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Image based Geo-Localization
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Visual instance recognition

Represent the world by a set of

geotagged images

NetVLAD: CNN architecture for weakly supervised place recognition, R Arandjelovic, P Gronat, A Torii, T Pajdla, J Sivic, CVPR 2016



Why is it a difficult problem

e Lighting changes: Different time of
day / year

e Changes in camera viewpoint

e Occluders and ambiguous objects:
Trees, cars, pavement...

a) weather b) season ¢) occlusions d) day/might

e Big data: World-scale localization

Examples of challenging conditions




TABLE 1. Summary of commonly used datasets in VPR. Among the changing conditions, D/N stands for Day/Night, W stands for Weather, and 5 stands for
Season. The column denoted as 3D indicates if the dataset includes 3D models.

Changing Conditions D

Dataset Date Scene Scale # Images N W S Place

Oxford [116] 2007 Urban City ~5k Label

Paris [122] 2008 Urban City bk Label

Holidays [118] 20008 Cutdoor World a2k Label

Eynsham [21] 2009 Urban City Tk GFPS

D a t a S et S fo r‘ St Lucia [240], [241] 2010 Urban City ~66k GPS
Furopean Cities 50k [22] 2010 Urban Continent ~5lk Label

° Geotagged StreetView [23] 2010 Urban City ~ 1Tk GPS
VI S u a I P I a Ce Rome 16k [242] 2010 Urban City ~ 1Bk v Pose
Dubrovnik 6k [242] 2010 Urban City .8k v Fose

.. San Francisco [243] 2011 Urban City s L 0BM GPS

Re C O g n I t I O n Alderley [45] 2012 Urban City ~31k v v GPS
T Scenes [244] 2013 Indoor Building ~d3k v Pose

Nordland [1553] 2013 Outdoor Region ~ 143k v GPs

Google StreetView 62k [114] 2014 Urhan City ~Glk GPs

Freiburg Across Seasons [192], [245] 2014 Urban City a3k I GPS

Cambridge Landmarks [215] 2015 Urban Cily ~ 0.8k v Pose

Paris300k [246] 2015 Urban City LTIET S Label

Pittsburgh [117] 2015 Urban City ~ 278k GPS

Landmarks-full [80], [125] 2016 Urban World ~ 192k Label

NCLT [247] 2016 Outdoor + Indoor Carmpus ~3 80 W v v Pose

Oxford Robotear |248] 2017 Utban City 200 v v v GPS

SPED [1940] 2017 Outdoor Waorld ~1.3M "y v v Lahel

Google-Landmarks [38], [81] 2017 Outdoor World ~ 1. 2M GPS

WOxford [129] 2018 Urban City ~ 5k Label

R Paris [129] 2018 Urban City ~fk Label

Tokyo 2477 [121] 2018 Urban City ~ 2 BM ¥ GPS

Aachen Day/Might [151], [153], [154] 2018 Urban City ~T 6k v v Pose

RobotCar Seasons [151] 2018 Urban City ~31k v v v v Pose

CMU Seasons [151], [152] ENE] Urban City ~1 16k W v v v Pose

TokyoTM [69] 2018 Urban City ~ 190k v GPS

InLoc Dataset [119], [209] 2018 Indoor Building ~ 10k v Pose

TE Places w2 [2449], [250] 20149 Garden City ~50k Label

San Francisco Revisited [214] 2019 Urhan City s Tk s Pose

WorldCities [301] 2019 Urban City ~ 300k GFS

Google-Landmarks v2 [251] 2020 Outdoor + Indoor World ~, 2 GPS

Mapillary 5L5 [252] 2020 Urban World ~1.68M v ¥ v GPSs




Feature Representation for Image Retrieval

Query Retrieval Retrieval
: candidates results

i

generate Image
Representation

Y

Similarity
search

generate Image
Representations
). e

Database

stage 1 stage 2 stage 3

Visual place recognition is commonly formulated as an image retrieval problem. The known places are collected in a database and a new image to be localized

is called query. The place retrieval is performed in three logical stages.

1) Inthe first stage, vector representations are generated for the query and the database images. From a practical perspective, the representation of the
query is computed online, whereas the representations of the database images are computed offline.

2) The representation of the query is compared to those of the database images, to find the most similar ones (here only the top 3 are shown).

3) The best results of the comparison are further refined with post-processing techniques (here only the top3 are shown).

From: C. Masone and B. Caputo, "A Survey on Deep Visual Place Recognition," in IEEE Access, vol. 9, pp. 19516-19547, 2021, doi: 10.1109/ACCESS.2021.3054937.



Classical architecture versus deep learning architecture for
place recognition
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features (SIFT) (BoW, VLAD, FV)
Image
Make it
trainable
end-to-

end

NetVLAD: CNN architecture for weakly supervised place recognition, R Arandjelovic, P Gronat, A Torii, T Pajdla, J Sivic, CVPR 2016




Review: Pooling local descriptors -
Bag-of-Words (BoW)

0/1 assignment of desc. i to cluster k

e

ay(x;)

o

[Sivic and Zisserman 03]




Review: Pooling local descriptors -
Bag-of-Words (BoW)

0/1 assignment of desc. i to cluster k

PN
BUO = ) ay(x:)
i=1

7

Sum over all N descriptors
in the image

B=[1,0,21,..]
[Sivic and Zisserman 03]




Review: Vector of Locally
Aggregated Descriptors (VLAD)

0/1 assignment of desc. i to cluster k

~ M
ay (o) (x; — ) [=]
\‘_\v”_“/

Residual vector

[Jégou et al. 10]



Review: Vector of Locally
Aggregated Descriptors (VLAD)

0/1 assignment of desc. i to cluster k
N

/\
VLK) = ) are) (e - o)
TV o

Residual vector

Sum over all N descriptors
in the image

[Jégou et al. 10]



NetVLAD: Trainable pooling
layer

0/1 assignment of desc. i to cluster k
N

VLK) = ) ()i — o)

