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This supplementary material provides the following in-
formation: Sec. | provides details about the PixLoc base-
line used in the main paper. Sec. 2 provides a more detailed
description of the sequence-based localization approaches
used in this work and presents experimental results. Sec. 3
shows images from the scenes included in our proposed
benchmark.

1. PixLoc Details

Given an initial pose estimate, a set of database im-
ages, and a set of 3D points potentially visible in it,
PixLoc [12] refines the initial estimate by minimizing a
feature-metric error: PixLoc computes feature maps for the
images, projects the 3D points into the test images and the
database images, and minimizes the difference in the fea-
tures belonging to the projections. For a test image, we con-
sider each database image from the same scene. For each
database image Zp, we identify the four other database im-
ages taken from the most similar positions and use the 3D
points visible in these five database images. The pose of
Ip is used to initialize the pose of the test image. This re-
sults in NV poses for the test image, one for each of the NV
database images. We tried selecting the pose with the small-
est feature-metric error but found that this approach did not
work well. Likely, this is due to comparing poses that ob-
serve different 3D points. Rather, we use a simple scoring
function for each pose: let c; be the test image position esti-
mated for the i-th database image. The score s; for the i-th
pose (computed from the i-th database image) is given as

; (1

where ¢ is a small constant to avoid division by zero. In-
tuitively, the score for a pose is large if there are multiple
other pose estimates nearby. As such, the scoring is based
on the assumption that we will have multiple pose estimates
close to the true test pose while incorrect poses are rather far
from each other.
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For PixLoc, we use the 3D models created for the HLoc
method [10, 1 1] as we got better results with these models
compared to those build using SIFT [8] and D2-Net [3] fea-
tures.

2. Multi-image localization

As discussed in the main paper, in addition to single-
image localization, we have evaluated a multi-image
(sequence-based) localization approach on our dataset. Us-
ing known relative poses, this approach models a sequence
of images as a generalized camera [9], i.e., a camera with
multiple centers of projections. This enables us to esti-
mate the poses of all images in the sequence at the same
time [2,5,7, 14, 16]. The advantage of this approach is that
it enables localizing multiple images even if none of them
individually has enough correct matches to facilitate suc-
cessful pose estimation.

We use the multi-image approach from [17], using the
code publicly released by the authors.' This method use a
minimal solver [5] (inside a LO-RANSAC [6] loop) that
estimates both the pose of the generalized camera and
its intrinsic scale, i.e., the scale of the distances between
the individual images in a sequence. This models the
fact that some approaches, e.g., monocular SLAM, might
not be able to estimate the scale. Each new best model
found inside RANSAC is optimized using local optimiza-
tion [6]. This includes a non-linear optimization of the
sum of squared reprojection errors over the inlier matches
of the estimated generalized poses. Finally, the best pose
found by RANSAC is optimized using the same optimiza-
tion method. Non-linear optimization is implemented using
the Ceres library [1]. The 2D-3D matches required for es-
timating the pose of a generalized camera are provided by
the baselines used in the main paper. I.e., we use the 2D-3D
matches found for each individual image in a generalized
camera.

Ihttps://github.com/tsattler/MultiCameraPose
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We use sequences of length £ to define the generalized
cameras. More precisely, for the ¢-th image in the sequence
and a given sequence length k, we create a generalized cam-
era containing images i to 7 + k.> As a result, each image is
contained in multiple generalized cameras. Thus, there are
multiple pose candidates for each test image, corresponding
to the poses of the generalized cameras it is part of. We se-
lect the pose corresponding to the generalized camera pose
with the largest number of inliers.

As in [13], we obtain the relative poses required to form
generalized cameras using the ground truth poses. This
allows us to obtain an upper bound on the pose accuracy
that can be obtained via multi-image queries. As can be
seen from the results shown in Tab. 3 of the main paper,
HLoc [10, 11] and D2-Net [3] clearly outperform the Rec-
tified SIFT [15] and S2DHM [4] baselines. In our experi-
ments, we thus focus on HLoc and D2-Net. Note that we
are not using PixLoc as the multi-image localization ap-
proach described above requires 2D-3D correspondences
while PixLoc is not providing 2D-3D matches.

