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1.0 INTRODUCTION

This carbon assessment of mangroves in North Sumatra is provided as a follow up one year state

change analysis to the baseline report provided to OxCarbon on August 26, 2022. Many items in

this report will refer back to the findings and methodologies defined in that baseline report.   In

this report, current carbon stock of the project area and changes in land use of the leakage belt are

examined as they have changed from November 2021 to November 2022.

Changes in the estimates of forest cover of the leakage belt and project area can partly be

explained by different dates of the data sets, and partly by changes of land use.  This report utilises

several satellite sources to improve accuracy assessments including Worldview 2 and 3,

Radarsat-2, Sentinel 1, Sentinel 2, SRTM data and field measurement data.

This document provides an update for the 001-OxC Global Mangrove Trust Blue Carbon Restoration

Project with data collected one year after the data utilised in the baseline assessment. Impact of

the conservation project on the leakage belt is provided, using the same remote sensing methods

on Sentinel-1 and 2 satellite data for 2021 to 2022.  Sentinel-1 is a synthetic aperture radar

instrument and Sentinel-2 is an optical instrument.  Through the use of remote sensing methods,

these satellites were utilised to generate a classification of land cover types based on a supervised

machine learning model.  Once the land cover assessment was completed, carbon stocks estimates

of the project restoration/conservation area were calculated. Through the use of very high

resolution satellite imagery, the carbon assessment uses a machine learning model to arrive at

estimates of carbon stocks (reported as equivalent in tonnes of CO2 equivalent) in the project area.

This report serves to provide a follow on evaluation against the performance of restoration and

conservation work being done.

This report defines the methodology and a determination if the land cover change of the leakage

belt exceeds the findings of the deforestation analysis in the baseline report. This area is defined as

the area surrounding the project area and covering an equal amount of forest cover as the project

area covers.  Secondly, it focuses on the project restoration area of 2305.6 hectares of a range of

mangrove species utilising a variety of sources of satellite imagery, with a machine learning model

based on ground observations of tree measurements collected in 2021 and soil samples from the

same survey effort resulting in an overall assessment of the total carbon stock.  Changes in the

baseline report based on improved analysis methods and map projections are also provided.  It is

the goal of this methodology to continually utilise the latest technology and methods to improve

the accuracy of all estimates provided and to synchronise any methodology updates to all previous

reports.
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2.0 LAND COVER CHANGE OF LEAKAGE BELT AND PROJECT AREA

2.1 Methodology

2.1.1 Land Cover Analysis Using  Satellite Imagery

A land cover mapping effort for the leakage belt was conducted with satellite imagery for 2021 and

2022. Owing to high cloud cover in the region, a one year period of imagery was utilised to ensure

at least one cloud-free pixel for every 10m Sentinel pixel in the defined zone. Sentinel-2 images

were compiled into a cloud-free composite through the Google Earth Engine (GEE) platform.

Machine-learning based classification serves to identify mangrove forests, agroforestry plantations

(including oil palm, coffee, and cacao), aquaculture, flooded areas, urban centres, barren land,

agricultural fields, and tropical forests using remote sensing data.  The classification effort utilised

satellite imagery from Sentinel-1 and Sentinel-2 and NASA SRTM DEM data. These inputs were

integrated within the Google Earth Engine application.  The same classification model was utilised

as documented in the baseline report.

Effective classification is critical for determining deforestation rates. KACSAT identifies

deforestation rates based on changes in land use and leverages the Foreign Agricultural Office

(FAO) calculation methodology of deforestation to define the final deforestation rate.

Based on the weighting of different spectral signals, Kumi Analytics included the following forest

types in its assessment.

Exhibit 1 - Classification Engine - Forest Cover Included in Assessment

Land cover type Definition

Mangrove forest Vegetation formation composed of any species of mangroves.

Tropical forest Vegetation formation composed of natural forests in tropical
regions.

