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Objectives We aim to improve the mapping and quantify tall shrubs in
the Arctic, using machine learning (ML) techniques over a period of

~10-18 years to assess changes in (ta
Alaska. The objective of this study

II) shrub succession in northern
is to employ semi-automated

techniques to analyze high resolution (<1 m) images taken by satellites

in orbit to evaluate variations in the

growth of shrubs in numerous

locations across the Arctic tundra regions of Alaska and Canada,
spanning a decade to a decade and a half. The data produced were
intended to be accessible to Arctic-Boreal Vulnerability Experiment
(ABOVE) researchers for evaluating the effects on summer terrestrial

albedo, comparing changes in shrub a
the satellite high resolution record anc
resolution ABoVE remote sensing data

bundance in Arctic tundra from
albedo, verifying lower spatial
products, and initiating, driving,

calibrating and validating ecological mod
Imagery The project leveraged the

els.
availability of commercial high

spatial resolution satellite imagery, including QuickBird (QB) (~ 0.6 m)
from around 2005 and WorldView-2 (WV02) (~0.4 m) and WorldView-3
(WV03) (~0.3 m) from around 2013 to 2022, for diverse cloud-free,
summer tundra landscapes. The Maxar Technologies (then DigitalGlobe)
catalog is available to NASA Earth Science investigators, at the NASA

Center for Climate Simulation (NCCS).
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Fig 1. (a) Study Domaln (b) Image processing (c d) Convolutional Neural Network (CNN) and
Spatial-Temporal CNN model architecture including ConvLSTM2D layers and batch normalization

followed by swish activations, is optimized to process

and analyze complex spatio-temporal data

efficiently, offering moderate accuracy and recall in shrub detection.

Models The use of Convolutional Neural Network’s (CNN) and Spatial-
Temporal CNN’s (ST-CNN) extend the concept of CNNs to analyze data
across both spatial and temporal dimensions allowing to detect changes
in vegetation and identify shrubs in peak growth time (Fig. 1c). The
“"ConvLSTM2D” layer in ST-CNNs, are adept at handling sequential data

with spatial context,
vegetation over time and providing a
shrubbery expands or contracts across

Preprocessing 2-by-2km areas from
in 100x100m x-train datasets from Pan

y-train data was obtained from the Vegetation Community Map, Toolik

Lake Area, Alaska, 2013-2015," wh
resolution UAS imagery and lidar da
2018). A relatively small training and
various experiments aiming to improv

with clouds and/or no data were fil
thresholding techniques,

potentially capturing dynamic changes

N
nuanced understanding of how
different years (Fig. 1d).

13 study sites were subdivided
sharpened QB and WV (Fig. 1),

ich were created using high
ta (= 0.02m) (Greaves et al.
validation sets were used for
e validation outcomes. Images
tered out. Various automated

including Otsu (Otsu, 1979), Yen (Yen et al.

1995) and mean percentiles, showed similar metrics (Table 1).

Calibration All imagery was orthorectified to the
ABoOVE Albers Conic Equal Area (Canada) grid (0.5
m) and converted to calibrated spectral radiances

using the Polar Geospatial Center’s
code and Alaska DEM (alaskaned_m

In addition, fine-tuning of the output grid upper left
XY was needed to match the Toolik Lake Vegetation

Community Map.
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Fig 3. (a) CNN estimated shrub
cover for Toolik Lake multi-site 6
all 14 areas with low solar and
viewing angles excluded for the
mean percentile-70 thresholding
(p<0.001), (b) Otsu-thresholding, (c)
Yen-thresholding. (d) ST-CNN
estimated shrub cover based on a
specific manual subset image
thresholding technique.
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Fig. 2. Toolik Lake site in Alaska (a) Vegetation Communlty Map, TOO|Ik Lake Area Alaska 2013 2015 (Greaves et al. 2018) (b) Shrub cover estimates
multisite 6, areas 1, 2, 4 and 5, derived from QuickBird (QB), July 18, 2009 (QB02_20090718220421_1010010009F45F00_09JUL18220421-P1BS-
500071841070_01_P001) with the CNN model (LL: 149.604700°W, 68.632583°N) (c) Thresholding CNN shrub cover estimates based on the ‘signature area
method’ (d) overview of thresholding methods applied on predictions to individual small subset timeseries in multi-site6 area 2 where the most recent image is
the WorldView-2 (WV02), July 12, 2018 (WV02_20180712063446_1030010080B4BF00_18JUL12063446-P1BS-502391301070_01_P002).(e) Shrub cover
estimates multisite6 areas 1, 2, 4 and 5, derived from the same QB as in Fig. 2c. with the ST-CNN model (f) Thresholding ST-CNN shrub cover estimates
based on the ‘signature area method".

