site under shade tolerant and shade intolerant 

agroforestry scenarios. 

Site Name 
Agroforestry 

Scenario 

Area Suitable for 

Agroforestry (ha) 

Area of 

Native Forest 

Restoration 

(ha) 

Area of 

Marsh/Rice/Developed/

Bare (ha) 

Amborinala Shade Tolerant   21 24 5 

 Shade Intolerant  37 7 5 

Ambanitaza Shade Tolerant 35 72 0 

 Shade Intolerant 104 4 0 

Andranotsara Shade Tolerant 0 8 1 

 Shade Intolerant 3 6 1 

Andrapengy Shade Tolerant 17 14 1 

 Shade Intolerant 13 18 1 
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Table 3.5: Percent area of agroforestry, native forest restoration, and marsh/rice/developed/bare 

in the site suitability analysis for each project site under shade tolerant and shade intolerant 

agroforestry scenarios. 

Site Name 
Agroforestry 

Scenario 

% Suitable Land 

for Agroforestry 

% Land of Native 

Reforestation 

% Land of 

Marsh/Rice/Devel

oped/Bare 

Amborinala Shade Tolerant 42% 48% 10% 

 Shade Intolerant 75% 14% 10% 

Ambanitaza Shade Tolerant 33% 67% 0% 

 Shade Intolerant 97% 3% 0% 

Andranotsara Shade Tolerant 4% 81% 15% 

 Shade Intolerant 26% 63% 13% 

Andrapengy Shade Tolerant 53% 43% 4% 

 Shade Intolerant 41% 57% 3% 

 

Table 3.6: Estimates of total carbon (aboveground and belowground) in the baseline scenario and 

agroforestry scenario, the change in total carbon between these two scenarios, and the percent 

change in total carbon from the baseline to the agroforestry scenario at each site and based off of 

either the pantropical or regional model. 

 
Baseline 

Scenario 

 

Agroforestry Restoration 

Scenario 

Change in Carbon 

Stocks Between 

Baseline and 

Agroforestry 

Restoration 

Percent Change in 

Carbon 

Site Name 

Total 

carbon 

(Mg) 
 Pan. 

Total 

carbon 

(Mg) 
 Reg. 

AFS 

Type 

Total 

carbon 

(Mg) 
 Pan. 

Total 

carbon 

(Mg) 
 Reg. 

Total 

change 

in 

carbon 

(Mg) 
 Pan. 

Total 

change 

in 

carbon 

(Mg) 
 Reg. 

Percent 

change 

in total 

carbon 

(%) 
 Pan. 

Percent 

change in 

total 

carbon 

(%) 
 Reg. 

Amborinala 2,492 3,138 Shade 

Tolerant 
2364 2829 -128 -310 -5 -10 

   Shade 
Intolerant 

1633 1998 -860 -1141 -34 -36 

   Clove 1781 2004 -711 -1134 -29 -36 

   Acacia + 

Eucalyptus 
15860 15941 13,368 3,138 536 408 

Ambanitaza 6,297 

 

7,913 

 

Shade 
Tolerant 

6046 7199 -251 -713 -4 -9 

   Shade 
Intolerant 

3521 4355 -2776 -3557 -44 -45 

   Clove 3937 4373 -2360 -3539 -37 -45 

   Acacia + 

Eucalyptus 
43312 43351 37,015 35,439 558 448 

Andranotsara 438 558 

 

Shade 
Tolerant 

505 596 67 38 15 7 

   Shade 

Intolerant 
456 542 18 -15 4 -3 

   Clove 466 543 28 -15 6 -3 

   Acacia + 

Eucalyptus 
1409 1476 971 918 222 165 

Andrapengy 1,887 2,286 Shade 

Tolerant 
1627 1953 -259 -333 -14 -15 

   Shade 
Intolerant 

1569 1875 -318 -411 -17 -18 
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Table 3.6 continued 

 
Baseline 

Scenario 

 

Agroforestry 

Restoration 

Scenario 

Change in 

Carbon 

Stocks 

Between 

Baseline and 

Agroforestry 

Restoration 

Percent 

Change 

in 

Carbon 

     

Site 

Name 

Total 

carbon 

(Mg) 
 Pan. 

Total carbon 

(Mg) 
 Reg. 

AFS Type 

Total 

carbon 

(Mg) 
 Pan. 

Total 

carbon 

(Mg) 
 Reg. 

Total 

change 

in 

carbon 

(Mg) 
 Pan. 

Total 

change 

in 

carbon 

(Mg) 
 Reg. 

Percent 

change 

in total 

carbon 

(%) 
 Pan. 

Percent 

change 

in total 

carbon 

(%) 
 Reg. 