Swamp forest Naturally formed peatland swamp forest

Having established the core protocol, the classification model was applied to the leakage belt

covering 22,679 hectares which includes 3,260 hectares of forest surrounding the conservation

area of 2305.6 hectares. This analysis determines if the conservation project resulted in an increase

in deforestation nearby. This assessment forms the foundation of the counterfactual

“business-as-usual” scenario described in the registered baseline for the avoided deforestation

project based on the OxCarbon Principles.
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Exhibit 2 - Leakage Belt Area for Assessing Deforestation

©2022 Kumi Analytics, Maps Data: Google

2.1.2 Satellite Data Feeds into Classification Model

Exhibit 3 reports the relevant data inputs employed through the development, calibration, and
testing of the land classification engine for the calculation of the deforestation rate.

Exhibit 3 - Classification Engine Inputs

Source image Information Features

NASA SRTM DEM Terrain information: Elevation, slope

Sentinel-1 Backscatter Profile Ratio of VV and VH
Difference of VH and VV

Sentinel-2 Original bands: B2, B3, B4, B5, B6, B7, B8, B8A, B11, B12

Sentinel-2 Derived
Indices

Spectral indices: Ratio of SWIR1 and NIR
Ratio of red and SWIR1
FDI
WFI
MDI2
NDVI
NDVI (red edge 1, red edge 2, & red
edge 3)
NDYI
MNDWI
NDWI1 & NDWI2
NDBN
SAVI
OSAVI
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wetTC
greenTC
LSWI
PSRI1 & PSRI2 & PSRI3 & PSRI4

Sentinel-2 Derived
Texture Profiles

Texture information
(GLCM) from (NIR,
SWIR1, SWIR2)
combination

Angular Second Moment (ASM)
Contrast
Correlation
Entropy
Variance
Inverse Difference Moment (IDM)
Sum Average (SAVG)

2.2 Results and Discussion

2.2.1 Classification

The land cover classification is based on the image stacks for 2021 and 2022 consisting of 10

original bands and 24 spectral indices derived from Sentinel-2 TOA images, 7 GLCM metrics

calculated from a grey level image of the Sentinel-2 band combination of (NIR, SWIR1, SWIR2), 2

indices derived from Sentinel-1 VV and VH band and elevation and slope information from NASA

SRTM DEM, using a Random Forest Classifier of 100 individual decision trees. The reference data

for eleven classes utilised the data in the baseline assessment for deforestation rates covering the

eastern coastal boundary of North Sumatra plus in-situ collected ground truth data of several

individual mangrove trees for the year 2021.

As previously documented in the baseline report, the producer’s accuracy (PA) of the classification

model for mangroves achieves 93.34% and the user’s accuracy (UA) is 99.57%. Tropical forests

producer’s accuracy achieves 98.29% and the user’s accuracy is 95.35%. Finally, swamp forest

producer accuracy achieves 95.01% and the user’s accuracy  is 84.53%.  These are the features

calculated in the deforestation rate which all have high accuracy ratings and therefore provide a

high level of confidence in the results.

2.2.2  Deforestation of Leakage Belt

Exhibit 4 and Exhibit 5 provide a summary on land cover extents in 2021 and 2022 based on the

produced maps (excluding wildlife reserve, national park and area of interest (AOI) of the

conservation project).   Based on this analysis, it has been determined that the leakage belt has not

experienced a greater deforestation rate as provided in the 2021 baseline report.
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2021

©2022 Kumi Analytics, Maps Data: Google,  2022 Maxar Technologies

2022

Exhibit 4: Land cover map of leakage belt in 2021 and 2022

Exhibit 5: Distribution of land cover classes  from 2021 to 2022
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2.2.3  Deforestation of Project Area

Deforestation, as measured in land cover change over the past year, of the project area realised a rate of

0.3%.  This analysis was performed using the same methodology in the baseline report.  While the

overall deforestation rate of the project area is significantly lower, it is important to note that there are

regions within the project area that have experienced damage to the ecosystem.  Exhibit 6 shows an

example where there was a loss of mangroves over the past year in Pangkalan Siata.  Further, this is an

example that provides support for the use of satellite imagery to provide a greater understanding of the

entire project area versus auditing only previously established sample sites.

A map of the land cover in the project area can be viewed in Exhibit 7 which clearly shows the project

area as mangrove forest.