Table 1 provides detailed results on the easy (light gray),
medium (gray), and hard (dark gray) parts of our bench-
mark. We use all images in a sequence to define the se-
quence length k. The results on the easy scenes are included
as a form of sanity check to show that sequence-based lo-
calization works as intended. For reference, we also include
Tab. 3 from the main paper, which provides single-image
localization results, as Tab. 2 here.

As can be seen by comparing the two tables, using se-
quences typically improves the performance for the easy
datasets, especially in terms of median position and ori-
entation errors. For the medium datasets (standard gray),
we observe that using sequences instead of single im-
ages for localization again improves results for many
datasets. These improvements can be substantial, e.g.,
for Boston2, Boston4, Cambridge, Massachusetts3, and
Thuringia. However, there are some exceptions, e.g.,
Bostonl and Burgundy?2, where using sequences can actu-
ally lead to less accurate results. We attribute this to insta-
bilities in the scale estimate refined by the local optimiza-
tion, e.g., due to the distribution of 2D-3D matches over
the images in the sequences. Looking at the hard datasets
(dark gray), we observe that using sequence-based local-
ization does not enable us to achieve significantly better re-
sults, even though we are using all images in a sequence and
ground truth poses to define the generalized cameras. This
result shows that our benchmark contains challenges that
cannot be easily solved by simply using image sequences
for localization.

2For images in the end of the sequence, the generalized camera might
contain less than k images.

Figure 2: Clermont-Ferrand, Category : Easy

3. Images from CrowdDriven

In order to provide an overview over the type of scenes
and conditions contained in our benchmark, Figures 1 to 39
show example images from all of our datasets and include
the category (Easy, Medium, Hard) of the dataset. In each
pair, the left image comes from the set of reference / training
images, while the right comes from the set of query / test
images. Note that for illustration purposes, the images have
been resized to the same size. The aspect ratio in the figures
thus differs from the aspect ratios of the images contained
in the benchmark.
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| D2-Net HLoc

