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A Appendix

In the following, we provide more details about model architecture (Section,
how we prepared our synthetic datasets (Section and how we prepared our
real OpenStreetMap datasets (Section . We also provided some qualitative
and quantitative results in the respective sections.

A.1 Details of the model architectures

Encoder of SNet. In place of the SNet encoder, we experimented with three
different encoders, such as ResNet-34 [3], ConvNeXt-Tiny [5] and ViT-Small [1].
We compared the three encoder backbones and compared random weight initial-
ization to pretrained weights from ImageNet [7] for ResNet-34 and DINOv3 8]
weights for ConvNeXt-Tiny and ViT-Small. We further evaluated the impact of
freezing or fine-tuning the initialized weights in encoders during training (See

Tab. [I)).

Table 1: Freezing vs. training the segmentation encoders. Results for different
encoders used in the SNet. We experiment with different pretrained encoders as well
as with different training strategies that either freeze or train (finetune) the encoders
jointly with the TNet. These are our initial experimental results that were trained
when we used a ¢ parameter of 0.2 for the output prediction range.

Duni Dbias

Freeze Train Freeze Train
Encoder Weights IoUgeg IoUalign 10Useg I0Uatign 10Useg IoUatign I0Useg I0Ualign

ResNet-34 Random 0.60 0.72 0.68 0.71 0.61 0.75 0.71 0.77
ResNet-34 ImageNet 0.80 086 0.78 0.80 0.68 0.72 0.41 0.43
ConvNeXt DINOv3 081 085 072 0.72 069 072 041 043
ViT-Small DINOv3 0.79 084 0.72 073 070 0.73 040 041
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The results of our comparison of model architectures and initialization choices
are shown in Tab. |1} For all weight initializations (except random) and all
datasets, freezing the pre-initialized weights outperformed fine-tuning. Indeed,
we can see that for the frozen weights, the networks showed reduced bias, which
is reflected in the larger IoUgeg and IoUsgjien compared to trained variants. This
effect was more pronounced on Dy,s than on Dy,;. Finally, pre-trained initial-
izations comnsistently outperformed random initialization in this study; overall,
the ConvNeXt backbone with pretrained weights from DINOv3 performed best.

Decoder of SNet. When using ResNet-34 as an encoder, we used the standard
U-Net decoder. The decoder for ConvNeXt-Tiny and ViT-Small was composed
of convolutional and bilinear upsampling layers @, where each convolution was
followed by a GeLU activation function . Based on the backbone, we adapted
the number of skip connections from the different encoder stages. All variants
employed skip connections at the input layer at full resolution, implemented
using two convolutional layers of kernel size 1 x 1. The ResNet-34, ConvNeXt-
Tiny and ViT-Small models used additional three, two, and no skip-connections,
respectively, each with a convolution using a 3 x 3 kernel.

A.2 Synthetic Dataset

Data preparation. We created misaligned datasets for three cities in the
SpaceNet-2 benchmark by applying affine transformations to the labels in
every patch. We created patches of 320 x 320 pixels from the original 650 x 650
patches without any overlap to predict misalignment for a smaller region. To
generate the dataset Dya.s, we apply the same misalignment for every patch,
i.e., 50 pixels translation on the x-axis (see last image in Fig . We used this
transformation in all but the robustness experiment.

M Golden label B Random misalignment M Systematic misalignment

Fig. 1: Examples of I, (input image), I,, (golden label) and I,/ (artificially misaligned
labels). In the third column, I,» was generated by assigning random misalignment
with magnitude of ||4¢ — Id||r = 0.241, ¢, = —48, t, = 49, and r ~ 4.5°. In the
fourth column, I, was generated using systematic misalignment with magnitude of
Ao — Id||r = 0.156, t, = 50, t, = 0, and r =~ 0°.

To generate the random dataset D,y;, we assigned a random misalignment
to every patch. This random misalignment depends on a single parameter sy ax
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limiting the mazimum shift. When we generate random misalignment, we need
the translation parameters t,, t, in pixels and rotation angle a in radians to
create an affine transformation Ag. We sample N sets of parameters, by sampling
ty,ty uniformly in [Smax, Smax] and a uniformly in [—J=ec, Smac] As a result,
with $max = 50, the range of the resulting rotations is [—4.5,4.5] degrees. See
Fig. [I] for an example from D,y; and Dyjas-
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Fig. 2: Distribution of area of buildings in all cities. The area of buildings
is measured in square meters before applying a log scale on the x-axis. The size of
buildings varies across cities. For example, it is high in Las Vegas and San Juan and
concentrated, and it is smaller in Paris compared to Las Vegas and San Juan. Buildings
in Khartoum are distributed with two peaks. The size of buildings in all these cities
can be observed in figures that show predictions (from Fig[3|to Fig .

