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Problem — Datasets

3D models obtained from Structure-from-Motion, every point has = 2 SIFT descriptors [4] . 2 =~. | e Datasets used in [3], kindly provided by Li et al. [3] and || Dataset c # f 3 D D #
Need 2D-to-3D correspondences from query image to 3D model for pose estimation . T T O e Irschara et al. [1] . ZMETas| ~Outs o
Feature matching: Efficient (fast) and Effective (many images registered) o TR T R gE PSR R T * Query images for Dubrovnik and Rome obtained by jDubrovni] cu#* 11585354} 5008317
> SOW | R AR IR pREtop et removing images from larger reconstructions Rome 15,179 4,067,119 21,515,110
* Query images for Vienna obtained from Panoramio Vienna 1324 |[1.123.028| 4,854,056

e SHCTAN, L gy . W * Query images have max. side length of 1600

- - - ety [ SN L AT Al PR B ¢ Image registered if RANSAC finds pose with 2 12
DII'eCt \AS Ind I I'eCt MatCh | ng g TR S g oo inliers (same criterion as in [3])

Direct: Effective but slow Fa i U

e Example: approx. kd-tree-based search.

Indirect: Efficient but not as effective T e 3 .
e Example: Image retrieval-based method from Irschara et al. [1] - % P o7 _ ' s b

Prioritized Search

e 2D-to-3D correspondences from linear search (through vw) and SIFT ratio-test ||d — d1||/||d — d2|| < 0.7
e Prioritization: First search through words with few descriptors, stop if Nt correspondences are found

“Query image with
SIFT features

all descriptors (R=0.2, generic vocabulary)

# reg. linear search [s] | RANSAC [s] total [s]
778.9 £ 1.52 0.04 0.05 0.23+0.00 | 7758 £ 1.48 0.03 0.05 0.21 £0.00
783.9 * 1.60 0.10 0.08 0.31 £ 0.01]782.0 * 0.82 0.08 0.08 0.28 * 0.01
7839 = 1.10 0.16 0.08 0.36 £ 0.0l | 781.8 £ 1.40 0.12 0.08 032 £ 0.0l
784.4 + |1.26 0.20 0.08 0.40 £ 0.0l | 7825+ |.35 0.15 0.08 0.35+ 0.0l

integer mean per visual word (R=0.2, generic vocabulary)
# reg. linear search [s] | RANSAC [s] total [s]

O

Dubrovnik

3D point representations : i L @ | joxt)

. : O 784.6 £ |.17 0.47 0.08 0.68 £ 0.01 | 7825+ 1.08 0.34 0.08 0.54 £ 0.01
e Different possibilities to represent 3D points by their descriptors inside visual words: o A Assign ZD ’Datu reg 972.0 £ | 41 0.06 0.02 0.18+£0.00 | 971.3 + 1.25 0.05 0.02 0.16 £ 0.00
e Use all descriptors for each 3D point — : : —— — : ' ——
- + + + +
e Compute mean /| medoid of point descriptors, assign it to all visual words (vw) to visual words 976.9 = 1.29 0.15 0.05 0.29 = 0.00/974.6 = 1.65 0.11 0.05 0.25 = 0.00

977.8 + 1.32 0.23 0.06 0.39 £ 0.01
979.2 £ 1.75 0.30 0.07 0.46 + 0.01

9765 £ 1.51 0.17 0.06 0.33 £ 0.0l

976.9 £ 1.52 0.22 0.07 0.38 £ 0.00
980.1 £ 0.88 0.8l 0.07 0.98 £0.00 | 976.9 £ 1.20 0.57 0.07 0.74 £ 0.00
2004 £ 1.26 0.02 0.13 028 £ 0.01 | 199.1 £1.20 0.02 0.10 0.26 £ 0.01

