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Project Overview
Project Synopsis:
Deforestation results in carbon dioxide release into the atmosphere and represent a large contributor to greenhouse gas emissions. Despite global efforts to measure carbon emissions from deforestation, it remains difficult to assess, especially across broad areas. As a case study, this Tech and Innovation project applied SERVIR-CArbon Pilot (S-CAP) methods and NASA Earth observation data to compute and assess carbon emissions caused by deforestation in the Talladega National Forest, Alabama. This project compared multiple deforestation mapping approaches, estimated carbon emissions from aboveground biomass loss, and created workflow documentation to help support future DEVELOP projects with similar applications.

Abstract: 
Deforestation, a large contributor of carbon emissions, is a major driver of climate change. To best inform climate mitigation, decision-makers must have accurate estimations of carbon emitted during deforestation. However, it is difficult to assess deforestation extent and measure forest carbon stock loss from the ground given varied growing conditions. With the intent to derive remote sensing carbon monitoring methods applicable to the Southeastern United States, we adapted procedures developed by SERVIR-CArbon Pilot (S-CAP). Using Talladega National Forest in Alabama as our region of interest (ROI), we compared deforestation maps within: Google Earth Engine (GEE) using LandTrendr, National Land Cover Dataset (NLCD), Landscape Change Monitoring System (LCMS) dataset, and Global Forest Watch (GFW) dataset. These data sources utilized imagery from Landsat 5 Thematic Mapper (TM), Landsat 7 Enhanced Thematic Mapper Plus (ETM+), and Landsat 8 Operational Land Imager (OLI). We then used ICESat-2 Advanced Topographic Laser Altimetry System (ATLAS) and ISS Global Ecosystem Dynamics Investigation (GEDI) observations to calculate aboveground biomass (AGB) loss and total carbon emissions from deforestation in the ROI. We explored the accuracy of ATLAS with airborne LiDAR data. Our results indicated that 0.02% to 8.0% of the ROI was deforested which equates to 54,735 to 3,975,540 tons of carbon emissions for 2016-2021. We found that ATLAS data consistently overestimated tree canopy height relative to the same metric from airborne LiDAR. We recommend DEVELOP teams use our tutorial and documented Google Earth Engine scripts for aiding carbon stock assessments for applications in the Southeastern US.
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National Application Area Addressed: Climate
Study Locations: Talladega National Forest, Alabama 
Study Period: 2016-2022

Community Concerns: 
· Carbon emissions from deforestation contributes to climate change on a local and global scale. The Talladega National Forest in Alabama is representative of the Southeastern US forests and faces flooding and extreme weather due to climate change. Communities in the Southeastern US need access to accurate data on carbon emissions to mitigate these climate challenges on a local level.
· Loss of old growth carbon stocks deplete the Southeastern US’s ability to store carbon for long periods of time. Local communities must plan well into the future given that full afforestation takes years to recover to original carbon storage capabilities of old growth forests.
· As a National Forest that receives about 40,000 visitors per year, it is important that Talladega foresters manage forest stock regeneration to help restore ecosystem resilience and fulfill economic and recreational demands.

Project Objectives:	Comment by Heidi Rogers: PC Team: Our preferred list of objectives is updated as in text, although these are not reflected in our presentation slides. Our old objectives are:
1_Identify suitable datasets and refine S-CAP methods to southeastern United States. 
2)Provide reusable scripts that estimate carbon emissions through forest cover change and biomass data products. 
3)Document methods and in a user-friendly tutorial for future DEVELOP projects. 
· Adapt S-CAP scripts developed for international carbon emission estimates to regional locations in the Southeastern US. 
· Compare and contrast the efficacy and accuracy of deforestation mapping methods, which include regional and global datasets, in the carbon estimation process. 
· Compute forest cover maps that identify and quantify deforestation in the study region. 
· Compare and contrast the efficacy and accuracy of above ground biomass estimation techniques based on remote sensing data products. 
· Calculate carbon emissions from deforestation using Earth observations and ancillary datasets. 
· Develop tutorials to support future carbon emission estimations in managed forests of the Southeastern US.

Earth Observations & End Products Overview
Earth Observations:
	Platform & Sensor
	Parameter
	Use

	Landsat 5 TM
	Surface reflectance
	Surface reflectance was used to generate land cover maps in Google Earth Engine using the LandTrendr model and GFW, NLCD, and LCMS datasets.

	Landsat 7 ETM+
	Surface reflectance
	Surface reflectance was used to generate land cover maps in Google Earth Engine using the LandTrendr model and GFW, NLCD, and LCMS datasets.

