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Motivation: Lifelong Autonomy

A Longterm autonomy of mobile robots is a highly
relevant research topic (also at IMR)

A Requires navigation over extended periods of ti

A Longterm navigation is challenging

A Accumulation of errors (drift)

A Dynamic environments

A Visual Place Recogniti¢®PR) is a valuable tool
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Longterm navigation: Applications

Planetary rovers

Autonomous
underwater vehicles

Selfdriving cars

Injectable Domestic robots
nanorobots
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Robot navigation

The ability of a robot to
A Determine its own position in its frame of reference
A Plan a path towards some goal location

Navigation consists of: Answering the questions:
1. Seltlocalization 1. Where am I?
2. Path planning 2. How do | get to other places?

3. Map building and map interpretation 3. Where are other places relative
to me?
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Visual SLAM

A Simultaneous Localization And Mapping usiptjical sensors

A Problem: Drifting over time e

A Loop closuréo correct errors

A Visual Place Recognititm solve
loop closure

\  STARTING
\ POWNT

rae Computed positions

—_— Ground truth

Image: www.dragonfly.com



Visual SLAM: Drift

[ ] {433 1
BoREag PEr T e

>\

Red arrows: camera pose

>\

Grey ellipses: global uncertainty

>\

Images: views used in loop closure

>\

Note angular error at the bottom right

i S L AlMdop Closing with Visually Salient Features
P. Newman et. al. 2005
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Visual SLAM: Loop closure

A Definition: the task of recognizing a previousfigited location and
updating beliefs accordingly

T

Basic component of SLAM systems

T

Drift correction

T

Reduction in the uncertainty of the map estimate

TS

Necessary for lonrterm navigation

i Def o r dvesadioaprclosure for large scale dense
RGB-D S L ATWamas Whelan et. al. 2013
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Visual Place Recognition (VPR)

A Definition: given a query image of a place, find its location by
comparison with a database of previously visited places

A Fundamental and challenging problem in computer vision

Query image

Database of places



VPRApplications
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VPR: Challenges

.m!' L

Daynight cycles an
illumination changes

Dynamic objects,
occlusions, etc.

Weather and seasorelated changes Viewpoint changes
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Image Retrieval: Pipeline

[ : Image Feature
Places image ‘?a}taet Feature extraction 9 :
’ N Representation

Place recognition = best candidate

: Reranked
: list of images

Exhaustive
search

Ranked list

faf| f2| X [T,
Places
database
Online stage: Place recognition
i . Image Feature
uery image
| : Featqre
fl[f2| X [f, Matching

of candidate
images




Image Retrieval: Milestones

ZHENG ETAL.: SIFT MEETS CNN: A DECADE SURVEY OF INSTANCE RETRIEVAL

Hierarchical K-Means

Improved FV

Steweénius and Nistér Perronnin et al.
: : R-MAC
Video Google o ! Tolias et al.
Sivic and Zisserman Approximate K-Means VLAD CNN off-the-shelf !
i Philbin et al. Jégou et al. Razavian et al. |
1 1 1 ] 1
I 1 1 1 [] 1
1 1
° ® ® —o —o —o— 9o o—o ® ® o—o é
4000 4003 2000 5007 4008 2010 2012 J0ME 01D 010
1 ] I
“The end of the early years” i i E i i
Smeulders et al. i i Neural codes i
1 1 ]

Spatial pyramid matchi
Lazebnilet al.

‘ SIFT-based ‘

ming Embedding
Jégou et al.

CNN for ImageNet
Krizhevsky et al.

Babenko et al.

VLAD-CNN
Ng et al.

CNN-based

Dominated by Bag of Visual Words (BoVW) model

Pretrained and finetuned models
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Image Feature Extraction

Dense sampling Interest points Keypointg

A Patches of fixed size and shape A Salient locations that are likely to matcl

A Regular grid, possibly overlapping and over in other images

range of scales A Edges, corners, blobs, etc.
A Simpler tharkeypoints(but heavier) R RERE
A Optimal for highlevel representations A Optimal for image correspondences

(e.g.scene classification)
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Image Feature Descriptors

A Created from regions around points of interest
A Should be stable (robust) to orientation, illumination, etc.

A Can be matched against descriptors in
other images

A Handcrafted: SIFT SURF, ORB, etc.

