Scene Grounding In the Wild

Supplementary Material

We refer readers to the interactive visualizations at the
accompanying InteractiveViewer /index . html
that show results for all presented baseline models (before
and after our inverse optimization scheme) on the WikiEarth
test set.

1. Additional Results and Comparisons

1.1. Additional Quantitative Results

In addition to the averaged AR, AT reported in the main
paper (Table 1), in Tables 1, 2 3, we report a per meta-image
performance breakdown for all the initializations. From this
breakdown, we observe that our method successfully regis-
ters meta-images where the baseline exhibits large ARz,
ATz errors, such as lines 8, 13 and 14 in the COLMAP
baseline table. However, there are cases where both our
method and the baseline fail to register the images, as seen
in lines 10, 31.

D WikiScenes ID Name Meta Image ID__ Baseline AT; _ Baseline AR; _Our ATy Our AR
1 0 Milano Cathedral 3 0.216 4.114 0.348 1.822
2 0 Milano Cathedral 30 0.198 2 5.610
3 10 Sanfrancisco Cathedral 0 0.329 2.562
4 18 Lisbon Cathedral 0 0.064 0.135 1.973
5 20 Brussels Cathedral 16 0.008 0.024 0.518
6 20 Brussels Cathedral 15 0.051 0.076. 0.924
7 20 Brussels Cathedral 0 0.085 0.631 0.105 0.877
8 20 Brus: Cathedral 13 0.182 15.723 0.063 1.228
9 20 Brus: thedral 14 0.047 1.708 0.076 0.910
10 21 Salamanca Cathedral 1 0.516 0.481 9.728
11 27 St John the Divine Cathedral 0 0.005 0.033 1.341
12 36 Burgos Cathedral 10 0.019 0.189 3.000
13 37 Aachen Cathedral 7 0.086 0.146
14 39 Basel Minster 4 0.558 0.212
15 43 Oviedo Cathedral 1 0.006 0.089
16 46 Palermo Cathedral 1 0.026 0.089 1.320
17 46 Palermo Cathedral 0 0.018 0.044 0.716
18 50 Wells Cathedral 1 0.219 0.095 2.138
19 52 Lincoln Cathedral 2 0.024 0.051 0.516
20 52 Lincoln Cathedral 11 0.017 0.041 1.368
21 53 Monreale Cathedral 0 0.007 0.032 0.476
22 54 Rouen Cathedral 0 0.021 0.082 2.622
23 55 Geneva Cathedral 2 0.026 0.252 6.617
24 56 Ulm Minster 1 0.225 0.189 3.965
25 61 Bordeaux Cathedral 3 0.011 0.089 2.713
26 61 Bordeaux Cathedral 0 0.291 0.095 2.599
27 75 Murcia Cathedral 0 0.051 0.039 0.650
28 85 Metz Cathedral 2 0.159 0.067 0.480
29 85 Metz Cathedral 1 0.143 0.098 1.214
30 90 Avila Cathedral 1 0.035 0.060 2
31 93 salisbury cathedral 4 0.173 0.215
32 97 Napoli Cathedral 1 0.018 0.941 0.023

Table 1. Performance Breakdown Per Meta-Image. Per-

formance of our method (initialized with COLMAP) and the
COLMAP baseline per meta-image, considering only meta-
images where the baseline did not fail.

As mentioned in the main paper, there are cases where
the baselines fails and does not output any transformation.
Empty lines in the results tables indicate baseline failures.
Upon a closer look of the COLMAP and SP+LG baseline
failures, we found that it fails because it is unable to register
the minimum of three images to the reference model, which
is required for the global transform estimation.