© 2022 Maxar Technologies

2021
©2022 Maxar Technologies

2022

Exhibit 6: Deforestation Example 2021 compared to 2022
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© 2022 Maxar Technologies

2021
©2022 Maxar Technologies

2022

Exhibit 7: Deforestation Map of Project Area

3.0 CARBON STOCK ASSESSMENT

Remote sensing-based biomass estimation creates a “bottom-up” carbon flux assessment that

incorporates changes in forest extent, canopy measurements, and biomass density. Measurement

of above ground biomass (AGB) at local scales using remote sensing technology leverages two

main inputs: ground-truth measurements and high-resolution imagery. Direct forest

measurements by local observers (ground-truthing) enable AGB estimation through the use of

allometric models. These suites of algorithms leverage empirical relationships among structural

parameters for a given tree, e.g. trunk diameter, tree height, wood density, crown diameter, and

dry weight (biomass) to generate estimates of mean AGB for a given area (e.g. a hectare).

This assessment is based on both allometric and remote sensing based techniques for estimating

carbon stocks. In the baseline report, we assessed ground data and after completing quality checks

and a series of corrections, determined that it was sufficient to enable an allometric and remote

sensing / machine learning based methodology for establishing AGB measurements. Combined

with an allometric equation of below ground biomass (BGB), this method generates a robust

estimate for total carbon storage.

Exhibit 8 - Biomass Assessment Processes
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A range of very high resolution satellite inputs for project site analysis were utilised in preparation

of this study. Very high resolution satellite feeds enable strong digital surface & terrain modelling,

novel image-recognition models for accurately identifying land cover, robust growth tracking, and a

more precise prediction of carbon dynamics. Biomass estimates were generated for every four

square metres through the use of Worldview imagery.

3.1 Ground Data Integration

In the baseline assessment, from October 2021 to December 2021, 118 measurement plots (5 metres
radius for each plot) were identified and ground control data consisting of tree measurements and
soil samples were collected.

Machine learning models were applied on the 2021 very high resolution satellite imagery derived

indices and local ground data (tree inventories and soil samples) to assess AGB and BGB for the

project area to create a training database which was used for both the 2021 and 2022 model

outputs. The baseline assessment establishes the carbon stock of the project area and enables

periodic verifications of state change over the course of project operations of which this is the first

state change report.

The following data sets were used in the state change analysis:

Exhibit 9 - Satellite Imagery Utilised for AGB Assessments

Sensor Band Resolution 2021 Baseline
Date of
Acquisition

2022 State Change
Date of Acquisition

Worldview Pan
Mosaic

Panchromatic 0.5 m October 29, 2021 September 17,
2022
and
September 3,
2022

Worldview
Multispectral
Mosaic

Blue (450-510
nm)

2.0 m October 29, 2021 September 17,
2022
and
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Exhibit 9 - Satellite Imagery Utilised for AGB Assessments

Green (510-580
nm)
Yellow (585 -
625 nm)
Red (630-690
nm)
Red Edge
(705-745 nm)
Near Infrared 1
(770-895 nm)
Near Infrared 2
(860-1040 nm)

September 3,
2022

Radarsat-2 SAR - C Band
(HV
Polarisation)

1.6m x
2.8m

November 22,
2021

November 7,
2022

Radarsat-2 SAR - C Band
(HH
Polarisation)

1.6m x
2.8m

November 28,
2021

November 14,
2022

Sentinel-1 SAR - X Band
(HH, HV, VV, VH
Polarisation)

10 m 2021 Cloud free
Mosaic

2022 Cloud free
Mosaic

Sentinel-2 Blue (~493 nm)
Green (560 nm)
Red (~665nm)
Near Infra-Red
(~833 nm)

10 m 2021 Cloud free
Mosaic

2022 Cloud free
Mosaic

3.2 Protocols for Image Preprocessing

The preprocessing of the images continued with the application of different filters and generation

of spectral indices. These served for reducing the effect of atmospheric conditions and removing

clouds, and cloud-shadows to every multispectral stack.

