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Background

Canada’s forests are subject to frequent biotic and abiotic disturbances. Modification to disturbance
regimes can cause long-term changes in tree-species compositions and successional dynamics (He &
Mladenoft, 1999). These changes influence carbon sequestration by forests (Hicke et al., 2012), and
ecosystem processes such as the cycling of nutrients and biodiversity (Boring et al., 1981). Accurate
detection of the type and magnitude of disturbance events is necessary for biogeochemical models and to
inform forest management decisions (Jarron et al., 2017; Masek et al., 2011). Remote sensing methods are
well suited for monitoring forests due to the systematic observations of surface conditions and dynamics
across large areas and long periods, often in areas that are difficult to access (Kennedy et al., 2014).
Monitoring of forest disturbances is often impeded by periods of persistent cloud cover, and historical
data losses such as the Landsat-7 scan line errors. The Continuous Change Detection and Classification
(CCDC) algorithm is capable of using all available observations to build season-trend models of
vegetation phenology. In this research, I applied the CCDC algorithm to all available Landsat data to
investigate 35 years of forest disturbances in Temagami, Ontario.

Methods

For this research, I acquired all available United States Geological Survey (USGS) Collection 2, Level 2
Landsat imagery available for our study area through Google Earth Engine’s public data catalogue.
Collection 2 Level 2 products have been precisely georegistered and orthorectified using ground points
and digital elevation models, and are pre-processed to surface reflectance by the USGS and are
considered suitable for time series analysis. Cloud and shadows were pre-screened by the USGS using a C
implementation of the Fmask algorithm (Zhu and Woodcock 2012). As part of the CCDC algorithm,
images are further screened using a multitemporal cloud, cloud shadow, and snow detection algorithm

called Tmask (Pengra et al. 2016) to remove outliers missed by the Fmask algorithm (Zhu and Woodcock

2014). A total of 20,000 training points were collected proportionally to land cover classes. To optimize
algorithm performance and avoid unbalanced training data, a minimum of 600 and a maximum of 8,000
training pixels were extracted per class. CCDC coefficients and several ancillary datasets including a
digital elevation model, temperature, and rainfall datasets were used to train a Random Forest (RF)
classifier with 150 trees. An RF classifier was used because of its demonstrated high accuracy, and
computational efficiency

Results

CCDC was demonstrated to be effective at modelling the phenology of targeted land cover, and
identifying abrupt changes that occurred as a result of stand clearing disturbances such as clearcuts and
forest fires. The conversion from forest to clearcuts was most distinguishable in the short-wave infrared
(SWIR) bands, which had the highest magnitude change of all Landsat spectral bands. Following
deforestation, SWIR values gradually decreased with vegetation regrowth. The magnitude of change in
the near-infrared (NIR) band was initially less than the change in SWIR. However, the phenological
pattern following harvest changed drastically compared to the SWIR bands. Forest fires demonstrated a
similar spectral trend as clearcuts, but at a relatively lower magnitude. In the future, this research would
benefit from an independent validation and comparison to similar classification products.
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