Additionally Tab. 4 Tab. 5 present the MTA and O%
scores across various thresholds. These tables show our
method consistently outperforms the baseline across all

ID_ WikiScenes ID Name Meta Image ID  Baseline ATy Baseline ARz Our ATy Our ARz
1 0 Milano Cathedral 3 0.228 2.874 0.360 4.995
2 0 Milano Cathedral 30 0.197 4.102 0.299 5.691
3 10 Sanfrancisco Cathedral 0 0.237 4.710 0.159 2.551
4 18 Lisbon Cathedral 0 0.084 1.211 0.131 1.845
5 20 Brussels Cathedral 16 0.016 0.394 0.024 0.519
6 20 Brussels Cathedral 15 0.076 0.953 0.075 0.897
7 20 Br Cathedral 0 0.085 0.502 0.103 0.827
8 20 Brussels Cathedral 13 0.032 0.599 0.057 1.144
9 20 thedral 14 0.071 0.926 0.075 0.901
10 21 Salamanca Cathedral 1 0.874 21.297 0.870 21.263
11 27 St John the Divine Cathedral 0 0.005 0.224 0.034 1.372
12 36 Burgos Cathedral 10 0.019 0.901 0.197 3.127
13 37 Aachen Cathedral 7 0.059 1.705 0.142 3.807
14 39 Basel Minster 4 0.643 17.056 0.186 2.945
15 43 Oviedo Cathedral 1 0.006 0.181 0.087 1.340
16 46 Palermo Cathedral 1 0.027 0.661 0.085 1.297
17 46 Palermo Cathedral 0 0.018 0.325 0.048 0.821
18 50 Wells Cathedral 1 0.011 0.268 0.096 2.181
19 52 Lincoln Cathedral 2 0.025 0.390 0.050 0.501
20 52 Lincoln Cathedral 11

21 53 Monreale Cathedral 0 0.006 0.179 0.033 0.508
22 54 Rouen Cathedral 0 0.034 1.370 0.081 2.592
23 55 Geneva Cathedral 2 0.018 0.748 0.015 0.709
24 56 Ulm Minster 1 0.224 4.240 0.218 4.372
25 61 Bordeaux Cathedral 3 0.012 0.303 0.088 2.677
26 61 Bordeaux Cathedral 0 0.289 8.118 0.100 2.586
27 75 Murcia Cathedral 0 0.051 1.298 0.041 0.687
28 85 Metz Cathedral 2 0.159 2.882 0.066 0.486
29 85 Metz Cathedral 1 0.065 0.704 0.098 1.227
30 90 Avila Cathedral 1 0.036 1.349 0.059 2.428
31 93 salisbury cathedral 4 0.214 7.259 0.214 6.558
32 97 Napoli Cathedral 1 0.020 0.862 0.025 0.473

Table 2. Performance Breakdown Per Meta-Image gDLS+++
initialization. Performance of our method (initialized with
gDLS+++) and the gDLS+++ baseline per meta-image

ID  WikiScenes ID Name Meta Image D Baseline AT7  Baseline ARz Our ATz Our ARz
1 0 Milano Cathedral 3

2 0 Milano Cathedral 30

3 10 Sanfrancisco Cathedral 0 0.146 3.367 0.161 2.612
4 18 Lisbon Cathedral 0 0.088 1.659 0.135 1.985
5 20 Brussels Cathedral 16 0.019 1.250 0.030 1.521
6 20 Brussels Cathedral 15 0.059 3.376 0.087 8.217
7 20 Brussels Cathedral 0 0.083 0.476 0.105 0.848
8 20 Brussels Cathedral 13 0.040 2.145 0.071 0.652
9 20 Brussels Cathedral 14 0.104 11.597 0.075 0.908
10 21 Salamanca Cathedral 1 2.005 17.949 2.006

11 27 St John the Divine Cathedral 0 0.011 0.478 0.033

12 36 Burgos Cathedral 10 2.081 10.503 2.124

13 37 Aachen Cathedral 7 0.128 5.299 0.141

14 39 Basel Minster 4 0.156 1.468 0.211

15 43 Oviedo Cathedral 1

16 46 Palermo Cathedral 1 0.026 1.067 0.084 1.233
17 46 Palermo Cathedral 0 0.034 0.640 0.048 0.806
18 50 Wells Cathedral 1 0.021 0.510 0.088 2,079
19 52 Lincoln Cathedral 2