Validation The Toolik Lake Vegetation Community Map was reprojected onto the same 0.5 m. The classes
O_No_Data, 5 _Low dense shrub, 8 Shrubby tussock tundra, 10_Shrubby moist non-tussock tundra, 11 _Low to
tall moist shrub, and 12_Tall shrub were recoded as a binary map of one class (Fig. 2 and 6). The CNN and ST-
CNN shrub estimates were similarly recoded to the binary classes ‘nonshrub’” and ‘shrub’ to calculate confusion
matrices. To address inconsistencies and assess the impacts of using imagery acquired at differing solar and
viewing angles between time-series imagery, low solar and viewing angles were excluded. Cover sequences show
anomalous, often infeasible trajectories between timeseries (Fig 3.). Different sensor sun and view angles yielded
an adjusted R2=0.04, N=789, significant at p=0.05,
indicating a weak dependence with multiple regression

CNN-f1_REF Model "allyears-allareas"” Shrub Cover Per Year, Multisite 6
with REFLECTANCE images and MEAN_p70-thresholding

-§ (a) 1

foxs{ - & (Chopping et al. 2023). Furthermore, our non-ML approach
—_ = T using Roughness Maps strongly related to aboveground
: L 1 : - biomass determined from 30 m Landsat imagery (Fig. 6)
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CNN-f1_REF Model "allyears-allareas" Shrub Cover Per Year, Multisite 6

(Chopping et al. 2023).

5 Results The accuracy of the CNN predictions with mean
percentile 70, Otsu and Yen thresholding all timeseries of
multisite 6, area 2 for the two classes, were 73%, 68% and
70%, and the F1 scores were 53%, 54%, 53%, respectively
(Table 1). Using these thresholding techniques, the CNN
bredicted cover sequences show an increasing trend with,
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; — out at different rates (Fig. 3). Improving accuracies tends to
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B ower F1 scores, while an improving the recall comes at the
22| T _ 1 T cost of precision and thus accuracy. Annual shrub cover for
QB02 2009 WV02 2011 QB02 2013 WV02 2015 WV03 2016 WV03 2017 WV02 2018 the mean p70, Otsu and Yen threShOIC“ng on the CNN
T SR STr Covey oy Y et estimates is 1.5% (p<0.05), 1.7% and 0.8% (p<0.05),
Yoo T = T T T | respectively (Fig. 3, Table 1). Preliminary work shows that
5o [ — =
T T water depth and tundra landscape type can be related to
Som| T =1 | shrub cover (Fig 5.).
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Fig. 6. Toolik Lake ABoVE Sentinel site in Alaska (a) shrub
class of the Vegetation Community Map, Toolik Lake Area,
Alaska, 2013-2015 (Greaves et al. 2018) (b) mapped shrub
classes derived from non-ML approach with panchromatic
image roughness based on QuickBird (QB), July 18, 2009
(QB021500009]JUL18220421-P1BS-500071841070_01_P001) (c)

the same, from WorldView-2 (WV02), August 11, 2017
(WV02_20160612215015_1030010057A6E600_16JUN12215015-
P1BS-501511474060_01_P012) (Chopping et al. 2023).
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TABLE 1. TALL SHRUB MEASUREMENT RESULTS BEST RUNS

Findings and Future Work Assessmg
changes in shrub cover and biomass using
high resolution imagery relies not only on
precise detections, but also on the numbers
(recall), which can be affected by training
data. Imprecision can be reduced by utilizing
CNN filters or ST-CNN models to reduce false
positives. Image variations (e.g., between
QB and WYV, sun angle etc.) challenge a one-
to-all algorithm approach. This research will
continue accessing the relationship of
thawing permafrost and polygonal ground
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Fig. 5. (a) Combining shrub cover with water depth level and
(b) landscape type.
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