   Clove 1622 1878 -265 -408 -14 -18 

   Acacia + 

Eucalyptus 
6661 6867 4775 4581 253 200 

 

Discussion 

Amborinala, Ambanitaza, and Andrapengy have the highest percentage of suitable land for shade 

tolerant and intolerant agroforestry systems. While our site suitability model identifies where 

potential agroforestry can be effective, results need to be verified by ground truthing and 

discussion with local communities. Eucalyptus and acacia agroforestry have the highest carbon 

storage potential of all AFS’s. However, eucalyptus and acacia plantations deplete soil nutrients 

and can become invasive to native vegetation. These species should therefore be integrated with 

other agroforestry systems (such as live fences or windbreaks) instead of being the sole crop.  

Carbon density estimates of all other agroforestry scenarios (shade tolerant, shade intolerant, and 

clove) were lower than baseline estimates of forest and savannah. Although these AFS’s cannot 

serve as carbon offsets, agroforestry has other benefits such as supplementing income, increasing 

food supplies, and providing building material and fuel wood. Collecting more data on 

agroforestry systems within the area as well as botanical data within the project site is necessary 

to improve accuracy of our results.   

Section 4: Stakeholder Analysis: Key informant interviews and Ambanitaza Site 

Additionality Assessment 

Introduction  

Stakeholder analyses are considered an indispensable priority for REDD+ projects by the UN-

REDD Programme (2018). The United Nations Framework Convention on Climate Change 

(UNFCCC) has continuously emphasized the need for full and effective participation of relevant 

stakeholders, particularly Indigenous peoples and local communities, in the design and 

implementation of REDD+ projects (UN-REDD Programme 2018). Stakeholder analyses help to 

better understand and incorporate the needs of local communities at each site into the REDD+ 

protocol. Additionally, the stakeholder analyses provide historical/socio-economic context to the 

project, which is required under VCS Methodology VM0007 v1.6: REDD+MF (Verra 2018).   
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Indigenous peoples and local communities are responsible for 80% of global biodiversity and 

manage at least 24% of the total aboveground carbon stored in tropical forests globally (FAO 

2021). The role of local communities, Indigenous peoples, smallholders, and their organizations 

is critical for the proper management of forest resources and land use. Additionally, local 

communities must be allowed to participate in, contribute to, and receive benefits from REDD+ 

projects (FAO 2021). Prior consent from Indigenous communities is also necessary to achieve 

full stakeholder engagement (FAO 2021).  

Any viable stakeholder analysis must engage stakeholders through an approved methodology 

(UN-REDD Programme 2018). This commonly involves collecting data through small key 

informant interviews and then through a larger, more diverse stakeholder consultation that 

incorporates multiple groups across sectors relevant to REDD+ (FAO 2021). However, the 

protocol for conducting stakeholder interviews and analyses varies across methodologies and 

significantly from project to project.   

The specific objectives of this section of the project were to (i) identify all feasible alternative 

land use scenarios for the project sites, according to local and national context, in the absence of 

the project, (ii) identify barriers to the viability of each respective alternative land use scenario, 

and (iii) identify the baseline scenario based on finding which alternative land use scenario has 

the fewest barriers for the Ambanitaza site. The work produced in this section serves as a basis 

for the remaining site additionality assessments and helps determine project additionality. 

Further stakeholder analysis for this site and complete stakeholder analyses for the remaining 

sites will be necessary for completing this project.   

Methods 

To conduct the Ambanitaza Site Additionality Assessment, we used the Clean Development 

Mechanism (CDM) A/R Methodological Tool: Combined tool to identify the baseline scenario 

and demonstrate additionality in A/R CDM project activities, EB35 Annex 19 v.01 (approved on 

19 October 2007; Verra 2018). The methods of this section are to first (Sub-step 1a) identify all 

feasible alternative land use scenarios for Ambanitaza, according to local and national context, in 

the absence of our project (Verra 2018). Second (Sub-step 1b), we assess if the identified 

scenarios are consistent with local and national laws and regulations and their level of 

enforcement (Verra 2018). Third (Sub-step 2a), we identify current and possible future barriers 

to each of the alternative land use scenarios to assess which of the land use scenarios identified 

in 1b are not prevented by these barriers (Verra 2018). Fourth (Sub-step 2b), we eliminate all of 

the land use scenarios prevented by the identified barriers (Verra 2018). Fifth (Sub-step 2c), we 

determine the baseline scenario for Ambanitaza (Verra 2018). And finally (Step 4), we perform a 

common practice analysis to evaluate to what extent afforestation/reforestation activities similar 

to the proposed ARR project activity have been implemented previously or are currently 

underway (Verra 2018). 