	Landsat 8 OLI
	Surface reflectance
	Surface reflectance was used to generate land cover maps in Google Earth Engine using the LandTrendr model and GFW, NLCD, and LCMS datasets.

	ISS GEDI
	AGB
	AGB was used alongside forest cover data to estimate carbon emissions.

	ICESat-2 ATLAS
	AGB
	AGB was used alongside forest cover data to estimate carbon emissions.



Ancillary Datasets:
· World Resources Institute (WRI) Global Forest Watch – utilize changes in forest cover and calculate against aboveground biomass to estimate carbon emissions
· United States Geological Survey (USGS) Hansen Global Forest Change v1.9 (2000-2021) – utilize changes in forest cover and calculate against aboveground biomass to estimate carbon emissions
· USGS National Land Cover Database (NLCD) – extract forest cover information and calculate against aboveground biomass to estimate carbon emissions
· United States Forest Service (USFS) Landscape Change Monitoring System v2021.7 – extract forest cover information and calculate against aboveground biomass to estimate carbon emissions 
· Intergovernmental Panel on Climate Change (IPCC) Emission Factor Database – reference for aboveground biomass 
· USGS 3D Elevation Program – airborne LiDAR point cloud datasets to calculate canopy heights.
· European Space Agency (ESA) World Cover 10m 2020 V100 - Extract forest cover information and calculate against aboveground biomass to estimate carbon emissions

Modeling:
· LandTrendr 0.2.0 (POC: Christine Evans, SERVIR Science Coordination Office) - generate land cover maps

Software & Scripting: 
· Google Earth Engine – main modeling platform to identify land use change and calculate carbon emissions 
· ArcMap – software for ICESat-2 ATLAS data processing
· Python 3.7– LiDAR /ICESat2 ATLAS data acquisition and processing.
· R & RStudio 4.2.1 – LiDAR data processing and canopy height model.

End Products:
	End Product
	Earth Observations Used 
	Partner Benefit & Use
	Software Release Category

	Carbon Emissions Analysis
	Landsat 5 TM,
Landsat 7 ETM+,
Landsat 8 OLI,
ISS GEDI,
ICESat-2 ATLAS
	Methodological refinement and product validation provided an example which will allow future DEVELOP participants greater efficiency for similar analyses performed in other regions, or for use in subsequent studies.
	I

	[bookmark: _Int_RMczMAyb]Comparison Land Cover Change Maps and Carbon Emissions Tables
	Landsat 5 TM,
Landsat 7 ETM+,
Landsat 8 OLI,
ISS GEDI,
ICESat-2 ATLAS
	Output tables provided example final products and a demonstration of the carbon emissions analysis to guide future DEVELOP participants.
	N/A

	Estimating Carbon Emissions from Deforestation Tutorial
	Landsat 5 TM,
Landsat 7 ETM+,
Landsat 8 OLI,
ISS GEDI,
ICESat-2 ATLAS
	This deliverable provided future participants and potential partners documentation and a thorough demonstration of the carbon emission analysis methodologies. 
	N/A



Project Continuation Plan:
The Fall 2022 Technology and Innovation Project created reproducible scripts and tutorials demonstrating the methods for estimating carbon emissions from deforestation in the Talladega National Forest. These end products will assist future DEVELOP projects in applying these methods to carbon estimation in additional sites.

The second term project will further develop the application of the Fall 2022 term’s methods to inform partners’ decisions related to carbon emissions. Additionally, the second term will likely further explore the relationship between forest cover and carbon emissions for indigenous communities, and compare these findings to other parts of the U.S.
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Project Reflections 
Does the team consider this project to be successful?
This project served as a path-finding project to set up future teams to study carbon emissions in the U.S. To this end, our project was successful as it created a reproducible code, tutorial for future teams, and also compared and contrasted the datasets that future teams may choose to use. 

If you had the opportunity to do this project again, what would you do differently?
If we were to redo this project, our team would have left time to complete an accuracy assessment in the form of field data/ USFS logging data/ airborne LiDAR) so as to better validate our results. As future groups will have less background research to conduct, and can work from our tutorial, it is likely that this accuracy assessment can be completed in the future. 
 
Do you have any recommendations for future teams pursuing a similar project to consider?
This Tech and Innovation project is a first term effort to explore and lay down methodological foundations. For the project's second term, teams would ideally be able to apply these methods to address deforestation in other study regions. Future work will also introduce these methodologies to end users and partners, enabling these groups to apply our methodology to policy or other relevant programs in need of determining carbon emissions. 

