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A. Dataset
A.1. Imagery details

The images from our dataset were obtained from Dig-
italGlobe, with 27 different viewing angles collected over
the same geographical region of Atlanta, GA. Each viewing
angle is characterized as both an off-nadir angle and a target
azimuth. We binned each angle into one of three categories
(Nadir, Off-Nadir, and Very Off-Nadir) based on the angle
(see Table [2). Collects were also separated into South- or
North-facing based on the target azimuth angle.

The imagery dataset comprises Panchromatic, Multi-
Spectral, and Pan-Sharpened Red-Green-Blue-near IR
(RGB-NIR) images The ground resolution of image var-
ied depending on the viewing angle and the type of image
(Panchromatic, Multi-spectral, Pan-sharpened). See Table
[T] for more details. All experiments in this study were per-
formed using the Pan-Sharpened RGB-NIR image (with the
NIR band removed, except for the U-Net model).

The imagery was uploaded into the spacenet-dataset
AWS S3 bucket, which is publicly readable with no cost
to download. Download instructions can be found at
www.spacenet.ai/off-nadir-building-detection/.

Image Resolution at 7.8°  Resolution at 54°
Panchromatic 0.46m/px 1.67m/px
Multi-spectral 1.8m/px 7.0m/px
Pan-sharpened 0.46m/px 1.67m/px

Table 1: Resolution across different image types for two
nadir angles.

A.2. Dataset breakdown

The imagery described above was split into three folds:
50% in a training set, 25% in a validation set, and 25% in
a final test set. 900 x 900-pixel geographic tiles were ran-
domly placed in one of the three categories, with all of the
look angles for a given geography assigned to the same sub-
set to avoid geographic leakage. The full training set and
building footprint labels as well as the validation set im-
agery were open sourced, and the validation set labels and
final test imagery and labels were withheld as scoring sets
for public coding challenges.

B. Model Training
B.1. TernausNet

The TernausNet model was trained without pre-trained
weights roughly as described previously [5], with modifica-
tions. Firstly, only the Pan-sharpened RGB channels were
used for training, and were re-scaled to 8-bit. 90° rotations,
X and Y flips, imagery zooming of up to 25%, and linear
brightness adjustments of up to 50% were applied randomly
to training images. After augmentations, a 512 x 512 crop
was randomly selected from within each 900 x 900 training
chip, with one crop used per chip per training epoch. Sec-
ondly, as described in the Models section of the main text,
a combination loss function was used with a weight param-
eter = 0.8. Secondly, a variant of Adam incorporating
Nesterov momentum [1]] with default parameters was used
as the optimizer. The model was trained for 25-40 epochs,
and learning rate was decreased 5-fold when validation loss
failed to improve for 5 epochs. Model training was halted
when validation loss failed to improve for 10 epochs.



Catalog ID Pan-sharpened Resolution Look Angle Target Azimuth Angle Angle Bin Look Direction
1030010003D22F00 0.48 7.8 118.4 Nadir South
10300100023BC100 0.49 8.3 78.4  Nadir North
1030010003993E00 0.49 10.5 148.6  Nadir South
1030010003CAF100 0.48 10.6 57.6 Nadir North
1030010002B7D800 0.49 13.9 162  Nadir South
10300100039AB000 0.49 14.8 43 Nadir North
1030010002649200 0.52 16.9 168.7 Nadir South
1030010003C92000 0.52 19.3 35.1 Nadir North
1030010003127500 0.54 21.3 1747  Nadir South
103001000352C200 0.54 23.5 30.7 Nadir North
103001000307D800 0.57 254 178.4  Nadir South
1030010003472200 0.58 27.4 27.7  Oft-Nadir North
1030010003315300 0.61 29.1 181  Off-Nadir South
10300100036D5200 0.62 31 25.5 Off-Nadir North
103001000392F600 0.65 32.5 182.8  Off-Nadir South
1030010003697400 0.68 34 23.8 Off-Nadir North
1030010003895500 0.74 37 22.6  Off-Nadir North
1030010003832800 0.8 39.6 21.5 Oft-Nadir North
10300100035D1B00 0.87 42 20.7 Very Off-Nadir North
1030010003CCD700 0.95 44.2 20 Very Off-Nadir North
1030010003713C00 1.03 46.1 19.5 Very Off-Nadir North
10300100033C5200 1.13 47.8 19 Very Off-Nadir North
1030010003492700 1.23 493 18.5 Very Off-Nadir North
10300100039E6200 1.36 50.9 18  Very Off-Nadir North
1030010003BDDCO00 1.48 52.2 17.7  Very Off-Nadir North
1030010003193D00 1.63 53.4 17.4  Very Off-Nadir North
1030010003CD4300 1.67 54 17.4  Very Off-Nadir  North