A LearnedCNNfeatures




SIFT

A ScalelnvariantFeature Transform

Scale affects detection

"Distinctivelmage Features from ScdlavariantKeypoint® |,
David Lowe 2004



SIFT

A ScalelnvariantFeature Transform

A Handcrafted (engineered)

Scale affects detection

"Distinctivelmage Features from ScdlavariantKeypoint® |,
David Lowe 2004



SIFT

A ScalelnvariantFeature Transform

A Handcrafted (engineered)

A Used as both detector and descriptor

Scale affects detection

"Distinctivelmage Features from ScdlavariantKeypoint® |,
David Lowe 2004



SIFT

A ScalelnvariantFeature Transform

A Handcrafted (engineered)

A Used as both detector and descriptor

A There are faster alternatives such as b —
SURF, ORB, BRISK

Scale affects detection

"Distinctivelmage Features from ScdlavariantKeypoint® |,
David Lowe 2004



SIFT

A ScalelnvariantFeature Transform

A Handcrafted (engineered)

A Used as both detector and descriptor

A There are faster alternatives such as 0 —
SURF, ORB, BRISK

Scale affects detection

A SIFT is still one the most accurate hand
crafted descriptors

"Distinctivelmage Features from ScdlavariantKeypoint® |,
David Lowe 2004



SIFT

Ve

1. Scalespace extrema detector
i A  Find local extrema

A LoGapproximated bypoG

Ve

A Successively blur with Gaussian filter

r

A  Scale parameter: standard deviation

First octave second  third fourth

A Over both scale and space

= > =
e —— A
. e &5

=== Scale )

Scale
(first
octave)

P )
= )

Difference of Maxima/minima detection

ety Gaussian Gaussian (DOG)




SIFT

2. Keypointlocalization

r

A Remove lowcontrastkeypoints
A Removekeypointsedges
A Only strong points in interest remain

Before



SIFT

2. Keypointlocalization 3. Orientation assignment

A Remove lowcontrastkeypoints A Based on local properties, find a consistent

A Removekeypointsedges orientation for eaclrkeypointand scale

A Only strong points in interest remain A Invariance to image rotation
A Orientation histogram (36 bins):

A gradient magnitude and orientation from
pixel differences

A Highest bin and bins > 80% of highest are used 1
createkeypoints

Before




SIFT

4. Keypointdescriptor
A 16x16 neighborhood
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A 16 subblocks of 4x4 size
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SIFT

4. Keypointdescriptor

A 16x16 neighborhood
A 16 subblocks of 4x4 size
A 8 bin orientation histogram per sdtlock

A Total of 128 bin values
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SIFT

4. Keypointdescriptor

A 16x16 neighborhood

A 16 subblocks of 4x4 size

A 8 bin orientation histogram per sulock
A Total of 128 bin values

SUERE 1 S
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Image gradients

—»

A Everything relative t&eypointorientation
A Normalization for contrast changes
A Thresholdindarge gradients for brightness chang

* | ¥
= | K

Keypoint descriptor
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Bag of (visual) Words (BoW)

Traditional approach in VPR

Uses hanerafted descriptors (SIFT, SURF, ORB, etc.)

The Bag of Words Representation

I love this movie! It's sweet,
but with satirical humor. The
dialogue is great and the
adventure scenes are fun...
It manages to be whimsical
and romantic while laughing
at the conventions of the
fairy tale genre. | would
recommend it to just about
anyone. l've seen it several
times, and I'm always happy
to see it again whenever |
have a friend who hasn't
seen it yet!

15

fairy ajways Iovetoit
it whimsical it
and seen ny
'”e"ﬁappy dialogue
adventure recommeﬂd
it !putto ;gtmantic |
several
again jt the humor
the “seen would
to scen‘es I the manage:
fun nd . timesang

one

ut i
whenever Bave while
. conventions

with

it

|

the

to

and

seen

yet

would
whimsical
times
sweet
satirical
adventure
genre
fairy
humor
have
great

s e GO (G Gl G QS G Ut SOTE USSR T 7% 967 o T G o) |

A Borrowed from Natural

Language Processing

"Video
Sivic and Zisserman 2003

Googl e:

A Text

Retr

eval

Apprc



Bag of (visual) Words (BoW)

Traditional approach in VPR

Uses hanerafted descriptors (SIFT, SURF, ORB, etc.)