Members of our carbon offset team from CURSA conducted key informant interviews at three 

separate sites, Amborinala, Andranotsara, and Ambanitaza, between November 24th and 

December 30th, 2020. The key informant interviews were designed from participatory rural 
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appraisal mechanisms used in Rakotomahazo et al. 2019 and Cerbu et al. 2013. For the key 

informant interviews at Ambanitaza, multiple members of our team at CURSA interviewed two 

local representatives (both male) who are interested in protecting the project site area. The 

respective “key informants” interviewed were elected by the villagers of Andrapengy (the nearby 

village) to be local representatives and are responsible for the management of the site. During the 

interviews, members from our CURSA team asked the key informants questions about a variety 

of topics, such as the previous land uses of the area and the ecological, economic, and local 

governance issues in the area. A total of 10 questions were asked during the key informant 

interviews. The socioeconomic status of the individuals interviewed is unknown. The CURSA 

team conducted interviews in accordance with COVID-19 social distancing protocols.  

Ambanitaza Site Additionality Assessment 

STEP 1. Identification of alternative land use scenarios to the proposed ARR project 

activity 

Sub-step 1a: Identification of credible alternative land use scenarios to the proposed ARR 

project activity 

According to local and national context, feasible scenarios that could occur at the Ambanitaza 

project site in the absence of the project are the following (Scenarios 1-3): 

Scenario 1: Conversion of forest land for swidden agriculture (tavy) 

Scenario 1 is a continuation of swidden agriculture at the Ambanitaza site, a farming method of 

slash and burn techniques to clear land for fields (Britannica 2018). Burning the vegetation 

results in a nutrient layer of ash, but the productivity of these plots is short-lived, causing farmers 

to abandon fields after only three to five years (Britannica 2018). Most of the local population at 

Ambanitaza relies on swidden agriculture, making it necessary to constantly deforest new areas 

for subsistence. Households have few economic alternatives due to customs, price instability of 

alternative crops (such as vanilla) in national and international markets, the low diffusion of 

alternative agricultural techniques, and low investment capacity. Based on the key informant 

interviews at Ambanitaza, it is likely that the site’s remaining forested area will progressively 

decrease from swidden agriculture. Local guides stated that in the future swidden agricultural 

practices will likely be expanded onto slopes of forested land to cultivate rice for the growing 

population. 

Planting of high value cash crops (e.g., cocoa, coffee, and vanilla) can lead to reforestation if 

agroforestry is practiced on previously cleared plots, potentially maintaining carbon stocks at 

levels similar to native forests (World Bank 2020). Agroforestry may create a physical buffer 

around natural forest which would increase carbon stocks, prevent deforestation of primary 

forest ecosystems, and provide resources (timber, fuelwood, etc.) for local communities (Gezon 

and Freed 1999, World Bank 2020). Conversely, medium to large-scale agriculture might attract 

large investors to export the products and migration of workers in search of income. An influx of 

workers could accelerate forest degradation and deforestation in surrounding areas (World Bank 

2020). 
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Scenario 2: Conversion from swidden agriculture to agroforestry and reforestation, 

without assistance from our project 

With the progressive reduction of forested area and its negative impacts on water availability for 

irrigating rice fields, farmers might change their practices to adopt agroforestry on a larger scale. 

Some parts of the SAVA region with limited access to rice paddies and densely-forested lands, 

including Ambanitaza, are already transitioning to small-scale agroforestry. Our key informant 

interviews at Ambanitaza suggest many farmers in and around the area are interested in 

converting from swidden agricultural techniques to agroforestry. 

The mountain area within Ambanitaza is an important source of water for the nearby villages of 

Andrapengy and Ambodipont-Sahana. In recent years, community members have noticed 

significant declines in water availability due to intensifying swidden agriculture and fear they 

will not have enough water to irrigate their crops, especially rice. As a result, the village of 

Andrapengy has started the process of creating a Vondron’Olona Ifotony (VOI), a Malagasy 

term for a “group of volunteers to which natural resources management have been transferred 

through the law” (law N°96-025 GELOSE; World Bank 2020). Andrapengy’s goal is to use this 

VOI to develop a DINA, a Malagasy term for a "Local social convention used to establish 

common rules for social cohesion, mutual support and security, and that includes sanctions when 

non-respect" (World Bank 2020). The villagers hope to use this DINA to reforest the 

mountaintop and practice vanilla and clove agroforestry on the slopes of the Ambanitaza site to 

prevent land clearing for swidden agriculture and preserve the local watershed. 