20 52 Lincoln Cathedral 11

21 53 Monreale Cathedral 0 0.025 0.032

22 54 Rouen Cathedral 0 0.073 0.074

23 55 Geneva Cathedral 2 0.075 0.074

24 56 Ulm Minster 1 0.128 0.185

25 61 Bordeaux Cathedral 3 0.070 0.094

26 61 Bordeaux Cathedral 0 0.569 0.102

27 75 Murcia Cathedral 0 0.056 0.045

28 85 Metz Cathedral 2 0.369 0.086

29 85 Metz Cathedral 1 0.072 0.093

30 90 Avila Cathedral 1 0.098 5 0.074

31 93 salisbury cathedral 4 0.186 7.064 0.214

32 97 Napoli Cathedral 1 0.021 0.922 0.024

Table 3. Performance Breakdown Per Meta-Image SP+LG ini-
tialization. Performance of our method (initialized with SP+LG)
and the SP+LG baseline per meta-image

Methods MTA@z01) MTA(701) MTAgg01) MTAG0.00) MTA(5015) MTAG 0.2
Ours (Colmap init) 62 62 62 53 72 81
Colmap Baseline 56 59 59 59 59 66

Table 4. Performance over Different MTA Thresholds. Above,
we report MTA scores over different threshold values for both the
baseline and our model. Note that MTA ;. ;) considers an image as
accurately registered if AR < r and AT < t.

thresholds, considering both the MTA and O%.


Interactive Viewer/index.html

Methods O0%10,0.3) O%10,04) O%006) O%us05 O%aros O%005)

Ours (Colmap init) 6 3 0 0 0 0
Colmap Baseline 16 12 12 12 9 9

Table 5. Performance over Different O% Thresholds. Above,
we report outlier scores over different threshold values for both the
baseline and our model. Note that O%, ;) considers an image as
an outlier if AR > r or AT > t.

~

<o

2%

(&) e

~

a

72]

<

S

2 W
A PR,

&

Metz Cathedral Milan Cathedral

Lincoln Cathedral

Figure 1. Reconstructions of Feed-Forward Models. We vi-
sualize three reconstructions obtained by running DUSt3R [7]
MASt3R [2] and VGGT [6] over images sampled from two meta-
images (visualized in green and purple). As illustrated above,
all methods fail to reconstruct the Milan and Lincoln Cathedral,
showing either broken or overlapping meta-images, while these
cameras capture non-overlapping regions as as seen in the ground
truth reconstructions (see illustration in the main paper).

1.2. Additional Qualitative Comparison

In the paper, we qualitatively show that 72 struggles to reg-
ister meta-image to reference model, illustrating that ex-
isting sparse reconstruction approaches cannot address the
task we propose. In Fig. 2, we present typical failures
cases of VGGT when registering a meta-image to a ref-
erence model. In Fig. I, we qualitatively show failure
cases of the feed-forward methods when registering non-
overlapping meta-images.

In Fig. 3 we show additional qualitative comparison
comparison to the COLMAP baseline using a reference
model created from drone videos. In Fig. 4 we show the
results of our method on the IMC-PT dataset compared to
the COLMAP baseline. In Fig. 5 we show additional quali-
tative comparison to the COLMAP baseline.

1.3. Method Analysis

As mentioned in the main paper, to handle image outliers
we use robust optimization method (LTS [4]). In each opti-
mization iteration the LTS ignores images with loss higher

than the median. We visualize the ignored images distribu-
tion in Fig. 6. As discussed in Section 5.4 of the main pa-
per, the histograms reveal that most images are either con-
stantly ignored (in the rightmost bin) or never ignored (in
the leftmost bin). However, some image fall into the middle
bins where they are sometimes ignored and sometimes not.
The histograms further illustrate that our robust optimiza-
tion scheme provides a soft selection mechanism enabling
stable convergence.

Additionally, we visualize images from several bins.
These demonstrate that the images that are always ignored
by our method are indeed outliers. Specifically, these
are images with occlusion and images that resides behind
floaters in the reference model.

1.4. Comparison with Feed-Forward 3D Models

In the paper, we compare our method with three baselines:
VGGT, MASt3R, 73 and DUSt3R. We ran MASt3R and
DUSt3R using the master-sfm code provided in their offi-
cial repository, we ran 73 from the official repository and
we ran VGGT using the demo-colmap setup from its of-
ficial repository. Due to GPU memory limitations on our
A5000 GPU, we were unable to run these baseline (except
7%) methods with more than 45 input images. We were able
to run 73 with up to 180 images.