The Bag of Words Representation B
A Borrowed from Natural

it 6
| 5
I love this movie! It's sweet, . ] the 4 .
but with satirical humor. The faY always _lovero! B, 5 L anauaaqge P rocessin
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"Video Google: A Text Retrieval Approc
Sivic and Zisserman 2003
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Bag of (visual) Words

1. Extract descriptors from collection of
Images

2. Learn visual dictionary by clustering
descriptors (e.g.+neans)

I Interest point extraction (SURF) |




Bag of (visual) Words

1. Extract descriptors from collection of 3. Represent query image by

Images . .
J A Quantizingdescriptors to closest word

2. Learn visual dictionary by clustering (centroid)
descriptors (e.g.-neans) A Creating histogram of word repetitions

I Interest point extraction (SURF) | ) L .
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Bag of (visual) Words

1. Extract descriptors from collection of 3. Represent query image by

Images . .
J A Quantizingdescriptors to closest word
2. Learn visual dictionary by clustering (centroid)
descriptors (e.g.+neans) A Creating histogram of word repetitions
4. Represent image as a vector
Ilnterest point extraction (SURF) | ‘
N | [
=
o T

>
(6]
c O ™ e ™ e ™
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—_— SEi = REIZWILE

codewords Codewords dictionary




Y-value

Vector quantization

Training set, Voronoi cells, codebook

MNumber of training vectors

500

400

300

200

100

Number of training vectors in each cell

T T T T T — T

9 1 13 15 17 19 21
Codeword index (1-based)

Images: www.mathworks.com
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31




Bag of (visual) Words

A Pros:

A Largely unaffected by object positions, scale and
orientation

A Good for classifying images according to content

A Fast search thanks faverted indices
(requires sparsity of words in images)

Inverted file index

Image #2

Database images

Image #3



Bag of (visual) Words

A Pros:

A Largely unaffected by object positions, scale and
orientation

Inverted file index

A Good for classifying images according to content

A Fast search thanks faverted indices

(requires sparsity of words in images)
Image #2

Database images

A Cons

A Spatial information is discarded

Image #3

A Information loss due to quantization

A High dimensionality



BoWimprovements

ASpatial pyramid

AFisher Vectors: g
A Uses Gaussian mixture model (GMM) as vocabula 8

A Stores second order informationdvariancep /

AVLAD Vector of Locally Aggregated Descriptors

A Similar to Fisher Vectors but only first order information (distances)



Spatial pyramid

A Based on approximate global
geometric correspondence

i L b IJI

level O level 1

level 2

"Beyond Bags of Features: Spatial Pyramid Matching for Recognizing Natural Scene Gategories
Lazebnilet al. 2006



Spatial pyramid

level O

Based on approximate global
geometric correspondence

Image divided into increasingly fine
subregions

|J| YT

level 2
level 1

"Beyond Bags of Features: Spatial Pyramid Matching for Recognizing Natural Scene Gategories
Lazebnilet al. 2006



Spatial pyramid

Based on approximate global
geometric correspondence

Image divided into increasingly fine
subregions

{ ] | A Histograms of local features found
0T A l i cach Sieion

ol L i

level O level 1

level 2

"Beyond Bags of Features: Spatial Pyramid Matching for Recognizing Natural Scene Gategories
Lazebnilet al. 2006



Spatial pyramid

level O

. I{
|J I

level 1

level 2

Based on approximate global
geometric correspondence

Image divided into increasingly fine
subregions

Histograms of local features found
Inside each subegion

Extension of amrderlessbagof-
features

"Beyond Bags of Features: Spatial Pyramid Matching for Recognizing Natural Scene Gategories
Lazebnilet al. 2006



Spatial Pyramid

industrial

tall building insi city hlghway
open country mountain suburb
Weak feat}Jres Strong fea'tures Weak features
(vocabulary size: 16) (vocabulary size: 200) A oriented edge pointégradient in a given
Level Single-level ~ Pyramid | Single-level = Pyramid direction above minimum thresho)d

0(1x1) 45.3 £0.5 72.2 0.6
1 (2 x 2) 53.6 0.3 56.2 +0.6 77.9 +0.6 79.0 0.5 Strong features
24 x4) 61.7 £0.6 64.7 £0.7 | 79.4 £0.3 81.1 £0.3 A SIFT
3 (8 X &) 63.3 £0.8 668 +£0.6 | 77.24+0.4 80.7 +0.3

