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1. Introduction

» Due to the increase in satellite missions and computing capabilities, frequently updated land
cover (LC) maps such as Google Dynamic World (Brown et al. 2022) are an emerging trend.

» There is great potential to track gradual changes and degradation when fraction (Masililnas
et al. 2021a) or probability data is used.

» The LC map production chain consists of a base machine learning classifier/regressor and an
optional postprocessing step (see Figure 3).

» Traditionally postprocessing is either omitted (e.g. Google Dynamic World), or is done using a
change detection algorithm with NDVI as input (e.g. Copernicus Global Land Cover 100m).

» Omitting postprocessing results in a lot of spurious change, using NDVI may result in missed
land cover change for classes it is not sensitive to.

2. Objectives

We propose the use of the change detection algorithm BFAST Lite (Masiliunas et al. 2021b) as a
postprocessing step that takes LC fractions/probabilities as input. We compare raw predictions with
postprocessed ones using NDVI-based change detection, BFAST Lite with fractions as input, and a
simple LOESS smoother.

3. Input data, methods and validation

We applied BFAST Lite (see https://github.com/bfast2/bfast) on LC fractions derived from a Random
Forest regression model trained using the whole Landsat 8 archive at over 138 000 locations
globally, and also we applied it on Google Dynamic World class probabilities, based on Sentinel-2.
We validated the results using an independent validation set of over 153 000 LC fraction data points
for 2015-2019 globally. See Figure 3 for the workflow.

4. Results

» Applying any of the postprocessing techniques resulted in improved LC consistency, lower
noise in the time series (see figure 4), and lower LC change error (see figure 1).
Postprocessing also reduces the amount of spurious LC transitions (commission; see figure 2).

» BFAST Lite achieved lowest overall MAE in LC change, for both Google Dynamic World and
Random Forest regression output (see figure 1).

» The choice of classifier had a larger effect on the map and change errors compared to the
choice of postprocessing technique.
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Figure 1. Validation statistics of the models shown in Figure 4. RMSE: overall
root mean squared error, MAE: overall mean absolute error, compared to yearly
reference data.
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Figure 2. Transition matrix of LC between the years 2015 and 2019, relative to
reference data, in number of sample sites. Positive numbers indicate
overestimation, negative numbers indicate underestimation.

5. Discussion

» BFAST Lite proved to be a viable and versatile postprocessing algorithm that not only smooths
the time series of land cover, but also provides more semantic details, e.g.: change events
can be attributed to class change, magnitude of change is in intuitive fraction units,
multi-year trends in LC can be quantified, etc.

» To further improve LC transition accuracy (figure 2), a rules-based algorithm, such as Markov
Hidden Model, could be useful to rule out very unlikely transitions.
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Figure 3. Processing chain for dense LC mapping. Grey: input data,
blue: process, green: output.
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b) Random Forest regression LC fraction predictions
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c) Random Forest postprocessed using BFAST Lite
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d) Google Dynamic World land cover class probabilities
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Figure 4. An example time series of land cover change: Pampas
grasslands replaced by a Eucalyptus plantation in Uruguay. Left: time
series of reference data and some of the tested models. Right:

Google Earth imagery taken at the indicated time on the time series (fi

rst

and last image: before and after the period of interest). The yellow box

Indicates the sample site size (100 x 100 m).
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