Different spectral indices showing relationship with forest AGB and BGB - (e.g. NDVI, NDI45 SAVI,

NDBN, FDI) were calculated and appended to the pre-processed stacks. The study further

leveraged the spectral bands and ancillary biophysical information described in the tables above

and below.
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Exhibit 10 - Vegetation, Soil and Water Indices Utilised for AGB and BGB Estimates

Predictor Variable Definition

Forest Discrimination Index,
FDI_wet, FDI_wet2

NIR-(Red+Green),
NIR2-(Red+Green)

Normalised Difference Water
Index, NDWI

((Coastal+Blue+Green+Yellow)/4-
(Red-RedEdge+NIR+NIR2)/3)/
((Coastal+Blue+Green+Yellow)/4+
(Red-RedEdge+NIR+NIR2)/3)

NDWI is used to separate mangrove vegetation from
non-mangrove vegetation classes since it is able to
relate to the plant water content.

Normalised Difference
Vegetation Index,
NDVI, NDVI2, NDVI_re, NDVI2_re

(NIR-Red)/(NIR+Red),
(NIR2-Red)/(NIR2/Red),
(NIR-RedEdge)/(NIR+RedEdge),
(NIR2-RedEdge)/(NIR2+RedEdge)

This index is a measure of healthy, green vegetation.
The combination of its normalised difference
formulation and use of the highest absorption and
reflectance regions of chlorophyll make it robust over
a wide range of conditions.

Normalised Difference Index of
Band Red and RedEdge, NDI45

(RedEdge-Red)/(RedEdge+Red)

Normalised Difference Blue/NIR
Index,
NDBN, NDBN2

(Blue-NIR)/(Blue+NIR),
(Blue-NIR2)/(Blue+NIR2)

Soil Adjusted Vegetation Index,
SAVI, SAVI2

1.5 * (NIR-Red)/(NIR+Red+0.5),
1.5 * (NIR2-Red)/(NIR2+Red+0.5)

This index is similar to NDVI but it suppresses the
effects of soil pixels. It uses a canopy background
adjustment factor which is a function of vegetation
density. This index is best used in areas with relatively
sparse vegetation where soil is visible through the
canopy. 1

Optimised Soil Adjusted
Vegetation Index,
OSAVI, OSAVI2

(NIR-Red)/(NIR+Red+0.16),
(NIR2-Red)/(NIR2+Red+0.16)

This index is based on SAVI and it uses a standard
value of 0.16 for canopy background adjustment

1 Huete, A. "A Soil-Adjusted Vegetation Index (SAVI)." Remote Sensing of Environment 25 (1988): 295-309.
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factor. This value provides greater soil variation than
SAVI for low vegetation cover while demonstrating
increased sensitivity to vegetation cover greater than
50%. This index is best used in areas with relatively
sparse vegetation where soil is visible through the
canopy.2

Yellowness Index, NDYI (Green-Blue)/(Green+Blue)

3.2.1 Cloud, Shadow and Haze Removal

As previously documented clouds and shadows must be removed (or masked) from the analysis as they

obstruct the ability for the model to perform estimations of that location.  In the imagery collections of

2021, there was little to no haze in the imagery which impacts the ability to accurately estimate the

biomass.   In the 2022 collection of multispectral imagery, there were significant levels of haze in the

data - see Exhibit 11.  While clouds are problematic, they will not cover broad areas whereas haze often

will and is not as easily detected with automated methods.  Furthermore, satellite operators will provide

new images if they are too cloudy, but they will not due to haze.  Due to the high levels of haze which

was bordering on a classification of “thin clouds” the satellite imagery vendor provided additional images

captured within thirty days of one another to support this analysis.  This enabled the utilisation of

several images to decrease the overall haze and clouds that were included in the analysis.  In all of the

data, significant haze existed over certain areas and therefore needed to be removed from the analysis

as part of the cloud mask.  In particular, all of the village of Salahaji was obstructed by haze and as a

result AGB and BGB estimations are not available for that region in this report.  Percentages of the total

project area removed due to clouds, shadows and haze for both 2021 and 2022 is represented in Table 1

with specific impact on villages in 2022 represented in Exhibit 23.

Additional research is currently underway to both remove haze through advanced image processing

techniques as well as the development of a SAR model leveraging several SAR satellites which are not

impacted by clouds or haze.

