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Presenter Notes
Presentation Notes
Hello everyone and thank you for being here. My name is Radost Stanimirova and I am a postdoctoral researcher at Boston University. Today, I will be talking to you about our efforts to collect and curate a global training dataset from 1985 to 2019 for land cover and land cover change mapping. Although the gold standard for training data may be one collected on the ground as shown in the background field images here, we all know that this is not always possible. So we have used state of the art tools (e.g., machine learning algorithms and Google Earth Engine, for example) to collect and curate data from all kinds of different sources into a single database. This effort is part of the Global Land Cover and Estimation project (GLANCE for short) out of Boston University and it includes the contributions of many people, listed here, some of who are in the audience – Katelyn Tarrio and Kristina McAvoy. 



International Collaborators
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Presenter Notes
Presentation Notes
In addition to the core GLANCE team, this effort was supported by local collaborators from around the world who contributed datasets and know-how to this project. 



Motivation

• Machine learning (ML) models 
require large, spatially explicit 
training datasets.

• Collecting high quality training data 
is costly and labor-intensive.
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GLanCE: Global Land Cover and Estimation

Friedl et al., 2022

Presenter Notes
Presentation Notes
We all use training data and we all know how costly and time consuming it is to collect high quality training data for land cover and land cover change mapping. But we need large, spatially explicit training datasets in order to train our machine learning or deep learning models and to have high quality reliable classification. As part of a NASA MEaSURES project called GLanCE – Global Land Cover and Estimation project - we set out to collect in-house data and curate a variety of other datasets into a single large database of training data. This dataset is used for GLanCE to map 21st century global land cover, land use and land cover change at 30m resolution. But our goal with the training dataset is that it serves the community at large and is applicable to many other projects and end user needs. 



Objectives

• Leverage GEE and ML to ensure training data quality and ecoregion 
representation.

• Represent abrupt change and gradual land cover transitions in the 
training dataset. 

• Build a community resource.
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Presenter Notes
Presentation Notes
To this end, our objective is to build a community resource. As I said, collecting training data is labor-intensive and expensive so we supplemented in-house training data by leveraging Google Earth Engine and machine learning techniques to ensure data quality and ecoregion representation. Since the goal of GLanCE is to map land cover change, our training dataset represents both abrupt and gradual land cover transitions. 



GLanCE land cover legend 
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Presenter Notes
Presentation Notes
We use a hierarchical decision tree to label pixels. First decision is whether or not a pixel is ice, then whether or not a pixel is vegetated, if it’s vegetated – is it tree cover, shrub cover or herbaceous cover. So our Level 1 legend, includes 7 broad land cover classes (ice/snow, water, developed, barren/sparsely vegetated, trees, shrub, and herbaceous) and our Level 2 legend contains 13 classes that provide additional detail on some of the broad classes. For example – it includes the phenology of trees (evergreen vs deciduous) and includes the type of herbaceous cover (e.g., grassland vs agriculture). 



Data fields
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• Leaf type
• % impervious
• Forest edge vs interior
• Vegetation density (%)
• Change 
• Confidence LC label

Leaf type % impervious

Edges Vegetation density

Presenter Notes
Presentation Notes
Research assistants collected some additional useful information for pixels, including leaf type (needleleaf vs deciduous), % impervious cover for developed pixels, whether or not trees are on an edge of a forest, and the vegetation density for trees and shrubs. 



Training data set collection and curation
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In-house (n=15,016) Supplementary sample (n=5661) 

We supplement training data collected in-house with publicly available and collaborator contributed ancillary data

Supplementary ALL (n=268,009) 

Sample 
down

Presenter Notes
Presentation Notes
The in-house dataset we have collected is not sufficient so we have opportunistically collected and curated additional datasets based on contributions from collaborators and publicly available datasets. Here, I am showing an example from Africa where we have 15,000 points collected by trained RAs in-house. We also have nearly 270,000 supplementary points from collaborators and publicly available datasets. For the purposes of model training and classification, we need to sample those 270,000 points down in a smart way (that I will describe shortly). The resulting sampled down dataset is 5600 points.  



Full dataset (n=283,025) 

Training data set collection and curation
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Combined (n=22,210)

Filter

Filtered (n=18,394)

Product #1 Product #2

Presenter Notes
Presentation Notes
Once we have the sampled down supplementary dataset, we combine it with the in-house training dataset to produce what I am calling here the combined dataset. The next and final step is to filter the combined dataset (based on a procedure I will describe shortly) to remove poorly labeled samples. In the end, we will provide and make publicly available two datasets - 1) the filtered dataset that’s been pre-processed for classification as well as the full QAed dataset that includes in-house and full supplementary dataset.  This is the overview of the dataset, now let me briefly describe the methodology and tools we used to pre-process this dataset. 