% of localized % of localized
name pos. err | rot. err 0.5/1.0/5.0/10.0 (m) pos. err | rot. err 0.5/1.0/5.0/10.0 (m) Changes
2/5/10/20 (°) 2/5/10/20 (°)
Angers] 36.62 | 179.54 F 3198 | 178.82 B
Angers2 70.23 | 162.00 F 11.20 5.10 0/ 0/6.52/ 45.65
Bayern 0.01 0.06 100/ 100/ 100/ 100 0.01 0.05 100/ 100/ 100/ 100 &
Besangon2 20.67 | 178.70 F 124.43 | 147.95 E
Besangon3 43.82 | 173.62 F 69.34 | 162.69 F
Besancon4 104.50 | 154.95 & 67.19 | 143.19 [
Bostonl 32.67 3.13 F 23.96 2.38 0/0/0/2.13
Boston2 5.27 0.28 0/ 0/ 48.98/ 100 4.15 0.22 0/0/ 83.67/ 100
Boston3 8.90 2.76 0/ 0/22.58/ 61.29 3.60 3.56 0/ 0/ 64.52/ 74.19
Boston4 4.66 1.40 | 2.94/2.94/55.88/91.18 4.61 1.99 | 5.88/14.71/64.71/ 88.24 ‘ b
Boston5 10.73 2.28 0/ 0/ 26.47/ 47.06 2.34 1.80 0/ 0/ 67.65/ 67.65 ‘ b
Brittany 59.55 | 142.10 F 20.51 | 144.92 0/ 0/9.68/9.68 e b
Brourges 2236 | 175.96 F 2428 | 172.75 E 6 h
Burgundy2 4.15 4.18 0/ 0/ 58.00/ 96.00 8.05 3.39 0/ .0/ 30.00/ 62.00
Cambridge 0.30 0.54 84.85/ 100/ 100/ 100 0.28 0.38 100/ 100/ 100/ 100 . A
Clermont-Ferrand 0.17 0.20 100/ 100/ 100/ 100 0.15 0.10 100/ 100/ 100/ 100 v h
Curitiba 0.01 0.03 100/ 100/ 100/ 100 0.02 0.02 100/ 100/ 100/ 100 v o
Tle-de-France 32,65 | 178.20 F 100.58 | 165.77 F &
Le-Mans 5445 | 17524 F 66.17 | 172.88 F :
Leuven 14.28 | 175.78 F 12.03 | 175.96 F
Massachusetts 0.03 0.02 100/ 100/ 100/ 100 0.10 0.04 100/ 100/ 100/ 100
Massachusetts2 8.13 2.85 0/4.17/12.50/ 58.33 33.68 86.38 0/0/4.17/ 12.50
Massachusetts3 2.34 2.72 0/ 18.18/ 86.36/ 95.45 2.03 341 0/ 34.09/ 95.45/ 97.73
Massachusetts4 1.30 0.86 0/2.56/ 100/ 100 1.84 1.01 0/ 7.69/ 97.44/ 100
Melbourne 0.05 0.03 100/ 100/ 100/ 100 0.06 0.07 100/ 100/ 100/ 100 v &
Muehlhausen 0.02 0.07 100/ 100/ 100/ 100 0.03 0.09 100/ 100/ 100/ 100 B
Nouvelle-Aquitainel ~ 52.11 173.29 L&l 5575 | 176.71 F ’?Q
Nouvelle-Aquitaine2 ~ 47.36 | 173.73 F 67.90 | 166.50 F
Orleans1 30.21 | 179.61 F 3852 | 179.27 F
Orleans2 49.18 173.41 I8 2235 174.73 [ o
Pays de la Loire 27.04 | 166.66 F 26.04 | 177.43 F
Poing 0.02 0.01 100/ 100/ 100/ 100 0.02 0.01 100/ 100/ 100/ 100
Portland 0.04 0.04 100/ 100/ 100/ 100 0.06 0.03 100/ 100/ 100/ 100
Savannah 0.03 0.01 100/100/100/100 0.02 0.02 100/100/100/100
Skane 12.34 2.90 0/.0/30.00/ 45.00 5.98 3.25 0/ .0/ 40.00/ 80.00
Subcarpathia 0.30 0.09 82.35/ 100/ 100/ 100 0.32 0.08 82.35/ 100/ 100/ 100
Sydney 0.04 0.02 100/ 100/ 100/ 100 0.04 0.03 100/ 100/ 100/ 100
Thuringia 0.42 0.11 81.82/90.91/ 100/ 100 0.26 0.09 100/ 100/ 100/ 100
Tsuru 0.01 0.04 100/ 100/ 100/ 100 0.02 0.07 100/ 100/ 100/ 100
Washington 0.69 0.36 10.00/ 100/ 100/ 100 1.00 0.87 0/'50.00/ 100/ 100

Table 1: Performance of the baseline methods on our CrowdDriven benchmark when using sequence-based localization. We
report the median position (in meters) and orientation (in degrees) errors, as well as the percentage of test images localized
within certain error bounds on the position and orientation errors. We report results for using all test images in a scene to
define the generalized camera used for sequence-based localization. Easy, medium, and hard datasets are color-coded in
light, standard, and dark gray, respectively. The right side of the table provides information about the type of change between

the training and test sequences: illumination: . , overcast: , foliage: @, SNOW: , seasonal: "“Q, day-night: ‘, small

viewpoint: , rain: <, strong viewpoint: %, man-made changes: ¥ . 'F’ stands for failure to localize any image within
the coarsest precision regime.