"Beyond Bags of Features: Spatial Pyramid Matching for Recognizing Natural Scene Gategories
Lazebnilet al. 2006



VLADVector of Locally Aggregated Descriptors)

0. Train a visual dictional@(k-means)6 * H ,...; @assign descriptors | ‘s
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i Ws
@ compute x- u ;
(o] [ %’ (o] I

@ v,=sum x- u; for cell i P

£ 4 s
V] ° V2 /
[ \'2) v, ©

"Aggregating local descriptors into a compact image representati
Jégouet al. 2010



VLADVector of Locally Aggregated Descriptors)

0. Train a visual dictionai@(k-means)® * H ..., @assign descriptors | -
o T X -#,
1. For an image withm-dimensional descriptore) é/*
P«z‘
assign descriptorso closest cell centroid o }

O-----—+

@ compute x- u ;

A

@ v,=sum x- u ; for cell i 2
i i T

A | Vs
V] V2 /
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"Aggregating local descriptors into a compact image representati
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VLADVector of Locally Aggregated Descriptors)

0. Train a visual dictionai@(k-means)® * H ..., @assign descriptors | -
o T -#,
1. For an image withm-dimensional descriptore) é/*
P«z‘
assign descriptorso closest cell centroid o }

O-----—+

2. Compute residualso

@ compute x- u ;

A

@ v=sum x-pu, forcelli

A v Vs
Vi v, /
° l[ v, v, ®

"Aggregating local descriptors into a compact image representati
Jégouet al. 2010



0.

1.

3.

VLADVector of Locally Aggregated Descriptors)

d

Compute residualso

()

W

Train a visual dictionai@(k-means):0

Accumulate residuals for each cell:

i

For an image withm-dimensional descriptora)
assign descriptorso closest cell centroid

¢ ) assign descriptors P
) ] - )
o ¥
4
f A
554
f
\
w
ot N}
T
i
o
o

@ compute x- u ;

A

@ v,=sum x- u; for cell i

of
A L} v 5
v, v, /
(o] f V3 v, ©

"Aggregating local descriptors into a compact image representati

Jégouet al. 2010



VLADVector of Locally Aggregated Descriptors)

0. Train a visual dictionai@(k-means)0 N I @ assign descriptors | b
o T ¥,
1. For an image withm-dimensional descriptore) é/*
X
assign descriptorso closest cell centroid o™ 3
T X
2. Compute residualsy i
i @ compute x- u ;
3. Accumulate residuals for each cell: I
(o] [ %’ o
¥ w
d () @ v,=sum x- u; for cell i
4. Concatenate accumulated residualsvactorO N 5 L Ay I
U L o ] "Aggregating local descriptors into a compact image representati

Jégouet al. 2010



VLAD

Advantages
AFast to compute
AAdds more discriminative power thdBoW
AGood results with small dimensionality

AFixed length vector irrespectively of feature detections

"Aggregating local descriptors into a compact image representati
Jégouet al. 2010



Image Retrieval: Milestones

ZHENG ETAL.: SIFT MEETS CNN: A DECADE SURVEY OF INSTANCE RETRIEVAL

Hierarchical K-Means

Improved FV

Steweénius and Nistér Perronnin et al.
: : R-MAC
Video Google o ! Tolias et al.
Sivic and Zisserman Approximate K-Means VLAD CNN off-the-shelf !
i Philbin et al. Jégou et al. Razavian et al. |
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“The end of the early years” i i E i i
Smeulders et al. i i Neural codes i
1 1 ]

Spatial pyramid matchi
Lazebnilet al.

‘ SIFT-based ‘

ming Embedding
Jégou et al.

CNN for ImageNet
Krizhevsky et al.

Babenko et al.

VLAD-CNN
Ng et al.