For the meta-to-meta experiment, we sampled 22 ran-
dom images from each meta image and ran the experiment
5 times.

For the meta-to-reference experiment, we sampled 35
images from the reference model and 10 random images
from the meta model. We chose to sample 35 images from
the reference model to ensure sufficient coverage of the en-
tire scene. We did not sample random images from the
reference model because random sampling often failed to
cover the scene, causing the Feed-Forward methods to fail.
Instead, we selected evenly spaced images, since the images
were captured sequentially. We repeated this experiment 5
times, each with a different image offset.

2. Limitations

While our method is not specifically designed for single-
shot scenarios, we evaluate its reliability with fewer images
per meta-image in Fig. 7 (left). We evaluate performance by
randomly sub-sampling subsets of varying sizes from each
meta-image, reporting the average error across five inde-
pendent samples Performance drops over very small meta-
images due to an insufficient number of informative images
to guide our alignment scheme. However, results remain
largely stable for small collections containing at least six
images. Furthermore, our method is challenged by very
noisy initializations. As illustrated in Fig. 7 (right), adding
noise to the rotation parameters leads to a significant drop
in performance.
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Figure 2. Aligning a meta-image to a reference model with VGGT. Meta-image cameras are visualized in purple, while Google Earth
images from the reference model are in blue. As illustrated above, VGGT failed to register the Murcia meta-image (i.e., the output contains
two distinct regions, one for the Internet images and one for the Google Earth images) and also failed to reconstruct the reference model in
the Freiburg Cathedral. For the Metz Cathedral, VGGT produced a slightly misaligned registration, as evident by the ghost structures near

the top of the building.

Ours

Figure 3. Drone Reference model - Additional examples Re-
sults using a reference model from drone video frames are depicted
above. The drone videos of the Freiburg Cathedral are taken from
Youtube. As illustrated our approach significantly improves the
alignment, in comparison to the COLMAP baseline, which serves
as our initialization.

3. Implementation Details

3.1. The reference model

First we extract DINOv2 [3] dense features per rendered
landmark image from Google Earth Studio. We resize each
image to 1400.X 1400 and then use the pretrained backbone
dinov2_vits14, which outputs dense feature map 100X 100.
We chose DINOvV2 with embedding size of 384. We use the
DINO implementation facebookresearch/dinov2 in Github.

We use the landmark images rendered from Google

Brandenburg Gate

Buckingham Palace

Baseline Ours

Figure 4. Qualitative Comparison on Different Scene Types
A visualization of the alignment results for our method and the
COLMAP baseline. The scenes are taken from the IMC-PT [1]
dataset.

Earth, the COLMAP model of those images from the bench-
mark, and the extracted DINOv2 feature to train 3DGS. We
follow the implementation of Feature 3DGS[9]. We chose
feature vector per Gaussian with size 128. We apply the
Speedup Model, a Conv2d network with input 128 output
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Figure 5. Additional Qualitative Comparison: A visualization of the alignment results for our method and the COLMAP baseline. Each
image shows the ground truth in the lower half and the rendered image from the reference model M after alignment in the top half. As
demonstrated, our inverse optimization-based approach predicts precise transformations, even in the presence of challenging, inaccurate

initializations.

384 and kernel size 1 to decode the features of the Gaussian
to the DINOv2 Features. We integrated the implementation
of Feature3DGS to Nerf Studio, specifically to Splatfacto -
the Gaussian Splatting implementation in Nerf Studio. In
each training iteration we choose one image, render its fea-
ture (size 128) pass it through the speedup module which
translated it to size 384. Then we use bilinear interpolation
to resize the rendered feature image to 100X100 to match
the DINOV?2 features which was extracted beforehand. Sim-
ilarly to [9], our Loss function is:

L =Ly + |Fy(I) - F,(I) (1)

Where L, is the regular 3DGS, I is the Image, F;([) is
the extracted features of the image in the pre-process, and
F (f ) is the rendered images after the a pass through the
speed up module and the bilinear interpolation.