=1

Replace hard-assignment of descriptors to
clusters with soft-assignment

NetVLAD: CNN architecture for weakly supervised place recognition, R Arandjelovic, P Gronat, A Torii, T Pajdla, J Sivic, CVPR 2016



NetVLAD: Trainable
pooling layer

soft assignment of desc. i to cluster k

s - )
N engi+bk
V(:, k) = z X; —C
( ) ) - Z;{ eWI’IC"’xi_I_bk’( l k)

NetVLAD: CNN architecture for weakly supervised place recognition, R Arandjelovic, P Gronat, A Torii, T Pajdla, J Sivic, CVPR 2016



NetVlad: Mimic the state-of-the-art architecture
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features (SIFT) (BoW, VLAD, FV)
Make it Image __Convolutional Neural Network | NetVLAD layer
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NetVLAD: CNN architecture for weakly supervised place recognition, R Arandjelovic, P Gronat, A Torii, T Pajdla, J Sivic, CVPR 2016
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Ranking Loss functions g

positive g — CNN
q - “Swh

Pairwise Ranking Loss using Siamese Networks ~ — e

anchor 3 —| CNN
I = d[?"u,,?“pj lf FPositive Pair A S
| maz(0.m —d(ra,rn))  if NegativePair g
negative — CNN

-
I

anchor 8 CNN —
Triplet Ranking Loss «C 7w e
13u_- ‘_ﬂgl
positive CNN

negative . CNN

Lirg.rp.ry) = max(0,m +d(re,rp) — d(rg. )

[
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Results on Dataset Tokyo 24/7 [Torii et a

Datab e |mage]

Night

) Day query Sunset guer

Database: 76k images from Street View
Queries: 315 images from mobile phone cameras

recall@5
Previous state-of-the-art 60.9%
Trained NetVLAD 82.2%
Relative improvement 35.0%

Recall@N (%)
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N - Number of top database candidates

Ours: Trained NetVLAD

RootSIFT+VLAD+whitening
[Torii et al. CVPR’15]

Off-the-shelf Max pooling
[Razavian et al. ICLR’15




General Deep Learning architecture for coming up with feature
vector for global search
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Visual Retrieval with Compact Image Representations

Image
=5 Retrieval

Query
Image

Large Internet
photo collection

Retrieved Images

Fine-tuning CNN Image Retrieval with No Human Annotation,
Radenovié F., Tolias G., Chum O., TPAMI 2018 [arXiV]


https://arxiv.org/abs/1711.02512

Fine-tuning CNN Image Retrieval with No Human Annotation,
Radenovic F., Tolias G., Chum O.,
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Fine-tuning CNN Image Retrieval with No Human Annotation,
Radenovié F., Tolias G., Chum O., TPAMI 2018 [arXiV]
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Pooling for Image Representation

e Observation that max-pooling
is more invariant to scale
changes,

 Whereas sum-pooling is less
sensitive to distractors in the
feature maps

* Max-pooling and sum pooling

Input :
nput image are fixed.

e Generalized mean pooling
learns the parameter p and
out-performs both Max

conv; filter COnvs r conv; filter conv; filter
filter 1 filter 2 filter k filter K i 45 i
pooling and Sum-pooling
Image descriptor: f = [f, ... fi ... fi] Generalized-mean pooling (GeM):
1
Max pooling (MAC): f = m%xx f = ( 1 Z IP)F p — oo MAC
k —
X, =
Sum pooling (SpOC): f; = Exexkx | kleI p=1 SPoC

Fine-tuning CNN Image Retrieval with No Human Annotation,
Radenovic F.,, Tolias G., Chum O., TPAMI 2018 [arXiV]
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Generalized Mean Pooling (GeM)

TABLE 1
Performance (mAP) comparison after CNN fine-tuning for different pooling layers. GeM is evaluated with a single shared pooling parameter or
multiple pooling parameters (one for each feature map), which are either fixed or learned. A single value or a range is reported in the case of a
single or multiple parameters, respectively. Results reported with AlexNet and with the use of L. The best performance highlighted in bold.

Pooling | Initial p |Learned p| Oxford5k | Oxford105k Paris6k Paris106k Holidays Holl01k
MAC inf - 62.2 52.8 68.9 547 784 66.0
SPoC 1 - 61.2 549 70.8 58.0 79.9 70.6

3 - 67.9 60.2 748 61.7 83.2 733

[2, 5] - 66.8 59.7 74.1 60.8 84.0 73.6

[2, 10] - 65.6 57.8 72.2 58.9 81.9 71.9

GeM 3 2.32 67.7 60.6 75.5 62.6 837 73.7
3 [1.0, 6.5] 66.3 57.8 74.0 60.5 83.2 72.7

[2, 10] [1.6, 9.9] 65.3 56.4 714 58.6 814 708

Fine-tuning CNN Image Retrieval with No Human Annotation,
Radenovi¢ F., Tolias G., Chum O., TPAMI 2018 [arXivV]
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Feature Vector Dimensionality Reduction using PCA’s

High dimensional sparse PCA 128 dimensional dense

BOW image representation |—> image representation

*Search is done using (approximate)
nearest-neighbors

* Centering — emphasize negative evidence, higher | &

importance of jointly missing visual words

* PCA rotation — decorrelating and allowing @

to remove least informative dimensions

*  Whitening — addresses over-counting @
(burstiness, co-occurence)

legou, Chum: Negative evidences and co-occurrences in image retrieval: the benefit of PCA and whitening, ECCV 2012

*Search is done using inverted files




CNN Siamese Learning

Convolutional Layers Pooling Descriptor
global max Dx1
— pooling m) | CNN
& L2-norm desc. \
Pair Label ’
1 — positive :
MATCHING PAIR posithe ||y
0 — negative ,
global max Dx1 L
— pooling ) | CNN
& L2-norm desc.
Positive Convolutional Layers Pooling Descriptor