In-house data: Cluster-based sampling

Principal Component Analysis K-means clustering

Presenter Notes
Presentation Notes
First, let me briefly describe our in-house dataset. To efficiently allocate training samples and to ensure that each ecoregion is adequately sampled, Konrad Turlej who was a postdoc on the team, developed a procedure that performs unsupervised clustering on spectral-temporal features estimated from Landsat image time series using the CCDC algorithm. This consists of two main steps: 1) a principal component analysis to reduce dimensionality – we selected ~10PCs per ecoregion, capturing 80% of the variance and 2) K-means clustering to identify optimal partitioning – we used an automated tool to pick the elbow of the elbow graph for k-means (30-60 clusters per ecoregion, on average). 



In-house data: Data collection
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Presenter Notes
Presentation Notes
Once cluster-based samples were selected, we had a team of trained RAs interpret land cover labels for training data for each continent. For on-screen interpretation, the RAs used high resolution Google Earth imagery as shown on the top here. In addition they also looked at time series of Landsat bands, in this example I am showing SWIR1 time series of reflectance, as well as indices including NDVI, for example. There were several other sources of information the RAs used to interpret samples and I am happy to discuss those if you have questions after the talk. Each point was interpreted by multiple RAs to ensure high quality training data. This is an example of a change pixels – we recorded both abrupt and transitional ones. This is an example of a transitional change pixels that was herbaceous at the beginning of the time series and later became forested. 



Supplementary data: Sampling
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Sample down supplementary Proportional distribution

1. Add samples proportionally to underlying distribution per grid 
2. Add samples spatially distributed
3. Identify candidate MODIS LC pixels as training samples based on an approach 

by Zhang & Roy (2017) 

Presenter Notes
Presentation Notes
As I mentioned earlier, supplementary training datasets are huge and we needed to devise a way to sample them down in a way that’s consistent and rigorous. The first step was to divide each continent into 1000 x 1000 km grids. Within each grid, we determined what the proportional distribution of classes should be based on existing land cover products. Then, for each grid, we added samples proportionally to underlying distribution, as shown here on the right hand side, and we added samples in a spatially distributed manner so as to avoid clumped points. Because the supplementary datasets were collected opportunistically, they didn’t always contain the land cover labels that we needed to ensure a proportional and spatially balanced samples, in those cases we used MODIS-derived land cover samples based on an approach developed by Zhang & Roy. 



Filtering

• Used a cross validation procedure to 
remove poorly labeled samples (Brodley
& Friedl, 1999)

• With this procedure we remove ~15% of 
training data
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Presenter Notes
Presentation Notes
Human error is inherent to all on-screen interpretation. As a last step, Mark Friedl, the PI of this project, developed a cross validation procedure to remove poorly labeled samples. Using this methodology, we remove all cases for which the margin is large, or in other words, where the training label is very different than the classification label. We also remove all samples that have a margin of less than 5% between the most likely class and the second most likely class. Basically the confusion between the two top classes is high and thus the sample is not informative. With this procedure, we remove ~15% of training samples. On the left hand side here you can see the 7 broad land cover labels on the x-axis and the number of samples on the y-axis. In gray, we are showing the number of samples that are dropped during the filtering step. 
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Level 1 sample (n=129,948)

Out of 2,033,832 total points available to us.

Presenter Notes
Presentation Notes
This is the distribution of the sampled dataset for Level 1, 7 broad land cover classes. We have a total of nearly 130,000 points globally that are well distributed and representative of all ecoregions. These are the points that we use for classification of land cover and change. The total number of points available to us is approximately 2 million. 



Level 2 sample (n=129,948)

14Out of 2,033,832 total points available to us. 

Presenter Notes
Presentation Notes
This is the distribution of the sampled dataset for Level 2, 13 land cover and use classes. Unfortunately, we don’t have Level 2 legend information for every single pixel. That’s shown by the gray points on the map. 



Land cover level 1 & 2 distribution
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Level 1 Level 2

Presenter Notes
Presentation Notes
This is the distribution of classes globally. On the x-axis we have land cover class and on the y-axis we have the total number of samples per class. You can see that the distribution of training data reflects the distribution of classes globally with herbaceous vegetation and trees dominating the landscape. Fortunately, rare classes are well represented in the training dataset. The distribution of Level 2 classes is shown on the right hand side. As you can see, there are many training points for which we, unfortunately, don’t have Level 2 information, shown here in gray.  



Dataset characteristics
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Sources of data No change vs change points

Presenter Notes
Presentation Notes
The left hand side panel shows the distribution of data sources across the sampled training dataset. On the x-axis we have data sources, including in-house, collaborator contributed data, datasets collected by BU team members for different projects and publicly available datasets. As you can see, by design, the sampled dataset is dominated by the points that we collected in house with trained RAs because this dataset is high quality and designed for the GLanCE project in particular. On the right hand side panel, we illustrate the number of training points that represent no change, shown in blue, and change shown in brown. At global scale, change is a rare occurrence but it’s important that it’s well represented in our dataset to aid in the high quality classification of change in the GLanCE project and beyond. 