| | D2-Net S2DHM | HLoc Rectified SIFT | PixLoc |

‘ ‘ ‘ ‘ % of localized ‘ ‘ % of localized ‘ ‘ % of localized ‘ % of localized ‘ ‘ ‘ % of localized
name pos. err | rot. err 0.5/1.0/5.0/10.0 (m) pos. err | rot. err 0.5/1.0/5.0/10.0 (m) pos. err | rot. err 0.5/1.0/5.0/10.0 (m) pos. err | rot. err 0.5/1.0/5.0/10.0 (m) pos. err | rot. err 0.5/1.0/5.0/10.0 (m) Changes
25/1020 (%) 25/10120 ) 25/1020 (°) 25/10120 () 20511020 )
Angersl 28.02 | 177.43 F 97.81 171.26 F 4639 | 161.65 F 191.62 | 148.27 F 21.03 | 175.11 F
Angers2 3551 | 165.56 F 174.61 | 153.78 F 6834 | 122.82 0/0/0/6.52 437.63 | 132.38 F 4526 | 173.18 F
Bayern 0.03 0.06 | 96.15/96.15/96.15/ 96.15 0.09 0.30 | 80.77/80.77/ 80.77/ 80.77 0.02 0.07 | 80.77/80.77/ 80.77/ 80.77 0.04 0.11 80.77/ 84.62/ 84.62/ 84.62 0.09 0.12  61.54/61.54/ 65.38/ 73.08
Besangon2 81.45 | 160.22 F - - - 59.02 | 15243 F 12870 | 121.79 F 3430 | 169.03 F
Besangon3 48.16 | 162.30 F 25871 | 148.52 F 71.61 162.18 F 107.51 | 148.63 F 36.86 | 168.47 F
Besancon4 117.25 | 151.57 [ = = = 108.59 | 141.24 17l 287.57 | 134.02 B 69.80 | 172.84 F
Bostonl 28.78 4.99 0/0/ 426/ 23.40 239.57 | 140.05 F 3175 847 0/0/0/ 10.64 125.13 | 129.79 F 27.09 15.55 0/0/0/2.13
Boston2 6.46 0.96 0/0/24.49/ 97.96 496.16 | 86.71 0/0/8.16/16.33 4.68 0.82 0/0/63.27/95.92 87.21 150.42 F 13.26 122 0/0/6.12/38.78
Boston3 6.66 4.20 0/0/29.03/ 51.61 196.98 | 114.24 F 21.57 32.83 0/0/12.90/19.35 111.70 | 155.53 F 20.72 16.12 0/0/0/19.35
Boston4 12.94 251 0/0/20.83/ 41.67 - - - 15.57 6.19 0/0/26.47/ 38.24 - - - 18.90 5.81 0/0/11.76/ 26.47
BostonS 18.08 226 0/0/11.76/ 17.65 97.70 74.40 0/0/0/5.88 16.59 4.35 0/0/26.47/ 26.47 91.74 | 157.72 F 13.36 12.36 0/0/0/26.47
Brittany 14.74 | 147.24 F 177.38 | 143.03 F 3644 | 137.46 0/3.23/3.23/3.23 305.68 | 121.02 F 14.96 | 162.08 F
Brourges 31.84 | 153.74 I = = = 2224 | 153.54 17! 57.10 | 97.23 B 14.64 | 177.38 17
Burgundy2 441 372 0/4.00/ 60/ 76.00 57.78 34.59 F 732 5.36 0/4.00/ 40/ 58.00 554.19 | 166.83 F 20.97 14.82 0/0/ 0/ 26.00
Cambridge 0.50 0.87 | 51.52/90.91/93.94/96.97  94.58 82.57 | 9.09/12.12/12.12/12.12 037 043 69.70/ 100/ 100/ 100 58.58 135.56 | 3.03/6.06/18.18/21.21 30.06 15.24 0/0/3.03/ 6.06
Clermont-Ferrand 0.22 0.24 100/ 100/ 100/ 100 0.25 047 100/ 100/ 100/ 100 0.15 0.27 100/ 100/ 100/ 100 0.21 0.33 80/93.33/93.33/93.33 0.19 0.20  93.33/93.33/93.33/93.33 v B
Curitiba 0.03 0.07 100/ 100/ 100/ 100 0.21 0.36 84.21/89.47/ 100/ 100 0.04 0.06 100/ 100/ 100/ 100 0.06 0.08 89.47/89.47/ 89.47/ 89.47 0.06 0.09  84.21/84.21/84.21/84.21 v 3
Ile-de-France 58.17 | 159.89 F - - - 121.89 | 120.76 F 32541 | 159.15 F 24.99 | 175.11 F b
Le-Mans 53.53 | 160.64 F 63.90 | 165.43 F 52.82 | 163.53 F 249.61 | 138.46 F 40.68 | 176.24 F
Leuven 1085 | 164.76 17! 48.83 | 154.03 E 12.54 | 173.48 17 6929 | 132.33 I 8.42 140.80 17
