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precise detections but also on the numbers
(recall) that can be affected training data.
Imprecision can be reduced by utilizing
Convolution Neural Network (CNN) filters to
reduce false positives, however, further
testing with imagery from other regions is
necessary to determine the ML strategy to
use before proceeding to the production
phase of mapping a large number of sites in

subsets of 50- and 100 m from
Pansharpened QuickBird and
WorldView were converted to JPEG
and PNG formats. Two different
techniques were used for
annotating shrubs: 1) Object
detection with bounding boxes and
2) Segmentation with polygons.
Next, the dataset is divided in train

Calibration All imagery was orthorectified to the ABOVE
Albers Conic Equal Area (Canada) grid (0.5 m) and converted
to calibrated spectral radiances using the Polar Geospatial
Center’s pgc_ortho.py code.

Validation The accuracy of ML-generated maps was checked
(70%), validation (20%) and test using the fine resolution (+ 0.02m) Vegetation Community
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images was compared to the Vegetation Community Map,
Toolik Lake Area seen in Table 1 and figure 2. Shrub patches
with Segmentation in Quickbird and Worldview images
produces lower accuracies compared to object detection.
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