Fine-tuning CNN Image Retrieval with No Human Annotation,
Radenovic F.,, Tolias G., Chum O., TPAMI 2018 [arXiV]
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CNN Siamese Learning

Convolutional Layers Pooling Descriptor
global max Dx1
— pooling md | CNN
& L2-norm desc. \
Pair Label -
1 — positive ae
NON-MATCHING PAIR =
0 — negative | ,
global max Dx1 Ve
—) pooling m) | CNN
& L2-norm desc.
Negative Convolutional Layers Pooling Descriptor

Fine-tuning CNN Image Retrieval with No Human Annotation,
Radenovic F.,, Tolias G., Chum O., TPAMI 2018 [arXiV]
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Choosing hard negative samples

Negative examples: images from different 3D models than the query
Hard negatives: closest negative examples to the query
Only hard negatives: as good as using all negatives, but faster

increasing C\N descrptor distance tothequery

the most similar naive hard negatives diverse hard negatives
CNN descriptor top k by CNN top k: one per 3D model

Fine-tuning CNN Image Retrieval with No Human Annotation,
Radenovic F.,, Tolias G., Chum O., TPAMI 2018 [arXiV]
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Choosing hard positive samples

Positive examples: images that share 3D points with the query
Hard positives: positive examples not close enough to the query

random from
top k by Bow

query top 1 by CNN top 1 by Bow

Fine-tuning CNN Image Retrieval with No Human Annotation,
Radenovic F.,, Tolias G., Chum O., TPAMI 2018 [arXiV]
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Training performance comparison based on positive and
negative example selection

Choosing harder positive and negatives improves training considerably:
= Harder positives which are not close to the query
= Harder negatives which are closest to positives

Oxford105k Paris106k
56 56 T
54 |- 54 |-
52 |- 52 [~
50 |- 50 [~
~ 48 |- — 48 —
E 46 |- —_— ma,Na [ é 46 [~ — ma, Na [
44 — = ma, Na || 44 |- —— mg, Nz |
=l ml,Nz == ml,Nz
42 — my, N1 || 42 —— my, N1 ||
40, —8— triplet, mi, N1 H 40 —8—triplet, mi, N1 [
38 | | T T T 38 | | T T T
0 5 10 15 20 25 30 0 5 10 15 20 25 30
Epoch Epoch

Fig. 7. Performance comparison of methods for positive and negative example selection. Evaluation is performed with AlexNet MAC on Oxford105k
and Paris106k datasets. The plot shows the evolution of mAP with the number of training epochs. Epoch 0 corresponds to the off-the-shelf network.
All approaches use the contrastive loss, except if otherwise stated. The network with the best performance on the validation set is marked with .

Fine-tuning CNN Image Retrieval with No Human Annotation,
Radenovic F.,, Tolias G., Chum O., TPAMI 2018 [arXiV]
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Fine tuning CNN Image Retrieval — overall results

TABLE 5
Performance (mAP) comparison with the state-of-the-art image retrieval using VGG and ResNet (Res) deep networks, and using local features.
F-tuned: Use of the fine-tuned network (yes), or the off-the-shelf network (no), not applicable for the methods using local features (n/a).
Dim: Dimensionality of the final compact image representation, not applicable (n/a) for the BoW based methods due to their sparse representation.
QOur methods are marked with = and they are always accompanied by the multi-scale representation and our learned whitening Ly.
Previous state of the art is highlighted in bold, new state of the art in ned outline. Best viewed in color.

[ Net [ Method [F-tuned| Dim [ OxfordSk [Oxford105k| Parisek | Parisl06k | Holidays | Holl0lk |

| Compact representation using deep networks |
MAC [°]7 no 512 56.4 417.8 72.3 58.0 79.0 66.1
SPoC [10]F no 512 68.1 61.1 78.2 68.4 83.9 75.1
CroW [17] no 512 70.8 65.3 79.7 722 85.1 -
R-MACT12] no 512 66.9 61.6 83.0 75.7 86.9% -
BoW-CNN [45] no n/a 739 59.3 82.0 648 - -

VGG | NetVLAD [14] no 4096 66.6 - 77.4 - 88.3 -
NetVLAD [14] yes 512 67.6 - 749 - 86.1 -
NetVLAD [14] yes 4096 71.6 - 79.7 - 87.5 -
Fisher Vector [49] yes 512 81.5 76.6 824 - - -
R-MAC [27] yes 512 83.1 78.6 87.1 79.7 89.1 -

* GeM yes 512 879 833 87.7 8L3 89.5 79.9
R-MACTIZF? no 2048 69.4 63.7 85.2 77.8 91.3 -

Res R-MAC [27] yes 2048 86.1 82.8 94.5 90.6 94.8 -
* GeM yes 2048 B78 846 92.7 86.9 93.9 879

| Re-ranking (R) and query expansion (QE) |

BoW+R+0QE [21] nfa nfa 827 76.7 80.5 71.0 - -

nfa | BoW-fVocab+R+QE [59] n/a n/a 849 79.5 82.4 77.3 75.8 -
HQE [#] n/a n/a 88.0 84.0 82.8 - - -
CroW+QE [11] no 512 74.9 70.6 84.8 79.4 - -
R-MAC+R+QE[17] no 512 77.3 73.2 86.5 79.8 - -

VGG | BoW-CNN+R+QE [45] no n/a 78.8 65.1 848 641 - -
R-MAC+QE [25] yes 512 89.1 87.3 91.2 86.8 - -

+ GeM+aQE yes 512 919 89.6 919 87.6 - -
R-MACSQE[12F no 2048 78.9 75.5 89.7 85.3 - -
Res R-MAC+QE [27] yes 2048 90.6 89.4 96.0 93.2 - -
* GeM+aQE yes 2048 91.0 B89.5 95.5 91.9 - -

1: Our evaluation of MAC and SPoC with PCA,, and with the off-the-shelf network.
#: Evaluation of R-MAC by [27] with the off-the-shelf network.