Massachusetts1 0.08 0.06 100/ 100/ 100/ 100 0.59 0.36 40/ 72.00/ 96.00/ 96.00 0.12 0.07 100/ 100/ 100/ 100 0.16 0.06 96.00/ 96.00/ 100/ 100 0.20 0.10  76.00/ 84.00/ 84.00/ 84.00
Massachusetts2 5.80 0.24 0/0/0/ 100 - - - 18.34 947 0/0/0/8.33 111.63 | 168.17 F 6.70 10.76 0/0/ 0/ 66.67
Massachusetts3 2395 2532 0/10.53/ 36.84/ 42.11 498.52 | 123.61 F 391 5.85 0/25.00/ 52.27/ 59.09 680.80 | 104.46 F 18.02 10.24 0/0/4.55/22.73
Massachusetts4 1.57 1.01 0/0/97.44/ 100 69.55 24.08 0/8.11/32.43/32.43 223 1.14 0/0/ 100/ 100 40.25 115.17 0/0/ 0/ 4.00 10.38 5.70 0/0/30.77/ 46.15
Melbourne 0.07 0.07 100/ 100/ 100/ 100 0.21 0.22 83.33/ 100/ 100/ 100 0.09 0.16 100/ 100/ 100/ 100 0.16 0.16 100/ 100/ 100/ 100 14.07 0.93 16.67/ 16.67/ 16.67/ 41.67
Muehlhausen 0.03 0.07 100/ 100/ 100/ 100 0.32 0.53 80/ 100/ 100/ 100 0.04 0.07 100/ 100/ 100/ 100 0.04 0.11 100/ 100/ 100/ 100 0.04 0.10 100/ 100/ 100/ 100
Nouvelle-Aquitainel | 40.23 | 172.90 Il 32830 | 150.36 ) 34.02 | 160.82 Il 418.74 | 137.36 ) 44.17 | 17042 [
Nouvelle-Aquitaine2 | 81.48 | 126.82 F 3589 | 161.41 F 67.65 | 147.96 F 90.10 | 150.32 F 28.51 169.94 F
Orleans1 17.42 | 178.86 F 256.48 | 149.29 F 3342 | 17546 F 87.40 | 157.44 0/0/3.03/3.03 25.87 | 178.74 F
Orleans2 175.99 | 127.58 F = = = 3295 | 165.35 F 359.37 | 154.26 F 1530 | 177.55 F
Pays de la Loire 2532 | 159.23 F 5274 | 156.08 F 34.11 166.72 F 131.31 | 135.25 0/0/0/4.76 17.56 | 175.95 F
Poing 0.05 0.07 100/ 100/ 100/ 100 045 0.61 60/ 85.00/ 100/ 100 0.06 0.07 100/ 100/ 100/ 100 183.46 | 85.13 20/ 20/ 20/ 20.00 0.08 0.04  85.00/ 85.00/ 85.00/ 85.00 v ‘ g
Portland 0.13 0.16 100/ 100/ 100/ 100 0.40 0.46 66.67/95.24/ 100/ 100 0.11 0.14 100/ 100/ 100/ 100 0.16 0.12 95.24/ 100/ 100/ 100 0.13 0.16  85.71/85.71/85.71/85.71 v b3
Savannah 0.08 0.05 100/ 100/ 100/ 100 025 0.28 83.33/94.44/ 100/ 100 0.08 0.05 100/ 100/ 100/ 100 0.07 0.05 100/ 100/ 100/ 100 0.09 0.08  94.44/94.44/94.44/ 94.44 v B
Skiine 5.14 297 0/ 0/ 50/ 85.00 39236 | 12041 0/0/0/5.00 4.26 3.70 0/5.00/ 55.00/ 90.00 609.69 | 154.13 F 35.93 2573 F v
Subcarpathia 0.54 046 | 47.06/70.59/ 88.24/ 94.12 6.39 4.09 0/0/41.18/ 58.82 0.35 0.26 70.59/ 76.47/ 100/ 100 116.17 | 80.70 | 11.76/11.76/29.41/35.29 | 66.44 9.84 5.88/5.88/11.76/ 11.76 '.\ B
Sydney 0.18 0.11 100/ 100/ 100/ 100 139 0.82 | 35.71/35.71/85.71/ 92.86 0.18 0.15 85.71/100/ 100/ 100 2.81 1.86 0/25.00/75.00/ 75.00 0.18 020 64.29/71.43/71.43/71.43 v -4
Thuringia 0.57 0.26 45.45/90.91/ 100/ 100 0.95 0.60 18.18/ 54.55/ 100/ 100 0.37 025 81.82/ 100/ 100/ 100 43141 | 12114 F 7.03 6.51 0/0/27.27/ 63.64 v o
Tsuru 0.01 0.04 100/ 100/ 100/ 100 0.06 0.30 100/ 100/ 100/ 100 0.03 0.03 100/ 100/ 100/ 100 0.02 0.04 100/ 100/ 100/ 100 0.03 0.04 100/ 100/ 100/ 100 v g
Washington 1.00 0.42 0750/ 100/ 100 3.96 0.66 0/0/ 100/ 100 1.07 147 10/ 30/ 100/ 100 0.90 0.68 40/ 50/ 90/ 100 2.46 1.20 0/0/70.00/ 70.00