207.7 £ 1.06 0.06 0.30 0.50 + 0.02]206.9 * 0.88 0.05 0.28 0.46 * 0.02

activated by any of the points’ descriptors

e mean | medoid per vw: Assign descriptors of point to visual words, compute
mean / medoid if more than one descriptor of same 3D point assigned to same vw

integer mean per vw: Round entries of means to nearest integer values

Assign 3D points
to visual words

Dubrovnik

time

Rome Vienna

Pose Estimation

time time time time time

an O

Hreg || teore |reiected | imas |registored | rejocee | 7 T8 | registere | rejected —_— using 208.2 + 0.92 0.09 0.30 0.52 £ 0.03 | 207.9 + 0.74 0.07 0.29 0.50 + 0.03
Method M3ZES| 4 [s] [s] s [s] ds] || ds] [s] RANSAC 208.8 + 1.23 0.11 0.29 0.54 + 0.04 | 2082 + 1.14 0.08 0.30 0.52 + 0.03
1.83 | 9.95 HREEE 207.9 + 1.29 0.24 0.27 0.65 + 0.03 | 208.2 + 0.42 0.17 0.28 0.59 + 0.03

all descriptors| 785 | 0.81 2.19 | 979 | 1.53

mean 774 |.61 2.36 2.13
762 0.84 |.58 .05
mean per vw 782 |.31 5.25 2.23

integer mean
per vw

100k visual words

|.28
3.74

6.50

2.05
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2.46
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9.40

6.87
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Prioritized linear search

for Nt 2D-to-3D
correspondences

medoid

Improving the rejection times

e RANSAC will take many samples if inlier-ratio is low (usually the case for rejected images)

Image
registered if

pose with 2 12
inliers found

783 | 0.87 | 5.35 1.33 2.02 | 7.59

* Assume an inlier-ratio of max(12/N, R) for N correspondences = larger R = faster rejection times
* R=0.2: almost no effect on the registration performance, significantly reduced rejection times
e Robustness: Try to register query images from other datasets = None of them can be registered

778
795

0.66
3.40

4.34
14.45

.17
3.97

|.81 8.25

medoid per vw

983 6.27 | 220

Influence of the vocabulary

e Generic vocabulary from clustering SIFT descriptors from unrelated set of images [5]
e Specific vocabularies offer no significant improvement (slightly faster)
e Experimented with 10k, 100k and 1M visual words, best results for 100k

Comparison with state-of-the-art
e P2F: Prioritized matching of 3D points to 2D features proposed by Li et al. [3]

e P2F+F2P: Match features against points if P2F fails [3]

e Vocabulary tree-based methods: Retrieve the 10 top ranked images, perform pairwise matching and pose estimation
e GPU-based method by Irschara et al. [1], only available for the Vienna dataset
e Vocabulary tree-based retrieval from Li et al. [3] for Dubrovnik and Rome

''''''
"""""

Method Dubrovnik Rome Vienna

(N=100, R=0.2, generic
vocabulary)

all descriptors 783.9 * 1.60{0.31 * 0.01 |2.22 * 0.26| 976.9 £ 1.29|0.29 £ 0.00| 1.90 £ 0.10]207.7 * 1.06| 0.50 + 0.02 | 2.40 £ 0.06
int. mean per vw 782.0 + 0.82{0.28 * 0.01|1.70 £ 0.18| 974.6 £ 1.65 |0.25 + 0.00| 1.66 £ 0.10]206.9 * 0.88| 0.46 + 0.02 | 2.43 £ 0.08

registr. rejection
times [s] times [s]

registr. rejection
times [s] times [s]

registr. rejection
times [s] times [s]

Localization accuracy
e Ground truth: Geo-registered version of Dubrovnik model, containing positions of query images
e Compute the average camera position over 10 repetitions for every image

e For our methods: Report distance of average camera position to ground truth

# reg. images # reg. images # reg. images

P2F [3] 753 0.73 0.91 0.55 .96
) ) P2F+F2P [3] 753 0.70 0.87 0.54 3.62
Method 4 res. imases Median QULS:tile o jar'i . #images with error - - S o . e >~ % | Voc. tree (all) [3] 668 | 4 | 2 - -
(Nt=.l00, Rb= ?’2’ & 1me [m] [m] [m] <183m | >400 m  ’ '; ok o R Y S i g Voc. tree (points) [3] 677 1.3 1.2 ; -
generic vocabulary) Voc. tree GPU [I] ] ] ]
P2F [3] 753 - 9.3 75 134 65 kd-tree based search *| 795 3.40 14.45 983 3.97 6.27 220 3.4 272
*R=0, but RANSAC stopped after | minute

all desc. (p6p) 783.9 £ 1.60

elated Work

int. mean per vw R
(1] A. Irschara, C. Zach, J.-M. Frahm, and H. Bischof. From structure-from-motion point clouds to fast location recognition. CVPR’09.
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783.9 £ 1.60

782.0 +£ 0.82

(pép + p4pfr)

Source code available at http://www.graphics.rwth-aachen.de/localization
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