Fine-tuning CNN Image Retrieval with No Human Annotation,
Radenovic F.,, Tolias G., Chum O., TPAMI 2018 [arXiV]
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Ranking Loss functions g

positive g — CNN
q - “Swh

Pairwise Ranking Loss using Siamese Networks ~ — e

anchor 3 —| CNN
I = d[?"u,,?“pj lf FPositive Pair A S
| maz(0.m —d(ra,rn))  if NegativePair g
negative — CNN
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I

anchor 8 CNN —
Triplet Ranking Loss «C 7w e
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https://www.codecogs.com/eqnedit.php?latex=L&space;=&space;%5Cleft%5C%7b%5Cbegin%7bmatrix%7d&space;&&space;d(r_a,r_p)&space;&&space;&&space;if&space;&&space;PositivePair&space;%5C%5C&space;&&space;max(0,&space;m&space;-&space;d(r_a,r_n))&space;&&space;&&space;if&space;&&space;NegativePair&space;%5Cend%7bmatrix%7d%5Cright.
https://www.codecogs.com/eqnedit.php?latex=L(r_a,r_p,r_n)&space;=&space;max(0,m&space;+&space;d(r_a,r_p)&space;-&space;d(r_a,r_n))

Measuring Image Retrieval Performance

Query Ranks: 1 2 3 4 5

* Average Precision used to benchmark retrieval systems
ee®

Similarity g g 0.74 0.41 0.39 0.24
scores:

1 R*(i,Sp) 1/1, 2 3
=.S_Z; e =2(3+2+3)~ 087

* Non-differentiable ranking, so cannot train end-to-end
directly

* Our Goal - Optimise a smoothed version of the Average
Precision Metric

Smooth-AP: Smoothing the Path Towards Large-Scale Image Retrieval, A. Brown, \W. Xie, V. Kalogeiton, A. Zisserman, European Conference on Computer Vision, 2020



http://www.robots.ox.ac.uk/%7Eabrown/
https://weidixie.github.io/weidi-personal-webpage/
http://vicky.kalogeiton.info/

Smoothing the Average Precision Loss (Smooth AP-Loss)

Query Ranks: 1 2 3 a 5

* Non-differentiable ranking

* Find the rank of the first number

0 1 (0 ifx<0
0.74 0.50 1 H(x)H;\,.i:Stff:nif
039 024 45 A&X) 4 sum, @

0.41 0.17 1

0.90 0.56 1

0
X

Smooth-AP: Smoothing the Path Towards Large-Scale Image Retrieval, A. Brown, \W. Xie, V. Kalogeiton, A. Zisserman, European Conference on Computer Vision, 2020



http://www.robots.ox.ac.uk/%7Eabrown/
https://weidixie.github.io/weidi-personal-webpage/
http://vicky.kalogeiton.info/

Smooth —AP Loss

. Average Pracision Loss N 2 0 tim ises
: Differentiable? p :
Ranking metric?

LAP“”(")={01 i;i;g % W

Average Precision Loss

LAP - (1 - qu)

Loss Value

(1]
5 -3

Smooth-AP Loss.

1
mooth-AP Loss E =
Moot 2 2 Lsmooth-ap % G(x) = - -z
‘ 1+ e v Vv
0
5151
Triplet Loss
Ranking Surrogate loss
(e.g. Triplet Loss)  ; Liripier ¢ max(S, — S; + a,0) \/ X
e S, = positive instance relevance score S, = negative instance relevance score

Smooth-AP: Smoothing the Path Towards Large-Scale Image Retrieval, A. Brown, W. Xie, V. Kalogeiton, A. Zisserman, European Conference on Computer Vision, 2020



http://www.robots.ox.ac.uk/%7Eabrown/
https://weidixie.github.io/weidi-personal-webpage/
http://vicky.kalogeiton.info/

Smooth —AP Loss

11 +0.02 Option 2: +0.13
Query
Ranks: 1
N/
‘%\ [ 1 X ]
Similarity g9 0.74 0.64 0.63 0.41 0.39 0.37
scores: Smooth-AP Loss
ALSmOOLh -AP ._..,_ R P —
* Smooth-AP optimises a ranking metric 3
4
L: small score change (+0.02), rank change =2 AAP > 0
» Option 2: |large score change (+0.13), no rank change 2AAP = 0 &3,
Triplat Loss
* Smooth-AP favours the rank change =2 larger reduction in loss ALrriptet I i
* Triplet favours the large score change > larger reduction in loss . i
a 0
5;-5
S, = positive instance relevance score 5, = negative instance relevance score

Smooth-AP: Smoothing the Path Towards Large-Scale Image Retrieval, A. Brown, \W. Xie, V. Kalogeiton, A. Zisserman, European Conference on Computer Vision, 2020
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Experiments on INaturalist

* |Naturalist

» Smooth-AP outperforms previous AP-
approximating approaches

INaturalist
RecallOK 1 4 16 32
Triplet Semi-Hard (NeurIPS '06)|58.1 75.5 86.8 90.7
Proxy NCA (CVPR '17) 61.6 77.4 R87.0 90.6
* FastAP (CVPR "19) 60.6 77.0 87.2 90.6
* Blackbox AP (CVPR '20) 62.9 79.0 88.9 92.1
Smooth-AP BS=224 65.9 80.9 89.8 92.7
Smooth-AP BS=384 67.2 81.8 90.3 93.1
* Recent AP-approximating approaches

Smooth-AP: Smoothing the Path Towards Large-Scale Image Retrieval, A. Brown, \W. Xie, V. Kalogeiton, A. Zisserman, European Conference on Computer Vision, 2020
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https://weidixie.github.io/weidi-personal-webpage/
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SRI International

Cross-time Geo-Localization using
Semantic Cues



Image-to-Image Visual Localization using semantic cues
with attention

= Goal: Geo-tag a position for a given monocular query image by retrieval from
a database of images of known locations, in the presence of large appearance
changes across weather and illumination variations.