Predictions. Since the alignment and segmentation performance also depends
on the size of buildings, the distribution of building size is visualized in Fig.
Compared to other cities, the size of buildings is bigger in Las Vegas, and this
leads to good overlap between original buildings (or golden labels) and mis-
aligned labels. This can be a good reason why the performance in this city is
better compared to the other two cities. While the alignment masks corrected
very well with better IoUaiien, the segmentation masks required some improve-
ments. We presented some examples of images and predictions in each city. Fig.
and Fig. [] shows examples from Dyp; and Dyjas, Tespectively, from Las Vegas.
Fig. p] and Fig. [f] shows examples from Dyy;i and Dyyas, respectively, from Paris.
The buildings are smaller compared to Las Vegas, leading to less or no overlap
between golden labels and misaligned masks. This can be the reason for low
scores of both IoUgee and IoU,jign. Fig. |Z| and Fig. [§| shows examples from Dyp;
and Dyyas, respectively, from Khartoum city. The sizes of buildings in the city
range from small to large.
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M Gold label (1) Misaligned label (Z,/) M Segmentation output () M Corrected label (Ig,)

Fig. 3: Example images and predictions from Dyun; of Las Vegas. The first
column shows the RGB image (I;) and the second column shows the golden labels
(Iy). The third column presents the misalignment by comparing the misaligned labels
(1) with I,. The fourth and fifth columns present predicted segmentation output (I3)
and corrected label (Iy,) quality by comparing both with I,.
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M Gold label (1) Misaligned label (Z,/) M Segmentation output () M Corrected label (Ig,)

Fig.4: Example images and predictions from Dyias of Las Vegas. The first
column shows the RGB image (I;) and the second column shows the golden labels
(Iy). The third column presents the misalignment by comparing the misaligned labels
(1) with I,. The fourth and fifth columns present predicted segmentation output (I3)
and corrected label (Iy,) quality by comparing both with I,.
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M Gold label (1) Misaligned label (I,;) M Segmentation output (I;) B Corrected label (I, )

Fig. 5: Example images and predictions from Dyn; of Paris The first column
shows the RGB image (I,) and the second column shows the golden labels (I,). The
third column presents the misalignment by comparing the misaligned labels (I,) with
I,. The fourth and fifth columns present predicted segmentation output (I3) and cor-
rected label (Ig,) quality by comparing both with I,,.
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M Gold label (1) Misaligned label (I,;) M Segmentation output (I;) B Corrected label (I, )

Fig. 6: Example images and predictions from Dpias of Paris. The first column
shows the RGB image (I,) and the second column shows the golden labels (I,). The
third column presents the misalignment by comparing the misaligned labels (I,) with
I,. The fourth and fifth columns present predicted segmentation output (I3) and cor-
rected label (Ig,) quality by comparing both with I,,.
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M Gold label (1) Misaligned label (I,;) M Segmentation output (I;) B Corrected label (I, )

Fig. 7: Example images and predictions from Dyni of Khartoum. The first
column shows the RGB image (I;) and the second column shows the golden labels
(Iy). The third column presents the misalignment by comparing the misaligned labels
(1) with I,. The fourth and fifth columns present predicted segmentation output (I3)
and corrected label (Iy,) quality by comparing both with I,.
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M Gold label (1) Misaligned label (I,;) M Segmentation output (I;) B Corrected label (I, )

Fig. 8: Example images and predictions from Dypias of Khartoum. The first
column shows the RGB image (I;) and the second column shows the golden labels
(Iy). The third column presents the misalignment by comparing the misaligned labels
(1) with I,. The fourth and fifth columns present predicted segmentation output (I3)
and corrected label (Iy,) quality by comparing both with I,.



10 Guthula et al.

A.3 OpenStreetMap dataset

Data preparation. Fig.[9]shows the imagery and building footprints we used as
a part of qualitative analysis on a real OpenStreetMap dataset. We obtained orig-
inal imagery from SpaceNet-5 |2| and building footprints from OpenStreetMap.
Then the entire imagery divided into small patches of 320 x 320 pixels without
any overlap. Patches without building footprints are removed, and the remaining
patches are split into training, validation, and test sets in an 8:1:1 ratio.

Fig. 9: Imagery and OpenStreetMap building footprints of San Juan city.

Predictions. Fig.[I0]shows more qualitative examples of predictions and Fig.[T]]
shows the translation of the predicted affine transformation of every patch as
a flow field. The flow field only prepared using translations ¢, and ¢, because
of predictions of a very small rotation. The color represents the magnitude of
the predicted transformation that estimated the Frobenius norm of Ay L after
subtracting an identity matrix from it.
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M Misaligned label (I,;) B Segmentation output (I;) Ml Corrected label (I3, )

Fig. 10: Example images and predictions from San Juan city data. The first
column shows the RGB image (I,) and the second column shows the misaligned labels
(I,) from OpenStreetMap data. The third and fourth columns present predicted seg-
mentation output (I;) and corrected label (Iy,) quality by comparing both with .
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