CNN-based

Dominated by Bag of Visual Words (BoVW) model

Pretrained and finetuned models
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CNN Features

Extractedfrom Convolutional Neural Networks

™

Pretrained vs. endo-end

TS

T

Early layers learn featuresimilar to Gabor filters Gabor filters

TS

Later layers learn more semantic features
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CNN Features

A CNN: mathematical model with huge number of parameters (weights
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A Automatically learned during training with massive labelled datasets
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CNN Features

A CNN: mathematical model with huge number of parameters (weights

A Automatically learned during training with massive labelled datasets

A Filters are set of weights (e.g. 3x3)

C1 51 C2 52 nq n;
input feature maps feature mapsfeature mapsfeature maps output
32x32 28x 28 14 x 14 10x 10 . 5x5 o
i y o
s N\ = \\ o N
convolution \\ 22 SX5 ' . ‘ \\ O fully \
subsampling convolution 2x2 connected
\\ subsampling \ \

feature extraction classification



CNN Features

vV

A Incoming signal is convolved with the filters

C1 51 C2 52 ny n;

input feature maps feature mapsfeature mapsfeature maps output
32x32 28 x 28 14x 14 10x 10 . 5x5 o
\ NN N\
- Oﬁ 8,
% ) o
55 N \\ 0. N
convolution \ 2x2 _ _ ' : \\ O fully \
subsampling convolution 2x2 connected
\ subsampling \\ \

feature extraction classification



CNN Features

vV

A Incoming signal is convolved with all the filters

A Produce activation feature maps

C1 51 C2 52 ny n;
input feature maps feature mapsfeature mapsfeature maps output
32x32 28 x 28 14 x 14 10x 10 . 5x5 o
\ NN 05 N
o
55 N \\ Co N\
convolution \ 2x2 _ _ ' : \\ O fully \
subsampling convolution 2x2 connected
\ subsampling \\ \

feature extraction classification



CNN Features

"Visualizing and Understanding Convolutional Networks"
Zeiler and Fergus 1 M 0
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CNN Features

"Visualizing and Understanding Convolutional Networks"
Zeiler and Fergus 1 M 0



CNN: Some recent approaches

"Bag of Local Convolutional Features for Scalable Instance Seaffdlohedanoet al. 2016)

A Instance retrieval based on CNN features andBb¥Vmodel

A Activations of prerrained CNN as local features

A High dimensional, sparse representatiddeb12, 20k visual words)

A Each local CNN feature is assigned its closest visual word (assignment map)

A Performance comparable to other CMidsed approaches but more scalable

=> g => K-Means

4 Clustering

Image Conv layer i Local CNN Features

> B o

Assignment Map

1

BoW encoding



CNN: Some recent approaches

"On the performance oConvNetfeatures for place recognition’(Stunderhaugt al. 2015)
A Systematic analysis on the performance of-peéned CNN layers
A Tested on theAlexNetarchitecture trained on ImageNet
A Nearest Neighbor search of extracted feature vectors
A Layer Conv3 best performinigr place recognition

R -
e f *’\’; -
Sk~ o N conv3 convs
1l :, - » ¥, > ;' -
4
J
Ol conv4

Input data Convl Conv2 Conv3 Conv4 Convs FC6 FC7 FC8

'{ffiif A P P omm —{

13x 13 x 384 13x 13 x 384

13x 13 x 256

27x 27 X 256

55X 55 X 96

100C

i

227x 227 x 3 4096 4096

Example of CNN image features

AlexNetarchitecture: "ImageNet Classification with De€wnvolutionalNeuralNetworks",
Krizhevskt al. 2012



CNN: Some recent approaches

"NetVLAD CNN architecture for weakly supervised place recognitin NJ Yy R 2t 2D1B)\ ¢

A Learns image representation in an ettdend manneifor the VPR task
A Steps:
1. Crop the CNN at the last convolutional layer (Hx W x D) 4. Make the membership term differentiable

2. Each spatial location generates one descriptor

— N
conv3 conv4 convbd Vi k) —
N=13 x 13 = 169 U %) ; S i

engi—l—bk . '
o |(@i(7) = ()

0} -

13x 13 x 384 13x 13 x 384 13x 13 X 256

————/ ar. (X;) : Soft membership assignment
3. Express VLAD image representatama matrix
N Wi = 2QCk
Vi k) = Mzt —lewtd j-th dimension of b — —allewnll?
5.4 = 3= fne) i) {es i o i ¢ = —allex

- g ¢ : Response attenuation constant (positve)
Membership of descriptor j-th _dimension of
to k-th word (cluster) the i-th descriptor {Wk} {br} and{Ck} are sets of trainable parameters

Value: Oor 1l



CNN: Some recent approaches

"NetVLAD CNN architecture for weakly supervised place recognitin NJ Yy R 2t 2D1B)\ ¢