.

Day/Night Weather/Seasons SRS I




Image-to-Image Visual Localization

= We propose to use embedding for this
problem: A deep-learned compact
Euclidean space where distances directly
correspond to a measure of data similarity.

= Training data: ~2 million images collected
from 2,685 static webcams.

SAANE Embedding Space

Weather/Seasons E.A.!‘E.?EQP:

Day/Night Day/Night

Semantically-Aware Attentive Neural Embeddings for Image-based Visual Localization
https://arxiv.org/abs/1812.03402



Innovation: Attention-based Semantic-Aware Embedding

= Semantic-Aware: The model incorporates pixel-wise semantic features in learning the image embeddings.

= Attention-Based: We train self-attention modules to encourage the model to focus on semantically
meaningful spatial regions.

= We evaluate two ways to train attention module: (1) individual attention: on RGB and semantic cue
separately, (2) combined attention: on fused feature maps from RGB and semantic cue.

Ii Attention-based
ﬁ | RGB Semantic Fusion

Network
| Semantic ———

Online
Triplet
Selection

Semantically-Aware Attentive Neural Embeddings for Image-based Visual Localization
https://arxiv.org/abs/1812.03402



Innovation: Semantically-Aware

=  The model incorporates pixel-wise semantics in learning the image embeddings.

= Compared to low-level appearance descriptors, the spatial layout of semantic classes in the image
yields scene descriptions that have a higher invariance to large changes in viewing conditions, to
improve visual localization.

= Qurs is the first such model to integrate appearance and semantic features in an end-to-end, principled
mannetr.

= Our results show an 8-15% absolute improvement over our baseline from adding semantic information.

Semantically-Aware Attentive Neural Embeddings for Image-based Visual Localization
https://arxiv.org/abs/1812.03402



Innovation: Attention-Based

= We train a novel formulation of the Convolutional Block Attention Module to encourage our model to focus
on semantically-consistent spatial regions.

= The attention network operates in two steps:

= First, a single attention map is computed for the fused (appearance + semantic) features across the channel dimension to due
an initial, multimodal refinement.

= Second, separate appearance and semantic spatial attention maps are computed to produce the final, refined feature maps.

= Our attention module combined with semantics gives an additional 4% absolute improvement on average.

-®
|

RGB Feature Maps 1

RGB-
Spatial
| Attention ®

\ /' Module .
Modality Channel Refined
Fusion | —»| Attention |=—»|—» Fl\enature
aps
. / Network Module \ Semantic- P
Spatial
Attention | @
Module
Semantic Feature Maps |

Sanghyun Woo, et al. "CBAM: Convolutional block attention module.” ECCV. 2018.

Semantically-Aware Attentive Neural Embeddings for Image-based Visual Localization
https://arxiv.org/abs/1812.03402




Semantic Segmentation of video over seasons and time

Summer

Video Semantic
Segmentation
videos

Winter

Video

Semantically-Aware Attentive Neural Embeddings for Image-based Visual Localization
https://arxiv.org/abs/1812.03402



Retrieval: Nordland Summer->Winter

Appearance Semantic Semantic
Attention Seamentation Attention

Query
AMOSNet

13 kilometers

App + Sem

SAANE [Proposed]

0] meters 212 meters

Semantically-Aware Attentive Neural Embeddings for Image-based Visual Localization
https://arxiv.org/abs/1812.03402




Geo-Spatial Association
- Across Seasons

= 2km database, Accuracy can be further
improved by position prior, sequential
verification, and 2D-3D refinements.

Ve

Direct
Sensor

Temporal
Association

Measurements Abstraction

Navigation Framework with Plug-and-Play Modules

Spatial
Association

Abstraction

Local Map Geo-Referenced
Database Map Database
Interfaces Interfaces

Geo-Spatial
Association

~ Abstraction

-

v

J

U15592010-3.4 40SU3S

Navigation Inference Engine Abstraction




Geo-Spatial Association
- Day & Night

= 2km database, Accuracy can be further
improved by position prior, sequential

verification, and 2D-3D refinements.
[ 13
L 1]

-

Navigation Framework with Plug-and-Play Modules

Direct Temporal Spatial
Sensor Association Association
Measurements Abstractlon Abstraction |

Geo-Spatial
Association

 Abstraction |

Geo-Referenced
Map Database

| Interfaces

Local Map
Database
Interfaces

W

Navigation Inference Engine Abstraction




Fine Geo-localization and end-to-end solutions




Cross-season / Cross-time Fine Alignment: Estimating camera pose (Location
and Orientation)

Offline: Build image database and 3D Model/ P“’j“""‘tig;"f’f;jaifz‘:t'ffe;‘fiﬂg‘f At
visualizatlon purposg

Map for area of regard

Live: Estimate camera pose for a query m
image: 5
e Image retrieval by search from ‘ Deep Network
database ey
e Detect, describe, and match features 1//
to establish correspondences Embedding
e Estimate camera pose by resection Training
using 2D-3D (image to model) Data

correspondences

O Jégou, et al. "Aggregating local descriptors into a compact image representation." CVPR, 2010.
O Torii, et al. "24/7 place recognition by view synthesis." CVPR, 2015.
O Mithun, et al. "RGB2LIDAR: Towards Solving Large-Scale Cross-Modal Visual Localization." ACM Multimedia, 2020.




Cross-season / Cross-time Fine Alignment

Offline: Build image database and 3D Model/
Map for area of regard

Live: Estimate camera pose for a query
image:
* Image retrieval by search from
database
e Detect, describe, and match features
to establish correspondences
e Estimate camera pose by resection
using 2D-3D (image to model)
correspondences

Lowe. "Distinctive image features from scale-invariant keypoints." 1JCV, 2004.

Rublee, et al. "ORB: An efficient alternative to SIFT or SURF." ICCV, 2011.