Diversification of crops with agroforestry could increase production of food crops and generate 

new incomes, thereby increasing household financial and food security (Ollinaho and Kröger 

2021). Moreover, agroforestry provides a host of environmental benefits, such as improving 

rainwater capture and carbon sequestration, reducing runoff and flooding, improving soil quality, 

and providing a reliable source of fuelwood for the local communities surrounding the 

Ambanitaza site (Ollinaho and Kröger 2021). However, based on the key informant interviews at 

Ambanitaza, only a small number of farmers are likely to implement new agroforestry 

techniques in the absence of the project due to several barriers (Barrier Analysis; STEP 2). 

Scenario 3: Legal or illegal logging for timber and coal production 

The key informant interviews at Ambanitaza revealed that illegal logging is a consistent but 

manageable problem at the site. Most illegal logging is reportedly done for local use, such as 

building homes, charcoal production, and firewood. 

Sub-step 1b: Consistency of credible land use scenarios with enforced mandatory 

applicable laws and regulations 

This section examines how the three scenarios listed above are consistent with national laws and 

regulations and their levels of enforcement. 

Scenario 1: Conversion of forest land for swidden agriculture (tavy) 
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Swidden agriculture is illegal in Madagascar. However, a lack of law enforcement makes forests 

an open access resource, with the exception of regulations created via customary land tenure 

rules such as VOI and DINA (Rainforest Alliance and Wildlife Conservation Society 2017). 

Forest clearance has also been illegal in Madagascar since 1987 (Décret n°87-143, 20 April 

1987). Government agencies in charge of forest protection with legal authority to detain 

offenders for deforesting land are largely ineffective as they are under-resourced, generally 

corrupt, and have a low technical capacity (Vieilledent et al. 2020). As a consequence, illegal 

activities including swidden agriculture continue occur and have progressively worsened since 

the political crisis of 2009-2012 in Madagascar (Ploch and Cook 2012). 

Scenario 2: Conversion from swidden agriculture to agroforestry and reforestation, 

without assistance from our project 

No laws or regulations prevent the transition from swidden agriculture to agroforestry at the 

project site. As discussed in Step 1a, the village of Andrapengy has started the process of 

creating a VOI for setting up a DINA to reforest the area using agroforestry. 

Scenario 3: Legal or illegal logging for timber and coal production 

Under Décret n°87-143, logging has been illegal in Madagascar since 1987. However, as 

discussed, government agencies in charge of forest protection are ineffective at preventing illegal 

logging (Vieilledent et al. 2020). Additionally, the creation of KoloAla sites– designated areas 

where logging and use of forest resources is allowed– was permitted starting in 2008 (World 

Bank 2010). Under local regulations, logging is also permitted in the project area for community 

necessities, including the construction of houses, dugouts, charcoal production, firewood, and 

wooden handicraft furniture. 

Conclusion 

Because of the current lack of enforcement, all of the alternative land use scenarios are relatively 

unimpeded under national laws and regulations. Government authorities in charge of enforcing 

anti-deforestation laws typically hold greater interest in continuing deforestation for economic 

purposes, as they are often involved in the trade of swidden agriculture crops (Vieilledent et al. 

2020). If the Madagascar government chose to enforce Décret n°87-143, Scenarios 1 and 3 

would be much less viable as long-term scenarios while Scenario 2 would become more viable 

as forested landscapes would be more likely to regenerate and fires impeding reforestation 

efforts would become less frequent. 

However, there is currently no indication that the government will expand or strengthen the 

country’s enforcement agencies that regulate forest clearing and logging, such as the Ministry of 

Environment, Ecology, and Forests of Madagascar, based on a lack of funding (World Bank 

2020).  

STEP 2. Barrier analysis 

This step serves to identify barriers and to assess which of the land use scenarios identified in the 

sub-step 1b are not prevented by these barriers. 
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Sub-step 2a. Identification of barriers that would prevent the implementation of at least 

one alternative land use scenarios 

The purpose of this step is to identify realistic and credible barriers that prevent realization of the 

land use scenarios identified in Sub-step 1b. The barriers should apply to the proposed ARR 

project activities, even if similar project developers would have developed the project activity. 

Such barriers are listed below. 

Investment barriers 

Investment barriers are based on a lack of funding available for the land use scenario. This is 

largely based on the local and national GDP. 

As identified in the key informant interviews for Ambanitaza, investment barriers prevent 

Scenario 2 (conversion from swidden agriculture to agroforestry and reforestation, without 

assistance from the project) from being practical on a large-scale. Although the villages closest 

to Ambanitaza have started to implement sustainable vanilla and clove agroforestry on a small-

scale, the key informants for Ambanitaza indicated it is unlikely they will be successful over the 

next several years due to low investment capacities.  