Conclusions

• Global, geographically diverse land cover training dataset

• Will be released as open access via DAAC
• Sampled down dataset: 129,948 points
• Full dataset: 2,033,832 points

• Want to contribute your own dataset? Reach out! 
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Presenter Notes
Presentation Notes
We have built this dataset as a community resource and hope it will be used outside of GLanCE (our mapping project). As such we have made the dataset global and geographically diverse. We are preparing a manuscript for Scientific Data and plan to release two datasets via the USGS DAAC: 1) Sampled down global dataset, using the methods described in this talk (129,948 points) and 2) full curated dataset of ~2 million points. If you would like to contribute to this effort or have your own dataset you would like to share please reach out. My contact information is on the next slide.  
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Thank you! 

Radost Stanimirova
Postdoctoral Researcher
Email: rkstan@bu.edu
Website: rkstan.github.io
Twitter: https://twitter.com/radost_stan

http://rkstan.github.io/
https://twitter.com/radost_stan


References
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Class definitions
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Level 1 Level 2 Description
Ice/snow Ice/snow Land areas where snow and ice cover is greater than 50% throughout the year.

Water Water Areas covered with water throughout the year: streams, canals, lakes, reservoirs, oceans.

Developed Developed Areas of intensive use; land covered with structures, including any land functionally related to developed/built-up 
activity.

Barren / sparsely vegetated Barren / sparsely vegetated Land comprised of natural occurrences of soils, sand, or rocks where less than 10% of the area is vegetated.

Forest / Land where tree cover is greater than 30%. Note that cleared trees (i.e., clear-cuts) are mapped according to current
cover (e.g., barren/sparsely vegetated, shrubs, or grasses).

Deciduous broadleaf forest *definition

Evergreen broadleaf forest *definition

Deciduous needleleaf forest *definition

Evergreen needleleaf forest *definition

Mixed forest *definition

Forested wetland* *definition

Shrub Shrub Land dominated by shrubs. Total vegetation cover exceeds 10% , shrub cover is greater than 10% and tree cover is 
less than 30%.

Shrub wetland* *definition

Herbaceous / Land dominated by herbaceous plants. Total vegetation cover exceeds 10%, tree cover is less than 30%, and shrubs 
comprise less than 10% of the area.

Grassland *definition

Agriculture *definition



Data fields
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Column Notes

Latitude

Longitude
Start Year 1985-2019
End Year 1985-2019
Level 1 Land Cover ** See table
Level 2 Land Cover ** See table
Leaf Type Broadleaf, Needleleaf, Mixed
Impervious Percent Low (0%-30%), Medium (30%-60%), High (60%-100%)
Location Interior, Exterior
Vegetation Density Sparse (0%-30%), Open (30%-60%), Closed (60%-100%)

Vegetation Modifier
Cropland, Plantation, Wetland, Riparian/Flood, Mangrove, 
Trees/Shrub Present

Segment Type Stable, Transitional
Change No change, Change
Confidence Land Cover Label 1 (lowest) - 3 (highest)
Level1 Ecoregion Based on World Wildlife Fund ecoregions
Level2 Ecoregion Only for North America based on EPA ecoregions
Continent North America, South America, Africa, Europe, Asia, Oceania
Continent Code 1, 2, 3, 4 ,5, 6

Dataset

STEP, Clustering, LCMAP, ABoVE, MapBiomas, Training_augment, 
MODIS_algo, GeoWiki, RadEarth, Collaborator data, BU Team 
Collected, GLC30, LUCAS 

Dataset_Code 1, 2, 3, 4, 5, 999, 700, 701, 702, 703, 704, 705, 706 
Glance_ID unique ID for each sample
ID ID for unique combination of latitude and longitude
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Dataset Spatial extent Years Number 
of 
samples

Original source

STEP Global 2000-2019* Sulla-Menasche et al. 
(2019)

Clustering Global 1997-2020* Turlej et. al (in prep)

GeoWiki Global 2011, 2012 16,543 Fritz et al. (2017)
LandCoverNe
t

Global 2018 662 Alemohammad et al. 
(2020)

GLC30 Global 2015 Liu et al. (2019)

ABoVE Canada and Alaska 1984-2014* 9,073 Wang et al. (2019)
LCMAP Conterminous United 

States
1985-2017* 17,476 Stehman et al. (2021)

MapBiomas South America 
(northern)

1985-2020 20,119 Souza et al. (2020)

Team 
collected

South America
(southern)

2017, 2018 1,667 Graesser et al. (2022); 
Stanimirova et al. (2022)

Colombia 2001-2016* 776 Arevalo et al. (2019)
West Africa 2001-2020* ** Tarrio et al. (in prep)
Georgia (country) 2000-2020* Chen et al. (2021)

Laos 2000-2020* Chen et al. (in prep)

Collaborator 
collected

Zambia 2008 Contact Eric

Ethiopia 2001-2018 Contact Sylvia

Ghana 2017 994 Contact Foster
    



Calculate Target Proportional Distribution

• Use 4 global land cover datasets
• MODIS LC (500 m)
• ESA World Cover (10 m)
• Copernicus Global Land cover (100 m)
• ESRI (10 m)

• Crosswalk each legend to GLANCE key
• Calculate proportional distribution of each dataset, in each grid, at 

native resolution
• Calculate median of all proportional distributions 
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