DeTone, et al. "Superpoint: Self-supervised interest point detection and description." CVPR, 2018.
Sarlin, et al. "Superglue: Learning feature matching with graph neural networks." CVPR, 2020.

O 0O 0O



Cross-season / Cross-time Fine Alignment

Offline: Build image database and 3D Model/
Map for area of regard

Live: Estimate camera pose for a query
image:
 Image retrieval by search from
database
e Detect, describe, and match features
to establish correspondences
e Estimate camera pose by resection
using 2D-3D (image to model)
correspondences




From Coarse to Fine: Robust Hierarchical Localization at Large Scale

Hierarchical

e 3) 6-DoF Sparse 3D model
Localization _

pose

1) Global
Matching

> 2) Local
iarv"}” Matching

birecE ﬂ
Matching
Hierarchical localization:

* A global search first retrieves candidate images,
e Candidate images are subsequently matched using powerful local features to estimate an accurate 6-DoF pose.
* This three-step process is both efficient and robust in challenging situations.

P.-E. Sarlin, C. Cadena, R. Siegwart, and M. Dymczyk, ‘“‘From coarse to fine: Robust hierarchical localization at large scale,” in Proc. IEEE/CVF Conf. Comput. Vis. Pattern Recognit. (CVPR),
Jun. 2019, p. 12716.



Hierarchical Localization (using HF-Net)

Local Featura

Database Images

CHELLER -]

[ S
Reconstruction S Model
(71 e

HF-Net G'ﬂhﬂl
Index

}

HF-Net @*'Nmsearch]-*qqq
Global

ONLINE = OFFLINE

2D-3D matches \

Descriptor
Query Image H I
1l |
| | -
l’ ) Retrieved
Cameras
6-DoF Pose

P.-E. Sarlin, C. Cadena, R. Siegwart, and M. Dymczyk, ‘“‘From coarse to fine: Robust hierarchical localization at large scale,” in Proc. IEEE/CVF Conf. Comput. Vis. Pattern Recognit. (CVPR),
Jun. 2019, p. 12716.




Training HF-Net using
Teacher models

* Local and global descriptors are often trained

fevpornt | with metric learning using ground truth positive
Superpoint and negative pairs of local patches and full
Decoder - .
/" Local images.
— [ ‘ ~ df“"pm”‘ * These ground truth correspondences are
particularly difficult to obtain at the scale
/ Clobal required to train large CNNs.
input —_ descriptor * HF-Net generates three outputs from a single
image| T Shared ﬁ @ - [_________- e image: a global descriptor, a map of keypoint
features NetVLAD detection scores, and dense keypoint descriptors.
_Abilehlet (1) MobileNet (2) Layer e All three heads are trained jointly with multi-task
distillation from different teacher networks.
» | Global teacher model
TRAINING ONLY
> Local teacher model

P.-E. Sarlin, C. Cadena, R. Siegwart, and M. Dymczyk, ‘“From coarse to fine: Robust hierarchical localization at large scale,” in Proc. IEEE/CVF Conf. Comput. Vis. Pattern Recognit. (CVPR),
Jun. 2019, p. 12716.



Aachen RobotCar CMU
R | t day night dusk sun night night-rain urban suburban
e S u S distance [m]| .25/.50/5.0 0.5/1.0/5.0 .25/.50/5.0 .25/.50/5.0 .25/.50/5.0 .251.50/5.0 .25/.50/5.0 .25/.50/5.0
orient. [deg] 2/5/10 2/5/10 2/5/10 2/5/10 2/5/10 2/510 2/5/10 2/5/10
AS 57.3/83.7/96.6{19.4/30.6/43.9(| 44.7/74.6/959 | 25.0/46.5/69.1 | 0.5/ 1.1/ 34 | 1.4/ 3.0/ 5.2 [[552/60.3/65.1|20.7/25.9/29.9
CSL 52.3/80.0/94.3\124.5/33.7/49.0(| 56.6 /82.7/959 | 28.0/47.0/70.4 | 0.2/ 09/ 53 | 0.9/ 43/ 9.1 [[36.7/42.0/53.1| 8.6/11.7/21.1
DenseVLAD 00/ 0.1/228] 0.0/ 2.0/143|| 102/388/942 | 57/163/80.2 | 09/ 3.4/199 | 1.1/ 55/25.5 ((222/48.7/92.8| 99/26.6/85.2
NetVLAD 0.0/ 02/189] 0.0/ 2.0/122|| 74/297/929 | 57/165/867 | 02/ 1.8/155 | 0.5/ 27/16.4 ||17.4/40.3/93.2| 7.7/21.0/80.5
SMC - - (33.8/83.0/97.7)|(46.7/74.6/95.9)| (6.2/18.5/44.3) | (R.0/26.4/46.4)||75.0/82.1/ 87.8|44.0/53.6/ 63.7
NV+SIFT 82.8/88.1/93.1130.6/43.9/58.2|| 55.6/83.5/95.3 | 46.3/67.4/90.9 | 4.1/ 9.1/24.4 | 2.3/102/20.5 [[63.9/71.9/92.8|28.7/39.0/ 82.1
NV+SP (ours) |79.7/88.0/93.7\40.8/56.1/74.5|| 54.8/83.0/96.2 | 51.7/73.9/92.4 | 6.6/17.1/32.2 | 5.2/17.0/26.6 ||91.7/94.6/97.7\74.6/81.6/91.4
HF-Net (ours) |75.7/84.3/90.9|40.8/55.1/72.4|| 53.9/81.5/94.2 | 48.,5/69.1/85.7 | 2.7/ 6.6/158 | 4.7/16.8/21.8 ||90.4/93.1/96.1|71.8/78.2/87.1

Evaluation of the localization on the Aachen Day-Night, RobotCar Seasons, and CMU Seasons datasets. Report the recall [%] at
different distance and orientation thresholds and highlight for each of them the best and second-best methods. X+Y denotes
hierarchical localization with X (Y) as global (local) descriptors. SMC is excluded from the comparison for RobotCar as it uses extra

semantic data.