For the 3DGS parameters we use the parameters of the
Spaltfacto method in NerfStudio [5]. We use Adam Opti-
mizer for the gaussian feature vectors with 12=0.05, eps=1e-
15, and exponential decay scheduler with Ir-final=1.6e-6.
For the Feature Speedup Module we use Adam optimizer
with 1r=0.001, eps=le-15. We train the model for 12000
steps.

3.2. Initialization

We use COLMAP, SP+LG and gDLS+++ to initialize the
global transformation of meta-image Z. To find the global
transformation using COLMAP we first register the im-
ages in the meta-image one by one. We give COLMAP
as an input the landmark model we previously built from
Google Earth Studio images. We fix the input model (using
the flag fix-existing-images) when running the COLMAP
exhaustive matcher and the mapper. To find the global
best transform we align the meta-image to the regis-
tered images using COLMAP model aligner. COLMAP
model aligner uses point set registration and RANSAC.
For the COLMAP aligner we used alignment-max-error=3,
alignment-type="custom” and ref-is-gps=0. For the SP+LG
initialization we perform the same steps as the COLMAP
initialization, but replacing the feature extractor from SIFT
to SuperPoint and the feature matching to Light Glue.

3.3. Registration Implementation Details

For the registration vector we used Adam Optimizer with
Ir=1e-3, eps=1e-8.

We noticed that in some 3DGS models there were
floaters around the ground, which impede the convergence
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Figure 6. Additional Analysis of our Robust Optimization Framework. Our method uses LTS to ignore the images with loss values
that are higher than the median image loss. In the figure, we show a sample of images in several bins. The image below the diagonal are
the real-world Internet images, and above is the rendered image from the reference model (rendered at the end of the optimization). As
illustrated by the rightmost bin, images there are typically outliers, i.e., images with occlusions and images that resides behind floaters in

the reference model. Further analysis is provided in Sec. 1.3.

of our registration in some cases. To mitigate it we set the
near plane of all the cameras 0.7, so the cameras will not
render the gaussians near them, especially the floaters on
the ground.

3.4. Runtime

The optimization (creating the reference model, performed
once per reference model) takes roughly 15 minutes on a
Nvidia A5000 GPU. The registration (of the meta image to
the reference model) is performed over 12000 steps, taking
about 5 minutes on a Nvidia A5000 GPU.

4. The WikiEarth Benchmark

We rendered images around each landmark using Google
Earth Studio, the camera trajectories for each landmark will
be published with the benchmark. The Google Earth Studio
rendering Ul is presented at Fig. 8.

After rendering the images, we create a COLMAP us-
ing the rendered images of the landmark from Google Earth
Studio. We use COLMAP spatial matcher, utilizing the
GPS coordinates saved in the rendered image by Google
Earth Studio and we configure the mapper with the flag "ig-
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Figure 7. Robustness Analysis. Average errors AR and AT
across the benchmark as a function of the meta-image size and the
initialization noise (rotation). The graphs indicate that the error
increases with smaller meta-images, reaching a plateau at a size
of approximately 6. Furthermore, the initialization graph demon-
strate that the method aligns the images successfully once the noise
is below a specific threshold (10°) for each of the rotation param-
eters; see Section 2 for additional details.

Figure 8. Google Earth Studio UI: Screenshot of Google Earth
Studio, showing the 3D model of the Geneva Cathedral. For each
landmark we create a camera trajectory and rendered the images
on the trajectory using the program

nore_watermarks”.

We aligned this model images from the WikiScenes
dataset, we chose only images in the exterior category for
each landmark. The images are mostly not registered cor-
rectly with the default COLMAP parameters, for each land-
mark we manually found the best parameters, presented in
Tab. 6. Then we manually removed images that were not
registered correctly. The benchmark is described in Tab. 7.

To compare meta-image alignment to the benchmark, the
meta-image camera intrinsics must match the intrinsic on
the benchmark. To enable evaluation, we forced the intrin-
sics of the benchmark’s cameras on the meta images by re-
building the meta image.
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