2 Rondeaux, G., M. Steven, and F. Baret. "Optimization of Soil-Adjusted Vegetation Indices." Remote Sensing
of Environment 55 (1996): 95-107.
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© 2022 Maxar Technologies

2022 Image with light haze

©2022 Maxar Technologies

2021 Image with no haze and small clouds

Exhibit 11: Images with haze versus no haze

Total cloud and shadow masked 2021 14.22%

Total cloud and shadow masked 2022 7.24%

Total cloud, shadow, and haze masked 2022 16.68%

Table 1 Percentage of project area obstructed by clouds, cloud shadows, and haze

3.3 Carbon Stock Assessment Results

An initial machine learning process in the baseline assessment calculated AGB and BGB for the

sample plots based on training from the ground control data, the integrated multispectral indices,

SAR backscatter, and elevation profiles. The initial assessment utilised ground collection data as

defined in the baseline report. No additional ground data was collected and as such, the previous

soil samples are utilised in this model. In the initial analysis up to 20 plots were added which are

bare of any trees which cater for 0 biomass contribution for the machine learning process. Initial

prediction results for those plots were provided in the baseline assessment through the use of a

linear model. In an effort to continually improve the accuracy of the results, a random forest

model was tested and applied to both the baseline and this updated analysis. Through the use of

this updated model, an accuracy improvement was realised in the prediction of above ground

biomass versus ground based measurements, based on the R-squared metric. The R-squared is a
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measure of how good the fit of the model is. The R-squared of the derived AGB random forest

model is 0.831 for the training data and 0.448 for the validation data, whereas for BGB random

forest model, it is 0.812 for the training data and 0.36 for the validation data, which is higher than

the previous linear regression model. The scatter plot of the model with their respective trendlines

is shown in Exhibits 12, 13, 14, and 15. As shown in the scatter plot figures, the trend line is not a

45 degree line meeting the origin (0,0) but demonstrates better performance than the linear

model from 2021 as shown in Exhibit 16. Additional ground measurements, which are currently

being collected, and optimization of input variables will enable further refinement of the model

and is expected to improve overall performance of the predictions against ground based

observations.

The map projection was updated for all data layers to address the curvature of the earth

specifically in Indonesia. Previously, the global map projection standard of WGS-84 was applied. In

order to optimise the analysis for the Indonesian landmass, the EPSG:23831 projection model was

utilised. In summary, map projections are the means of representing an ellipsoidal Earth on a

mapping plane3. This change increases the overall accuracy and attempts to eliminate distortions

that occur specifically for the study region due to the projection of a 3D object on a 2D map.

Exhibit 12 2021 Random Forest AGB Predicted vs Observed Training Data

3
https://ibis.geog.ubc.ca/~brian/Course.Notes/projectiontutorial.html
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Exhibit 13 2021 Random Forest AGB Predicted vs Observed Training Data

Exhibit 14 2021 Random Forest BGB Predicted vs Observed Training Data
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Exhibit 15 2021 Random Forest BGB Predicted vs Observed Validation Data

Exhibit 16 - 2021 Linear Model AGB and BGB Predictions
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Exhibit 17- Map of AGB Estimates with Random Forest Model for 2021

©2022 Kumi Analytics, Maps Data: Google,  2022 Maxar Technologies
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Exhibit 18 - Map of AGB Estimates with Random Forest Model for 2022
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Exhibit 19- Map of BGB Estimates with Random Forest Model for 2021
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Exhibit 20 - Map of BGB Estimates with Random Forest Model for 2022

Through the integration of Above Ground Carbon, Below Ground Carbon, and Soil Carbon
Saturation levels, the total carbon stock is calculated with the following formula

tCO2e )=  (𝐴𝐺𝐶 +  𝐵𝐺𝐶 + 𝑆𝐶𝑆) *  (44/12
Where:
tCO2e = Total Carbon Dioxide Equivalent
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AGC = Above Ground Carbon, where AGC = AGB * 0.47
BGC = Below Ground Carbon, where BGC = AGB * 0.394

SCS = Soil Carbon Saturation

Village AGB,
Mg/ha

BGB,
Mg/ha

SCS,
MgC/ha

Total Carbon
(MgC/ha)

tCO2e

Halaban 54.1924 58.4830 380.69 428.969 1572.89

Pangkalan Siata 50.8017 56.2581 331.55 377.367 1383.68

Salahaji 57.9463 65.7612 559.9 612.782 2246.87

Pulau
Kampai

34.6548 21.2421 329.4 353.972 1297.90

Marex

Conservation

Area Average

44.9445 42.3419 361.20 398.834 1462.39

Exhibit 21 Average Biomass Measurements and tCO2e per hectare in 2021 based on linear model using
very high resolution imagery (Worldview and Radarsat-2)  and field observations