The high reliance on swidden agriculture in Madagascar is often attributed to the country's 

extreme poverty (Jarosz 1993, Scales 2011, Gardner et al. 2013) with 24% of the population 

living below the poverty line in 2010 (United Nations 2017). Despite its illegality, farmers 

continue to practice swidden agriculture because it allows for the expansion of cultivable areas 

and optimizes labor productivity (Vieilledent et al. 2020). Swidden agriculture also provides 

nutrient rich ash and light for crops, guaranteeing higher yields and less time dedicated to 

weeding, which decreases labor time and cost (BNC REDD and Etc Terra – Rongead 2019, 

Vieilledent et al. 2020). Faced with poverty, lack of alternative income sources, and lack of 

information about alternative agricultural practices, farmers continue to practice swidden 

agricultural for subsistence (BNC REDD and Etc Terra – Rongead 2019). 

REDD+ projects cover a total of 1.76 million hectares of forest in Madagascar (Vieilledent et al. 

2020) with an average of USD 60 million in funds per year (80% of the annual national budget 

for Madagascar’s environmental sector) (Critical Ecosystem Partnership Fund 2014). The 

majority of the REDD+ programs that have been implemented since 2000 have mainly focused 

on forest protection through designating sites as protected areas under the Madagascar Protected 

Area System (Verra 2021). However, only one project focused on incorporating agroforestry as a 

means to protect forest (Verra 2021) 

Despite the significant investments in REDD+ conservation programs over the past 30 years 

(1985–2015), deforestation persisted in Madagascar. From 1990 to 2010, 1.5 million hectares out 

of 10.8 million hectares of total forest were deforested (13% of the total forest) (Vieilledent et al. 

2018), an average annual deforestation rate of 75,000 hectares per year (average of 0.72% total 

forest loss per year). Additionally, Madagascar has recently seen an acceleration in deforestation, 

averaging 110,000 hectares of forest loss (1.2% of the total forest) per year from 2010-2015. 

(Vieilledent et al. 2018). Because of this, swidden agriculture is likely to continue replacing 
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forested lands unless practical, cost-effective, and sustainable farming techniques such as 

agroforestry are more widely adopted across Madagascar.  

Ecological barriers 

Ecological barriers are unfavorable environmental factors for alternative land use scenarios. The 

key informants at the Ambanitaza site noted three main ecological barriers that could affect 

alternative land use scenarios: (i) degraded soil due to lack of water; (ii) human-induced fires for 

swidden agriculture; and (iii) unfavorable meteorological conditions, such as cyclones and 

drought, that have reportedly increased in frequency and severity in recent years. 

During the interviews at Ambanitaza, the key informants noted that the forest on the top of the 

mountain was burned by uncontrolled fires three times in recent memory. The most recent fire in 

2019 was from clearing for swidden agriculture on slopes below. Periodic fires prevent degraded 

landscapes from recovering and becoming productive for agricultural use (Styger et al. 2007). 

Frequent fires have also significantly increased the presence of fire-loving herbaceous vegetation 

while decreasing amounts of endemic woody vegetation required for vanilla and clove 

agroforestry (Styger et al. 2007, Hänke et al. 2018). When young, forested land is burned, either 

accidentally or purposefully, it is turned to fallow and left to recover to restore organic matter to 

become productive for agriculture (Styger et al. 2007, Hänke et al. 2018, World Bank 2020). 

However, increasing scarcity of available cropland has resulted in the shortening of fallow 

periods and fire frequencies are expected to increase across much of Madagascar (Styger et al. 

2007, Rainforest Alliance and Wildlife Conservation Society 2017). 

In addition to fires, cyclones and drought at the Ambanitaza site severely affect Scenario 2. 

Cyclones regularly hit the SAVA region (Hänke et al. 2018) and large cyclone events have been 

shown to severely impact Madagascar’s national vanilla supply (Gibbs 2007). In 2003, 

prolonged droughts followed by a devastating cyclone severely decreased the production of 

vanilla across much of the SAVA region, creating local destabilization in the region and 

worldwide vanilla shortages (Hänke 2018). 

Degraded soil, catastrophic human caused events, and unfavorable meteorological conditions, 

mitigate the practicality and likelihood of Scenario 3 as a practical long-term alternative. 

Additionally, as the use of land for swidden agriculture increases, land use for timber and coal 

production decreases.  

Demographic barriers 

Demographic barriers refer to increased demand for natural resources and land due to population 

growth preventing alternative land use scenarios. 