Other DEVELOP projects would also be able to use this work to investigate specific topics, such as interactions of forest cover and carbon emissions in Indigenous communities. Creating modular, efficient tools of calculating carbon emissions would allow other projects to examine effects of specific disturbances such as forest fires or anthropogenic development in other regions all over the globe.

For specific recommendations regarding our methods, we recommend teams have the following: 1) A study location with some ability to utilize field data for validation purposes, 2) extensive knowledge of the forest community so as to inform the best allometric equations to calculate AGB, 3) check for LiDAR availability with extensive forest coverage for the study area, 4) since some data products (such as LiDAR) are computationally expensive, have adequate computational power available (perhaps in the form of a virtual machine).
 
[bookmark: _Int_Rqdv8yY1]NASA Earth Observation Data
Landsat 5 TM (/10.5066/F7N015TQ)
1. Source: We acccessed all Landsat data through Google Earth Engine Data Catalogue in the form of the LandTrendr algorithm, the National Land Cover Dataset (NLCD), the Land Cover Mapping System (LCMS), and the Global Forest Watch (GFW) dataset. 
2. General Overview: 
a. LandTrendr – We had no issue accessing the data through LandTrendr, however it took time to understand what we should use for our project as there is an app and many modules available from the eMapR source.
b. NLCD – We had no issue accessing the data through NLCD.
c. LCMS – We had no issue accessing the data through LCMS.
d. GFW – We had no issue accessing the data through GFW.
3. Acquisition: Google Earth Engine’s data catalogue was straightforward to use, we did not have any acquisition problems for our Landsat data.
4. Processing/Analysis: 
a. LandTrendr - We had no issue processing the data through LandTrendr, but we relied on public:Modules/LandTrendr.js to complete image processing. It was difficult to find and locate documentation on the appropriate parameters to use in the module however.
b. NLCD – The NLCD dataset’s limiting factor was its date range, which fell short of our 2016-2021 project timeline. That aside, this dataset used the Landsat series to provide clear, specific landcover categories that made simple and accurate distinctions between forested and deforested areas.
c. LCMS – The LCMS dataset used the Landsat series to provide broad landcover categories from which we found forested and deforested areas. It should be noted that there is greater potential for this dataset, including a band showing rate of loss, that we did not have time to explore. 
d. GFW – The GFW dataset, which used the Landsat series to depict forest change, showed year of forest loss. This band was used to determine forested and deforested areas. It is important to note that the GFW dataset is a single image, so year can only be selected through the year of loss band. 

Landsat 7 ETM+ (/10.5066/P9C7I13B) 
1. Source: We acccessed all Landsat data through Google Earth Engine Data Catalogue in the form of the LandTrendr algorithm, the National Land Cover Dataset (NLCD), the Land Cover Mapping System (LCMS), and the Global Forest Watch (GFW) dataset. 
2. General Overview: 
a. LandTrendr – We had no issue accessing the data through LandTrendr, however it took time to understand what we should use for our project as there is an app and many modules available from the eMapR source.
b. NLCD – We had no issue accessing the data through NLCD.
c. LCMS – We had no issue accessing the data through LCMS.
d. GFW – We had no issue accessing the data through GFW.
3. Acquisition: Google Earth Engine’s data catalogue was straightforward to use, we did not have any acquisition problems for our Landsat data.
4. Processing/Analysis: 
a. LandTrendr - We had no issue processing the data through LandTrendr, but we relied on public:Modules/LandTrendr.js to complete image processing. It was difficult to find and locate documentation on the appropriate parameters to use in the module however.
b. NLCD – The NLCD dataset’s limiting factor was its date range, which fell short of our 2016-2021 project timeline. That aside, this dataset used the Landsat series to provide clear, specific landcover categories that made simple and accurate distinctions between forested and deforested areas.
c. LCMS – The LCMS dataset used the Landsat series to provide broad landcover categories from which we found forested and deforested areas. It should be noted that there is greater potential for this dataset, including a band showing rate of loss, that we did not have time to explore. 
d. GFW – The GFW dataset, which used the Landsat series to depict forest change, showed year of forest loss. This band was used to determine forested and deforested areas. It is important to note that the GFW dataset is a single image, so year can only be selected through the year of loss band.