A More flexible than original VLAD thanks to extra trainable parameters

® and @ are descriptors known to belong to images that should not match

A Supervised VLAD allows to learn a better anchor (cluster

center) that minimizes the product between the residuals

Image Convolutional Neural Network NetVLAD layer

————————————————————————————————————————————————————————————————

: | I(KxD)x1

|
1 :[_______________ —_— T | VLAD

conv(wb) |'s ! L2 | vector
. 1x1xDxK I | normalization

| B s e pp———
[ * = A

: TWxHxD map interpreted as normalization

I NxD local descriptors x

|
|
|
intra- !
|
|
|

e e e e e = —



CNN: Some recent approaches

"Levelling the Playing Field: A Comprehensive Comparison of VRIaaleRecognitioMpproaches under

Changing Conditions(Zaffaret al. 2019)

Berlin Kudamm

v Berlin Kudamm Gardens Point Nordland
Query ] E in : 1.0 |
. 0.8 =
s
& e I
O
& 04
Query
0.2
Reference 0.0 1 1 - 1 1
0.0 0.5 1.0 0.0 0.5 1.0 0.0 0.5 1.0
Recall Recall Recall

Reference

HOG (AUC:0.014)

Seq-SLAM (AUC:0.018)

GRP AlexNet (AUC:0.080)
VGG-16 NetVLAD (AUC:0.723)
SPP AMOSNet (AUC:0.130)
SPP HybridNet (AUC:0.131)

VGG-16 R-MAC (AUC:0.039)
= HybridNet Region-VLAD (AUC:0.265)
CALC (AUC:0.043)

HOG (AUC:0.034)

Seq-SLAM (AUC:0.065)

GRP AlexNet (AUC:0.324)
VGG-16 NetVLAD (AUC:0.660)
we SPP AMOSNet (AUC:0.537)
wes SPP HybridNet (AUC:0.527)

VGG-16 R-MAC (AUC:0.158)
= HybridNet Region-VLAD (AUC:0.171)
CALC (AUC:0.242)

HOG (AUC:0.046)

Seq-SLAM (AUC:0.190)

GRP AlexNet (AUC:0.022)
VGG-16 NetVLAD (AUC:0.644)
= SPP AMOSNet (AUC:0.165)
== SPP HybridNet (AUC:0.265)

VGG-16 Cross-Region-BoW (AUC:0.241) s VGG-16 Cross-Region-BoW (AUC:0.722) === VGG-16 Cross-Region-BoW (AUC:0.590)

VGG-16 R-MAC (AUC:0.059)
= HybridNet Region-VLAD (AUC:0.652)
CALC (AUC:0.062)



Neuroscience of place recognition

A Hippocampus (HPCGInd Entorhinal cortex (EC)

A Stores magike spatial codescognitive map}p
ASupports memory during navigation

Retrosplenial
8 cortex

A cognitive mapis an
internal neural

representation of one's |
surrounding physical Entorhinal cortex
environment Hippocampus ~~

Parahippocampal gyrus

"The cognitive map in humans: Spatial navigation and beyond"
Russel A. Epstein et aR017



Neuroscience of place recognition

A ParahippocampaPlace Area (PPA) aR@trospleniatortex (RSC)
APPA=> perception oflandmarks andvisuospatial structureof the scene
ARSC=> cognitive map retrieval
APPA + RSG» Place Recognition

ALandmarks:
A Spatial layout(very important)
A Discrete landmarkuildings, statues, etc.

Entorhinal cortex

A Extended topographical landmarks:
arrangement of buildings, valleys, ridges, e.c.~

Source!"Where am | now? Distinct Roles for Parahippocampal and
Retrosplenial Cortices in Place Recognition”
Russel A. Epstein et al. 2007

Hippocampus
Parahippocampal gyrus



Visual cortex hierarchy

Other ventral areas

V3

\
\ A
Y AR
N

V2

A
1;[ Y

V1

't

LGN

L

Other dorsal arcas

MST

f

Parvo 7 f Magno

Retina

Hierarchy

Dorsal pathway (‘where’)

Z Features encoded
—/ 1N TA XN A BC
¢ s ——— Receptive fields size ——————
Ventral pathway (‘what’)