The population of the fokontany of Andrapengy increased from 2,006 to 2,419 people between 

2011 to 2018, a growth rate of 2.4% per year (fokontany is a political subdivision equivalent to a 

village or group of villages) (INSTAT/ Madagascar BNGRC). For the Antalaha district, within 

which Ambanitaza and Andrapengy are located, the population also increased by 2.4% between 

2011 and 2018, from 234,617 to 282,921 people (INSTAT/ Madagascar BNGRC). The growing 

population size in and around Ambanitaza could prove to be a barrier for any of the alternative 
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land use scenarios because of the possible increased demand for natural resources and land. For 

instance, with Scenario 1, community members could start burning and growing new areas to 

meet greater food consumption needs, preventing Scenarios 2 and 3 from occurring in the same 

area. Therefore, each of the scenarios listed can act as barriers for the other two scenarios. Other 

types of development, including residential or commercial, could also occur and act as barriers to 

all three scenarios. 

Labor and capacity barriers  

Labor and capacity barriers refer to barriers due to lack of proper technical training and 

knowledge. Lack of knowledge and training in agroforestry techniques could severely limit 

growth of agroforestry over swidden agriculture.  

DLC and CURSA have conducted several agroforestry workshops in the past several years to 

promote agroforestry by teaching agroforestry skills to local communities. At agroforestry 

workshops in Belaoka Marovato during November 2020, roughly 4000 seedlings were 

distributed to 37 farmers living in the area. Follow-up visits were undertaken by members of the 

CURSA/DLC team in February 2021 to assess the success of the workshop. Plant survival rate of 

cloves was only around 20%, even for farmers with prior agroforestry experience. The members 

of the CURSA/DLC noted that most workshop participants did not plant cloves in areas with 

enough shading. Additionally, most workshop participants did not dig proper sized ditches for 

cloves. According to the CURSA/DLC team, these workshops demonstrated that many 

community members in and around the project sites are interested in adopting agroforestry, they 

also demonstrated a lack of knowledge about proper agroforestry techniques. Thus, a lack of 

technical knowledge of agroforestry is likely a significant barrier to Scenario 2. 

Large-scale outside investor barriers 

Since the 2007 food price crisis, there has been a notable increase in the frequency of large-scale 

land acquisitions in developing countries (Cotula 2009, Cotula et al. 2014, Deininger et al. 

2011), including purchases and long-term (99-year) leases by external actors for agricultural 

production (food or biofuel production), timber harvesting, carbon trading mechanisms (such as 

REDD), mineral extraction, conservation, or tourism (Nolte et al. 2016). As of April 2021, 

investors from Western Europe and Asia made 14 large-scale land acquisition transactions in 

Madagascar, for a total of 588,322 hectares (Harding et al. 2017).  Nine of the transactions were 

related to cereal production, but traditionally only half of all deals lead to productive projects 

(Nolte and Ostermeier 2017). 

As of February 5, 2021, Madagascar’s Ministry of Environment and Sustainable Development 

signed an agreement with the World Bank’s Forest Carbon Partnership Facility (FCPF). This 

agreement contributed US $50 million to reducing carbon emissions from deforestation and 

forest degradation between 2020 and 2024 by establishing an Emissions Reductions Program 

(ER-P) (World Bank 2021). The ER-P area covers a total of 6,904,417 hectares along 

Madagascar’s east coast, representing more than 50% of the remaining rainforest of Madagascar 

and 10% of the national territory (World Bank 2020). Additionally, a US $107 million 

Sustainable Agriculture through a Landscape Approach (PADAP) project was approved by the 
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World Bank, the French Agency for Development, and the Global Environment Facility in 

February 2021 (World Bank 2020). The project complements the aforementioned ER-P being 

implemented by the World Bank, with 4 of the 5 PADAP landscapes included in the ER-P area 

(World Bank 2020). 

The ER-P area runs along the entirety of the country’s rainforest-rich eastern coast, thus 

potentially overlapping with the Ambanitaza project site, depending on where the national, 

regional, and local (commune level) stakeholders tasked with implementing the projects choose 

to create REDD+ sites (World Bank 2020). If the stakeholders using World Bank ER-P decide to 

develop REDD+ projects that overlap with our project sites, including the Ambanitaza site, our 

project would not be additional. The increased ER-P investments being made by World Bank 

therefore increase the likelihood of alternative land use Scenario 2 as a future potential land use 

at the Ambanitaza site, and simultaneously decreases the likelihood of Scenarios 1 and 3 

occurring. 

Price instability barriers 

Around 70,000 farmers in the SAVA region are estimated to produce 70-80% of all global 

bourbon vanilla (Hänke 2018). However, there have been drastic price fluctuations in 

international markets over the last 20 years, leading to fluctuations in the amount of vanilla 

farming and periodic local financial instability (Hänke 2018); Figure 4.1). After a 5-year boom, 

vanilla prices plummeted drastically in 2020 (Hänke 2018, Aust and Hachmann vanilla traders, 

2020). Many farmers in the SAVA region use swidden agriculture to buffer against unstable 

income from vanilla price fluctuations and theft (Laney & Turner 2015). When vanilla prices are 

low, farmers often have to choose between either pulling up their vanilla plants and replacing 

them or borrowing money from intermediaries, promising their next harvest as collateral, in 

order to feed their families (Danwatch 2017). Because of the instability in the vanilla market 

internationally, it is uncertain how much more widely farmers in the region will adopt vanilla 

agroforestry. 