Village AGB,
Mg/ha

BGB,
Mg/ha

SCS,
MgC/ha

Total Carbon tCO2e

Halaban 35.78 45.86 380.69 415.393 1523.11

Pangkalan Siata 37.83 43.93 331.55 366.462 1343.69

Salahaji 38.53 43.22 559.9 594.864 2181.17

Pulau
Kampai

30.27 35.54 329.4 357.488 1310.79

Marex

Conservation

Area Average

34.2613 40.3162 361.1964 376.9197 1441.49

Exhibit 22 Updated Average Biomass Measurements and tCO2e per hectare in 2021 based on random
forest model using very high resolution imagery (Worldview and Radarsat-2) and field observations

4
WP86CIFOR Protocol of carbon measurement - CIFOR- Kauffman Donato, Section 3.1
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Village AGB,
Mg/ha

BGB,
Mg/ha

SCS,
MgC/ha

Total Carbon tCO2e

Halaban 36.46 46.04 380.69 415.779 1524.52

Pangkalan Siata 36.87 45.04 331.55 366.445 1343.63

Salahaji Intentionally Left Blank

Pulau
Kampai

34.21 36.74 329.4 359.807 1319.29

Marex

Conservation

Area Average

35.6282 41.4695 361.1964 332.0697 1431.11

Exhibit 23  Average Biomass Measurements and tCO2e per hectare in 2022 based on random forest
model using very high resolution imagery (Worldview and Radarsat-2)  and field observations collected
in 2022.

Village Observed Areas
(hectares)

Masked Area Due to
Clouds and Shadows

(hectares)

Total Area
(hectares)

Average tCO2e per
hectare

Halaban 246.59 0.94 247.53 1524.52

Pangkalan Siata 769.24 31.96 801.21 1343.63

Salahaji 0.00 255.50 255.50 Not Available

Pulau Kampai 904.69 96.69 1,001.38 1319.29

Exhibit 24  Observed areas and masked areas of villages in 2022 with average tCO2e per hectare
estimated from high resolution machine learning model

4.0 CONCLUSION

This work found no significant change in forest cover for the leakage belt in 2022 as compared to

2021.    We continue to see pressures on mangroves in the coastal zone of Sumatra and include the

clearing of mangroves in selected areas and an increase in forest cover over other areas which is

hypothesised to be due to an increased awareness of the issues associated with climate change and

corporate commitments to achieve net zero emissions. The project area realised a relatively modest
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decrease in forest cover of 0.3% over the past year.

The second phase of this study was an update of the total carbon stock of the project area covering

2305.6 hectares in comparison to the carbon stock from 2021 and documented in the baseline

report.  Due to factors outside of our control, certain areas were not able to be included in this

estimation.  To mitigate risk associated with providing erroneous information, the authors have

chosen to remove the village of Salahaji from this report due to the condition of the satellite imagery

over that area.  Given the model’s output leveraging both very high resolution optical imagery and

high resolution SAR data with the existing ground data collection data as reference measurements, it

is estimated that the updated carbon stock estimate for the project area in 2022 with the removal of

Salahaji from consideration is 2,775,009.95 tCO2e. An equivalent analysis of the same region

(excluding Salahaji) from the 2021 baseline report establishes a carbon stock of 2,766,194.13 tCO2e

representing a change of + 0.32% since the baseline assessment.  It is important to restate that this

update does not include above and below ground biomass or soils data of Salahaji due to the

inability to generate an accurate assessment of that village at the time of publication of this report.

During the writing of this report, additional ground control measurements are being collected for the

project area.  This data will be utilised for both research and development processes and will be

incorporated into an update on the project performance.  Continued monitoring of the site is

recommended as well as the integration of the updated ground control to better ensure accurate

measurements of the impact from the project conservation and restoration activities.

As new data sets and technologies are available, this report may be updated but will only utilise

observation data to enable it to remain “point in time” to ensure the integrity of biomass estimates

as of November 2022.

–end of report–
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