"Bio-inspired computer vision: Towards a synergistic approach of artificial and biologicat vi
Medathatiet al. 2016




Our approach

A Use CNNs to extrasemantic (robust) features froimages
A Store them along with their spatial arrangement

A Compare images by simultaneously matching features and locations

Query image Reference image



VGG16 architecture

224 x224x3 224 x 224 x64

112 x 112 x 128

o 7x7x512

28 x 28 x 512
l ﬁ @Mﬁﬁ%” 1x1x4096 1x1x1000

conv 4-2 conv 5-2

(=) convolution+RelU
) max pooling
fully nected+RelLU
softmax

w»
=

o
O

"Very Deep Convolutional Networks for Lafg®O £ S L Y I 3
Simonyart YR %A &&aSNXYI Yy HAMD



VGG16 architecture

2ednazixg 228 22408 A Increased depth (16 layers) compared to
AlexNet
112 x 112 x 128
%‘xsm% B A Trained on Places205 for scene recognitio
) % T X5%
V7P A14x1x512 _ 1x1x4096 1x1x1000
A Layerconv4 2for spatial consistency check
conv 4-2 conv 5-2
o o A We useconv5_2for quick retrieval of
fulg nected+RelLU candidates

"Very Deep Convolutional Networks for Lafge®O £ S LYl 3S wSO?2
Simonyart YR %A &AaASNXIY HAMD



SS M\/P R‘emantic andatialMatchingMisualPlaceRecognition)

/ STAGE 1 \
Image Filtering
Input
Query image of a place
.

Process
Fast search of images similar to
query in large database of places

¥
Output
K N top-ranked candidates /

"SpatieSemanticConvNed | 4 SR+ A &dz £ ¢ fF IYONI wBdG2 3 yf &bl M2y g




/ STAGE 1 \
Image Filtering

Input
Query image of a place
.

Process
Fast search of images similar to
guery in large database of places

¥

Output
K N top-ranked candidates /

"SpatieSemanticConvNetd I & S R

SS M\/P Rﬁemantic andatialMatchingMisualPlaceRecognition)

Input
Query + candidates

/ STAGE 2 \
Spatial Matching

¥

Process
Semantic and geometric
comparison of query and

candidate using CNNs

¥

Output
\Recognized plagdest match)/

tAddzd ¢ IYONI wBE2 3 v A My b



Image Retrieval: Pipeline

[ : Image Feature
Places image ‘?a}taet Feature extraction 9 :
’ N Representation

Place recognition = best candidate

: Reranked
: list of images

Exhaustive
search

Ranked list

faf| f2| X [T,
Places
database
Online stage: Place recognition
i . Image Feature
uery image
| : Featqre
fl[f2| X [f, Matching

of candidate
images




SSMVPR Pipeline
Places image dataset Zerites SR Image Featl_Jre
| Sl Representation
- T || e my_
_ \
1

Place recognition = best candidate

|
|
I
|
| : Reranked
fof[ f2] X | T, :  list of images
|
e :
|
. . Image Spatial |
Offline stage: Database creation filtering DB}  matching DB !
___________________________________________ ''L,| Spatial
Online stage: Place recognition Matching
i . Image Feature
uery image
IEEEEE Ranked list
. EEEEEE ] Ima e .
— } g : of candidate
fof[ 5] X | T, Filtering ! images




SSMVPR

A Image filtering stage:

A Layer conv5_2

A 14x14x512 feature maps

A 16 sliding 7x7x512 cubes per image

A Store into image filtering database (IFDB)

A Spatial matching stage
A Layer conv4 2
A 56x56x512 feature maps
A 729 sliding 3x3x512 cubes per image
A Store into spatial matching database (SMDB)
A Also store locations

[ Convolutional Neural Network (VGG16) ]

Conv 5-2
(14x14x512)
(7x7x§1‘2) :

H=14

/6\,"1/
w=14 ©

1. 16 sliding 7x7x512 cubes
2. Normalization along D

3. Concatenation: 16 x J¢25088

&PCA: 16 x 10 /

Image filtering
(image size 224x224x3)

/ Conv 4-2 \
(56x56x512)
(3x3x512) 4 Sl
\;a" 1
H=56
Y
w=56 O
1. 729 sliding 3x3x512 cubes
2. Normalization along D
3. Concatenation; 729 x J24608

QPCA: 729 % R0 /

Spatial matching
(image size 448x448x3)