 

Figure 4.1: Local prices of green vanilla (US $/kg) in the Sambava district between years 1960-

2017. The Sambava district borders the northern part of the Antalaha district (within which the 

Ambanitaza site is located), both districts are in the SAVA region. Image courtesy of Hänke 

2018. Source: DRAE 2018. 
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Sub-step 2b. Elimination of land use scenarios that are prevented by the identified barriers. 

Table 4.1: List of political, economic, social, and ecological barriers (assessed in the barrier 

analysis) that prevent alternative land use scenarios to varying degrees. 

 

Conclusion 

All three of the land use scenarios identified in the Sub-step 1b were prevented by at least one of 

the barriers listed in sub-step 2a (Figure 1.6). 

During the barrier analysis conducted in sub-step 2a, Scenario 1 was only prevented by two 

barriers, the least of all the scenarios (Table 4.1). Although both of the barriers that affect 

Scenario 1 are valid, they likely will not prevent Scenario 1 from being a feasible long-term 

alternative land use scenario for the Ambanitaza site. This is due to ecological barriers, primarily 

soil degradation and drought, only preventing the continuation of Scenario 1 to some extent. 

However, ecological barriers will not limit the use of swidden agriculture to a wide extent and 

therefore swidden agriculture will still be widely practiced in and around the Ambanitaza site. 

At the moment, it is unclear how barriers due to disruption from large-scale outside investors 

affect Scenarios 1 and 3 for Ambanitaza. However, based on our initial literature review and 

assessment of the World Bank’s recent ER-P investments in Madagascar, there is a possibility 

the World Bank could create a REDD+ project in or near one of our project sites and discount 

our project’s additionality. Therefore, further literature review and correspondence with the 

World Bank are needed to determine whether the ER-P funded projects will overlap with our 

proposed project sites. 
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Scenario 2 is not considered a feasible alternative land use scenario because it faces five main 

barriers, more than any of the other alternative land use scenarios. Four of these barriers included 

in our barrier analysis. Another factor used to determine Scenario 2 was not a feasible land use 

scenario was the significant decrease in NDVI from 2009 to 2019 at the Ambanitaza site (Figure 

1.6). The combination of these five barriers lead to Scenario 2 not being a feasible long-term 

alternative land use scenario for the Ambanitaza site. Table 4.1 also shows that four barriers lead 

to Scenario 3 not being a feasible long-term alternative land use scenario for the Ambanitaza site. 

Sub-step 2c. Determination of baseline scenario (if allowed by the barrier analysis) 

Due to barriers present for the three analyzed alternative land use scenarios, and the lack of 

evidence supporting that reforestation will be done without being registered as an ARR project 

activity, we determined the current land use classified in Section 1 represents the baseline 

scenario for the Ambaniaza site. Based on this baseline scenario, our proposed project activities 

would likely be additional. This is verified through the common practice analysis (Step 4). 

STEP 4. Common practice analysis 

The purpose of a common practice analysis is to determine to what extent forestation activities, 

similar to the one proposed by the ARR project activity, have been implemented previously or 

are currently underway. 

As previously mentioned, some small-scale reforestation and agroforestry efforts have been 

attempted in the past couple of years in and around the Ambanitaza site. However, key 

informants at Ambanitaza stated that none of these reforestation efforts have been successful 

(Table 4.1). The NDVI of the Ambanitaza project site has also decreased between 2009 to 2019 

(Figure 1.6), meaning that no reforestation activities occurred that significantly increased the 

amount of forested land at the site. Rather, the amount of forested land has decreased at the 

Ambanitaza site. With the failure of previous agroforestry/reforestation and decreasing forest 

cover, reforestation and growth of carbon stocks is unlikely without assistance. Thus, this project 

is likely to be additional at the Ambanitaza project site. 

Future Work  

A larger, more diverse group of community members at each site needs to be engaged to ensure 

that local community members can fully participate in, contribute to, and benefit from this 

REDD+ project. At least 20 total community members (with ten people from each sex) should be 

engaged with at each project site in order to avoid local elite capture—a phenomenon where 

people have significant control over information sharing and decision making based on their 

political status— and properly carry out public participation GIS workshops (Poudyal et al. 