 Landsat 8 OLI (/10.5066/F71835S6) 
1. Source: We acccessed all Landsat data through Google Earth Engine Data Catalogue in the form of the LandTrendr algorithm, the National Land Cover Dataset (NLCD), the Land Cover Mapping System (LCMS), and the Global Forest Watch (GFW) dataset. 
2. General Overview: 
a. LandTrendr – We had no issue accessing the data through LandTrendr, however it took time to understand what we should use for our project as there is an app and many modules available from the eMapR source.
b. NLCD – We had no issue accessing the data through NLCD.
c. LCMS – We had no issue accessing the data through LCMS.
d. GFW – We had no issue accessing the data through GFW.
3. Acquisition: Google Earth Engine’s data catalogue was straightforward to use, we did not have any acquisition problems for our Landsat data.
4. Processing/Analysis: 
a. LandTrendr - We had no issue processing the data through LandTrendr, but we relied on public:Modules/LandTrendr.js to complete image processing. It was difficult to find and locate documentation on the appropriate parameters to use in the module.
b. NLCD – The NLCD dataset’s limiting factor was its date range, which fell short of our 2016-2021 project timeline. That aside, this dataset used the Landsat series to provide clear, specific landcover categories that made simple and accurate distinctions between forested and deforested areas.
c. LCMS – The LCMS dataset used the Landsat series to provide broad landcover categories from which we found forested and deforested areas. It should be noted that there is greater potential for this dataset, including a band showing rate of loss, that we did not have time to explore. 
d. GFW – The GFW dataset, which used the Landsat series to depict forest change, showed year of forest loss. This band was used to determine forested and deforested areas. It is important to note that the GFW dataset is a single image, so year can only be selected through the year of loss band.

GEDI ISS (https://doi.org/10.3334/ORNLDAAC/2017)  
1. Source: Google Earth Engin’s GEDI L4B Gridded Aboveground Biomass Density (Version 2) dataset.
2. General Overview: This dataset was extremely easy to access and process and there were substantial references available to support its use. 
3. Acquisition: Google Earth Engine accessibility of this data product was straightforward to use and we did not have any acquisition problems.
4. Processing/Analysis: We had no processing issues with this data product. However, we did have an issue with analysis: it was not possible to find the exact image capture date for the L4b product over our region of interest. Rather, we could only find a general acquisition date for the entire dataset (2019-2023).

ICESat-2 ATLAS (https://doi.org/10.5067/ATLAS/ATL08.005) 
1. Source: https://nsidc.org/data/atl08/versions/5
2. General Overview: The data is not in raster format but in HDF5 format which requires pre-processing before the data can be accessed or used in GEE. There are multiple options to download the data i.e. website, API or HTTPS access. Once the data is downloaded, a python script was used to extract the data to .csv, then convert it to shapefile and finally clip it to the study area. The final shapefile included the point data for each measurement across the satellite ground tracks.
3. Acquisition: The data can be obtained from multiple sources. 
i. Data access tool of NSIDC (https://n5eil01u.ecs.nsidc.org/ATLAS/ATL08.005/) 
ii. Earth Data search (https://search.earthdata.nasa.gov/search?q=ATL08+V005)
iii. Programmatic access (https://nsidc.org/data/user-resources/help-center/programmatic-data-access-guide)
iv. Openaltimetry (https://openaltimetry.org/)
v. IceFlow or Jupyter notebooks (https://github.com/nsidc/NSIDC-Data-Tutorials)
4. Processing/Analysis: Understanding the data initially is challenging as the data is not readily available in raster/shapefile format which is geo-referenced. The data is in HDF5 format with each subset containing various component of the data. Canopy section contains the various height parameters which needs to be extracted along with corresponding latitude and longitude data from the file structure. Extracted data needs to be converted to a shapefile or text file for further application in GEE or other GIS application.    

Airborne LiDAR
1. Source:  Downloaded from Open Topography data query: USGS 3DEP - AL 17Co 2 2020 (opentopography.org)
2. General Overview: There were no issues from downloading data, however pre-processing and analyzing the data was computationally expensive and limited our ability to upload all the data we would have liked to use for our project. There are data availability limitations for these types of datasets, both spatially (only parts of our ROI were captured) and temporally (only 2020 data available for example). 
3. Acquisition: Acquisition was straightforward by checking data availability maps (e.g., The National Map, NOAA interagency Elevation Inventory) and easy to acquire through OpenTopography.org.
4. Processing/Analysis: LiDAR processing is very resource heavy, with extremely large datasets of millions of points even within a small region, which require data cleaning and validation, then a long time to process even through scripting and established algorithms. They also require manual rasterization in order to import into GEE and other software. 


[bookmark: _Int_WknHG0kL]Culminating Research Questions Generated
Team-Identified Future Work:
1. Future teams should apply the methods tested in this tech and innovation project to other study regions within the United States, such as Indigenous communities. 
2. Future teams can teach these carbon emission estimation methods to project partners. Feedback from the partners will further refine capabilities. 
3. Future teams can investigate specific types of forest disturbances (e.g., fires). 
4. Future teams can consider incorporating belowground biomass into measurements.
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