Successful localization with HF-
Net on the Aachen Day-Night
dataset. Two queries (left) and
the retrieved database images
with the most inlier matches
(right).




SuperGlue = Graph Neural Nets + Matching

local

image features
P / / ?
L] & m
s 8 g sl |
L] . o ;
2 | / / %ﬂg

matches

\I/

AN

Back-End Optimizer

L

Detector & Descriptor SUPETGIUE
Deep Front-End Deep Middle-End Matcher

* Extreme wide-baseline image pairs in real-time on GPU
e State-of-the-art indoor+outdoor matching with SIFT & SuperPoint

SuperGlue: Learning Feature Matching with Graph Neural Networks, Paul-Edouard Sarlin, Daniel DeTone, Tomasz Malisiewicz, Andrew Rabinovich , CVPR 2020.

https://arxiv.org/abs/1911.11763



https://arxiv.org/abs/1911.11763

SuperGlue: Fine Geo-localization

SuperGlue: context aggregation + matching + filtering

. . feature outlier pose
[detectlon] * [descrlptlon] * [ matching ] * [ filtering ] + [estimation]

> Classical: SIFT, ORB Nearest > Heuristics: ratio test, mutual check

Image pair

. Neighbor .
> [ earned: Super_P_olrlt,_[_)%—f\J_e’E ] Matching > [earned: classifier on set
Interest Points I
@ : deep net
(g '
L _ _ Descriptors " _ :
[DeTone et al, 2018] [Yietal 2018]

SuperGlue: Learning Feature Matching with Graph Neural Networks, Paul-Edouard Sarlin, Daniel DeTone, Tomasz Malisiewicz, Andrew Rabinovich , CVPR 2020.
https://arxiv.org/abs/1911.11763



https://arxiv.org/abs/1911.11763

The importance of context

no
SuperGlue

NN+distance
inliers: 10/29

with
SuperGlue

SuperGlue
inliers: 81/88

SuperGlue: Learning Feature Matching with Graph Neural Networks, Paul-Edouard Sarlin, Daniel DeTone, Tomasz Malisiewicz, Andrew Rabinovich , CVPR 2020.
https://arxiv.org/abs/1911.11763
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SuperGlue

local Attentional Aggregation matching Sinkhorn Algorithm
features - ~ descriptors m e ™ partial
d ::1 visual descriptor | T Self Cross > f%_A score matrix ow assignment
ot ition - normalization ..
posi :
P; Keypoint R S-;E.?;' — z >
sz Encoder w - X \ | | .
. | eB
d!rB . _|_ .--'/ > f% q bi | |/Jl| T L
L ustbin N+1
o >/ score - - =

A Graph Neural Network Solving a partial
with attention assignment problem

Encodes contextual cues & priors Differentiable solver

Reasons about the 3D scene Enforces the assignment constraints
= domain knowledge

SuperGlue: Learning Feature Matching with Graph Neural Networks, Paul-Edouard Sarlin, Daniel DeTone, Tomasz Malisiewicz, Andrew Rabinovich , CVPR 2020.
https://arxiv.org/abs/1911.11763
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Self-attention and Cross-attention

Self-attention
= intra-image
information
flow

distinctive

Cross-attention
= inter-image

Attention builds a
soft, dynamic,
sparse graph

SuperGlue: Learning Feature Matching with Graph Neural Networks, Paul-Edouard Sarlin, Daniel DeTone, Tomasz Malisiewicz, Andrew Rabinovich , CVPR 2020.
https://arxiv.org/abs/1911.11763
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SuperGlue — Optimal Matching Layer

Attentional Graph Neural Network Optimal Matching Layer
local Attentional Aggregation tchi Sinkhorn Algorithm
features | | - ~ descriptors /_\x e ~ partial

d4 visual descriptor n Self Cross o A score matrix - assignment

g t — normalization

A | position : ..
P; Keypoint Y S; j = Z £
pB Encoder W : iR \ | | ]

i

.| £B
d’ ] ——-/ L) | b dustbi | |//| T v
usiom N+1
\ / score 2 - | j =1

e Compute the assignment P that maximizes Z S: ;P
e Solve an optimal transport problem 2%
e With the Sinkhorn algorithm: differentiable & soft Hungarian algorithm

[Sinkhorn & Knopp, 1967]

SuperGlue: Learning Feature Matching with Graph Neural Networks, Paul-Edouard Sarlin, Daniel DeTone, Tomasz Malisiewicz, Andrew Rabinovich , CVPR 2020.
https://arxiv.org/abs/1911.11763
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SuperGlue

Attentional Graph Neural Network Optimal Matching Layer
local Attentional Aggregation tohi Sinkhorn Algorithm
features | | - ~ géasgripl}?grs m e Y partial

dA visual descriptor > % W . fA core matrix j:> assignment

? t — normalization

A | position . ..
P«;;B Keypoint R S;;— = \ >
1= .
df ..--/ ) — fﬁB et | |//| . 7

N+1
\ / ggorén A \ ~/ =1 *

e Compute ground truth correspondences from pose and depth
e Find which keypoints should be unmatched

e [ o0ss: maximize the log-likelihood P; ; of the GT cells

SuperGlue: Learning Feature Matching with Graph Neural Networks, Paul-Edouard Sarlin, Daniel DeTone, Tomasz Malisiewicz, Andrew Rabinovich , CVPR 2020.

https://arxiv.org/abs/1911.11763
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SuperGlue Example Results

SuperGlue

189 inliers ‘

SuperGlue: Learning Feature Matching with Graph Neural Networks, Paul-Edouard Sarlin, Daniel DeTone, Tomasz Malisiewicz, Andrew Rabinovich , CVPR 2020.
https://arxiv.org/abs/1911.11763
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Hierarchical Localization with hloc and SuperGlue

First place in 6 localization challenges!