2016). Public participation GIS is a– “form of participatory mapping incorporating stakeholder 

spatial knowledge into GIS-based mapping”– that has been shown to be a useful tool to involve a 

wider breadth of community members on the ground level of project implementation and 

overcome a lack of available social data (Rakotomahazo et al. 2019). It can also encourage more 

community members to participate in the development of forest management plans (McCall and 

Minang 2005, Rakotomahazo et al. 2019).   
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Public participatory GIS gives community members the opportunity to participate in a group 

mapping exercise using printed satellite images of the project site and the surrounding area 

(Rakotomahazo et al. 2019). The satellite images are captured from Google Earth and show land 

cover types, including bare, savannah, forest, and forest fragment (Rakotomahazo et al. 2019). 

Each group is then asked to draw the locations on the printed images where they conduct their 

activities based on a group consensus (Rakotomahazo et al. 2019). The group also draws 

locations that they believe would be best suited for the project activity, for which consensus is 

also required. By using public participation GIS, a larger number of community members will be 

involved in the REDD+ implementation process, improving the stakeholder analyses and 

avoiding elite capture. 

Discussion 

The results of this project reveal that the proposed project sites are well suited for reforestation 

efforts as the project sites are located in a region that is predicted to experience high 

deforestation threat. In addition, as compared to the baseline, both project scenarios, native forest 

restoration and agroforestry, could increase carbon stores and generate carbon offsets. Native 

forest restoration and agroforestry practices using acacia and eucalyptus would result in a net 

increase in carbon stocks on all four project sites. Agroforestry practices using shade tolerant 

species would also result in a net increase in carbon stocks in Andranotsara. The remaining 

agroforestry practices discussed (shade tolerant species, shade intolerant species, and clove) 

resulted in a net decrease in carbon stocks in one or both of the models (regional and 

pantropical). Based solely on the predicted change in carbon stocks among the different 

scenarios, the agroforestry scenario with acacia and eucalyptus would provide the highest carbon 

benefit across all four project sites. However, all scenarios that resulted in a net increase in 

carbon stocks should remain viable options, as they will need to be assessed with other 

determining factors for successful project implementation. Without completed stakeholder 

analyses for all project sites and additional data collection as outlined below, it cannot be 

determined which project activities would be most feasible and successful on each site. 

For the Ambanitaza project site, we identified three possible alternative land use scenarios that 

could discount carbon reductions estimated for the project scenarios. However, we found each 

alternative land use scenario to have at least one significant barrier preventing them from 

occurring. Based on these results, our evaluated project scenarios would be additional at the 

Ambanitaza site. While there are likely to be similar alternative land use scenarios and barriers 

for each of the three remaining sites, further stakeholder engagement will be necessary to verify 

this and determine each site’s additionality. 

Our results only provide a preliminary analysis of effective project scenarios for developing a 

verifiable carbon offset project in the SAVA region of Madagascar due to several limitations in 

this study. These limitations were primarily due to a lack of field data. The small size of the 

project sites also limited our ability to accurately estimate additionality because most of the 

remotely sensed data were at coarser scales. However, many of our limitations can be addressed 

through continued data collection and additional analyses under the REDD+ MF guidelines 

needed for finalizing this project and generating carbon credits. These include: 
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1. Ground truth data collection at the Ambanitaza and Andrapengy sites to check landcover 

classification accuracy 

2. Botanical data collection within each of the project sites to increase accuracy of 

aboveground and belowground carbon stock estimates 

3. Quantification of carbon stocks in dead wood litter and SOC; this is not required under 

the REDD+ MF methodology, but these carbon stocks may increase under project 

activities 

4. Leakage analysis to determine if the project activities will displace carbon emissions and 

discount the project’s additionality 

5. Co-benefit analyses, including biodiversity and economic benefits gained from project 

activities for evaluating and selecting project scenarios 

6. Site additionality assessments for the Amborinala, Andrapengy, and Andranotsara sites to 

establish the additionality of project activities at each site 

7. Additional stakeholder consultations with more diverse audiences to ensure all 

communities and people are represented in the stakeholder analyses 

8. Public participation GIS to overcome a lack of available social data 

While reforestation projects such as this one can be highly valuable, their implementation is 

challenging. Common mistakes include poorly planned tree plantings or lack of collaboration 

with all stakeholders, specifically smallholder farmers (Brimont et al. 2015, Di Sacco et al. 

2021). Predicting the baseline scenario is also challenging as it is prone to change over time, 

which may introduce errors in baseline carbon estimates (Pfaff 2007). The continuation of this 

project will require thorough evaluation in each step in the project design to avoid critical 

mistakes. However, if developed properly, this project would help Duke University towards 

reaching its goal of carbon neutrality while contributing to global efforts to reduce climate 

change, promoting more sustainable land practices, and restoring degraded landscapes within the 

SAVA region. 
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