Table 2: Tab. 3 from the main paper, provided for reference: Localization performance of the baseline methods on our
CrowdDriven benchmark. We report the median position (in meters) and orientation (in degrees) errors, as well as the
percentage of test images localized within certain error bounds on the position and orientation errors. Easy, medium, and
hard datasets are color-coded in light, standard, and dark gray, respectively. The right side of the table provides information

about the type of change between the training and test sequences: illumination: « , overcast: ——, foliage: @, snow: i,
seasonal: “&, day-night: ., small viewpoint: . , rain: <, strong viewpoint: ', man-made changes: # . 'F’ stands for
failure to localize any image within the coarsest precision regime.

Figure 3: Curitiba, Category : Easy Figure 4: Massachusetts1, Category : Easy
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Figure 17: Boston4, Category : Medium

Figure 20: Massachusetts2, Category : Hard

Figure 18: Boston5, Category : Medium

Figure 21: Massachusetts3, Category : Medium

Figure 19: Burgundy?2, Category : Medium
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Figure 22: Massachusetts4, Category : Medium



Figure 23: Skéne, Category : Medium Figure 26: Angers2, Category : Difficult

Figure 24: Thuringia, Category : Easy Figure 27: Besangon2, Category : Difficult

Figure 25: Angersl, Category : Difficult Figure 28: Besancon3, Category : Difficult



Figure 29: Besancon4, Category : Difficult Figure 32: Ile-de-France, Category : Difficult

Figure 30: Brittany, Category : Difficult Figure 33: Le-Mans, Category : Difficult

Figure 31: Brourges, Category : Difficult Figure 34: Leuven, Category : Difficult



Figure 35: Nouvelle-Aquitainel, Category : Difficult

Figure 38: Orleans2, Category : Difficult

Figure 36: Nouvelle-Aquitaine2, Category : Difficult

Figure 39: Pays de la Loire, Category : Difficult

Figure 37: Orleansl1, Category : Difficult