At CVPR 2020: 2 challenges, local features & handheld devices

At ECCV 2020, workshops:
- Tx Map-based Localization for Autonomous Driving

- 3x Long-Term Visual Localization under Changing Conditions

L iz "f'l-"ﬂ'i.*‘ﬁ
l (e "I'r-‘n-

p—

—

From https://psarlin.com/assets/talks/hloc+SuperGlue_15min_Itvl_slides.pdf



Hloc — a toolbox for SFM & localization

Images D
: sparse 3
3D reconstruction . onstruction g
4 !.rj _"-".l.e- ‘K
A b - | {“a o

localization

)

From https://psarlin.com/assets/talks/hloc+SuperGlue_15min_ltvl_slides.pdf



Hloc - reconstruction

exhaustive
: L > Easily add new
image retrieval  Visual similarity | features or matchers
image o
GPS spatial proximity pairs > 100% Python
features matches
mages featute feature COLMAP
extraction matching SftM
_ Extractors: Matchers:

- SuperPoint == - Nearest Neighbor
- D2-Net @ - SuperGlue

From https://psarlin.com/assets/talks/hloc+SuperGlue_15min_ltvl_slides.pdf



Hloc- localization

reference
- 3D model
-images =—— visual similarity mage
pairs
- features
feature features feature matches | ocalization

e T extraction matching PnP+RANSAC

T ) Multi-camera rig 6 DoF
L ./ with generalized PnP
From https://psarlin.com/assets/talks/hloc+SuperGlue_15min_ltvl_slides.pdf

pose




Supported datasets: Outdoor and Indoor

from www .visuallocalization.net

O ’ top 20-50 retrieval
duerr | 9 Bﬁﬁ? with NetVLAD
ke — lift to 2D-3D using —
matches SN
: 8 i i \
. g - “. 3D Lidar scans
= g g P ™ indoor - InLoc
o) - o : oy
3D SfM model y> A
v _ outdoor g
Aachen Day-Night (v1.0 & v1.1), o - !
RobotCar, CMU, SILDa 3

From https://psarlin.com/assets/talks/hloc+SuperGlue_15min_ltvl_slides.pdf



Multi-camera localization for autonomous driving

e For RobotCar, CMU and SILDa ‘ '~ "N
e LO-MSAC + GP3P (RansaclLib + PoseLib) $ \ ~
Wald et al., ECCV 2020 N _*
github.com/tsattler/MultiCameraPose ~

7~

e Estimate rig extrinsics:
rotation + translation averaging on reference

e Increase robustness in hard cases + better constrains the pose
| RobotCar night

70%
50 %
30% -.

From https://psarlin.com/assets/talks/hloc+SuperGlue_15min_ltvl_slides.pdf




ECCV 2020 Challenge Results Handheld Devices

Aachen Day-Night v1.7 - outdoor InLoc - indoor
100 % 90%
90 %
70%
85%
60 %
80 %
50 %
75%
||I| I|| I||
65% 30% I
day night building #1 building #2
M [SRF B KAPTURE Fusion M RLOCs M hloc + SuperGlue

~— uses semantics

From https://psarlin.com/assets/talks/hloc+SuperGlue_15min_ltvl_slides.pdf



Robust Image Retrieval-based Visual Localization using Kapture
arXiv preprint arXiv:2007.13867

Training images Pairs to match 3D Reconstruction (Map) Mapplng Pipeline

= Extraction of local descriptors and
keypoints (e.g. R2D2) of training images

= Extraction of global features (e.g. AP-
GeM) of train-ng images

= Computation of training image pairs using
image retrieval

=

iptor matching Point
Training images Image retrieval 2 icpshe . .
* * (R2D2) of image * triangulation *
(APGeM) pairs (COLMAP)

Overview of the structure from motion (SFM) reconstruction of the map
from a set of training (mapping) images. Photos: Sceaux Castle image
dataset

* Learning with Average Precision: Training Image Retrieval with a Listwise Loss Jerome Revaud, Rafael S. Rezende, Cesar de Souza,

Jon Almazan. ICCV 2019
e R2D2: Reliable and repeatable detector and descriptor, J Revaud, C De Souza, M Humenberger, P Weinzaepfel, Advances in Neural

Information Processing Systems 32, 12405-12415

= Computation of local descriptor matches
between these image pairs

= Geometric verification of the matches
and point triangulation with COLMAP




Robust Image Retrieval-based Visual Localization using Kapture:
arXiv preprint arXiv:2007.13867

Query image - - istration i Localization Pipeline

= Extraction of local and global
features of query images

= Retrieval of similar images from
the training images

= Local descriptor matching

- = Geometric verification of the
scriptor r_‘.amera

Image tching (R2D2)
ovioval S "0 et 209D Lo B m O ma.tche.s and camera pose
it corespondences (COLMAP) B estimation with COLMAP

Overview of the localization pipeline which registers query images in the
SFM map. Photos: Sceaux Castle image dataset

* Learning with Average Precision: Training Image Retrieval with a Listwise Loss, Jerome Revaud, Rafael S. Rezende,
Cesar de Souza, Jon Almazan. ICCV 2019

* R2D2: Reliable and repeatable detector and descriptor, J Revaud, C De Souza, M Humenberger, P Weinzaepfel,
Advances in Neural Information Processing Systems 32, 12405-12415



Conclusions

= NET-Vlad method has been adapted for a number of different retrieval
methods

= Minimizing approximate AP-Precision loss gives a good gain for ranking
problems

« Learning pooling choice (Max vs Sum) by Generalized mean pooling gives
much better results

= Learning end-to-end makes a big difference

= Joint learning of representation for global features (coarse search) and local features
(fine alignment).

= Enables more compact network which can run on mobile processors.

= Cool use of teacher networks, where student is trained by two teachers.

= Attention based methods help provide context in matching. They are useful
both for coarse search using semantic information and also fine alignment
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