Table 2: DigitalGlobe Catalog IDs and the resolution of each image based upon off-nadir angle and target azimuth angle.

B.2. U-Net

The original U-Net [7] architecture was trained for 30
epochs with Pan-Sharpened RGB+NIR 16-bit imagery, on
a binary segmentation mask with a combination loss as de-
scribed in the main text with & = 0.5. Dropout and batch
normalization were used at each layer, with dropout with
p = 0.33. The same augmentation pipeline was used as
with TernausNet. An Adam Optimizer [6] was used with
learning rate of 0.0001 was used for training.

Type NADIR OFF -NADIR VOFF - NADIR
Industrial 0.51 —0.13
Sparse Res 0.57 -0.19
Dense Res 0.66 —0.21
Urban 0.64 —0.13

—0.28
—-0.37
—0.41
-0.30

Table 3: Fj score for the model trained on all angles and
evaluated evaluated on the nadir bins (NADIR), then the
relative decrease in F} for the off-nadir and very off-nadir
bins.

B.3. YOLT

The You Only Look Twice (YOLT) model was trained
as described previously [2]. Bounding box training targets
were generated by converting polygon building footprints
into the minimal un-oriented bounding box that enclosed
each polygon.

B.4. Mask R-CNN

The Mask R-CNN model with the ResNet50-C4 back-
bone was trained as described previously [4] using the same
augmentation pipeline as TernausNet. Bounding boxes
were created as described above for YOLT.

C. Geography-specific performance
C.1. Distinct geographies within SpaceNet MVOI

We asked how well the TernausNet model trained on
SpaceNet MVOI performed both within and outside of
the dataset. First, we broke down the test dataset into
the four bins represented in main text Figure 1: Indus-
trial, Sparse Residential, Dense Residential, and Urban, and



scored models within those bins (Table 3). We observed
slightly worse performance in Industrials areas than else-
where at nadir, but markedly stronger drops in performance
in residential areas as look angle increased.

C.2. Generalization to unseen geographies

We also explored how models trained on SpaceNet
MVOI performed on building footprint extraction from im-
agery from other geographies, in this case, the Las Vegas
imagery from SpaceNet [3]. After normalizing the Las Ve-
gas (LV) imagery for consistent pixel intensities and chan-
nel order with SpaceNet MVOI, we predicted building foot-
prints in LV imagery and scored prediction quality as de-
scribed in Metrics. We also re-trained TernausNet on the LV
imagery and examined building footprint extraction quality
on the SpaceNet MVOI test set. Strikingly, neither model
was able to identify building footprints in the unseen ge-
ographies, highlighting that adding novel looks angles does
not necessarily enable generalization to new geographic ar-
eas.

Test Set
MVOI7° SNLV
» MVOIALL  0.68 0.01
Training Set 1)/ 0.00 0.62

Table 4: Cross-dataset F;. Models trained on MVOI or
SpaceNet Las Vegas [3] were inferenced on held out im-
agery from one of those two geographies, and building foot-
print quality was assessed as described in Metrics.
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