SSMVPR: Spatial matching

1. For each location in candidate, find location c
closest match in query

Candidate

(6,5) =
row colgmn row colgmn
(6. 4) ' (7, 3)
(6, 5) (6, 5) (7, 4) (7, 4)

(6, 6) (7, 5) (7, 5) (8, 4)




SSMVPR: Spatial matching

1. For each location in candidate, find location c

closest match in query

2. Set the pair of locations as anchor points

Candidate
o |
g M b ||
[
1! T—‘i’ 2
i
MESIEE -
i ?'= R ;Q =
(6 5)¢ Anchor points
row column row column
(6, 4) (7, 3)
(6, 5) (6, 5) (7, 4) (7, 4)
(6, 6) (7,5) (8, 4)




SSMVPR: Spatial matching

For each location in candidate, find location ¢

closest match in query

Set the pair of locations as anchor points

Look at the spatial consistency between the

locations of matched pairs of vectors

Candidate
£ 0
l’a "&’«{IVZ \ I
B L
| Ie
i 'l- = '
(6, 5) =
row column row column
(6. 4) (7, 3)
(6, 5) (6, 5) (7, 4) (7, 4)
(6, 6) (7,. 5) (7,. 5) (8,. 4)




SSMVPR: Spatial matching

For each location in candidate, find location ¢
closest match in query

Set the pair of locations as anchor points

Look at the spatial consistency between the
locations of matched pairs of vectors

Location consistency: check all cells around
candidate anchor point

Candidate Query
'\ | 7 i |

Y | : l‘ —‘ *‘w’,}

: | i, S ,_
- 7 G v‘h,““
i ',,“_L’.r - i ,“//l /' 5
T 7

-+

(6, 5) < Anchor poiﬁt's- ) ;(7’ 4)

row colgmn row colgmn
(6. 4) ' (7, 3)

(6, 5) (6, 5) (7, 4) (7, 4)
(6 . 6) (7 , 5) 4 . 5) (8,' 4)




SSMVPR: Spatial matching

For each location in candidate, find location ¢
closest match in query

Set the pair of locations as anchor points

Look at the spatial consistency between the
locations of matched pairs of vectors

Location consistency: check all cells around
candidate anchor point

Accumulate consistent matches for all locatic
In candidate

Candidate Query
f i J WL\
Ia b Iv fﬁg
“ b
=] 8 " " aM‘
- *1’
RIS o . o e T
(6, 5) < Anchor points $(7’ 4)
row column row column
(6, 4) (7, 3)
NS (6, 5) (6, 5) (7, 4) (7, 4)
(6, 6) (7, 3) (7, 9) (8, 4)




SSMVPR: Spatial matching

Candidate Query
For each location in candidate, find location of R | B ..
closest match in query TR e A
Set the pair of locations as anchor points . - 5 A
Look at the spatial consistency between the -8 H;” =
locations of matched pairs of vectors R .. et i
. . Anch int

Location consistency: check all cells around (6,5) & "R (7, 4)
candidate anchor point row column row column

. |69 | (7. 3) |
Accumulate consistent matches for all locatigns s, 5) (6, 5) (7, 4) (7, 4)
In candidate (6, 6) (7, 5) (7, 5) (8, 4)
Select candidate with largest score &;4/‘




SSMVPRParameter optimization

A Same datasets as faffaret al. 2019

Gardens Point

100

Reference |

Precision (%)

Precision vs. image size

90 1

80 1

70
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50
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30+

20+
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—e— Gardens Point

—%— Kudamm

—&— Nordland
Average
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13.00
12.75
12.50
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<
12.00 @
@
11.75'®
11,50 3
1]
11.25 w0
11.00
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10.50
10.25
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Image side (pixels)

0.00

100

90 1

80 1

70

Precision (%)

40

30

20

10+

Precision vs. PCA dimensions

60 1

501

—e— Gardens Point
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Average

20 40 60 80 100 120 140
PCA dimensions




SSMVPRRecognition results

A Same datasets as #affaret al. 2019
YO Yi D@ i Q0 QU Qi

F>mit ve

]
: | ”' =| J|_=l= =II| ”' "O0 "OMald & QO QUL Qi
_|| T
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"O0 "Owald WQwWo QU Qi

Gardens Point Gardens Point

100
i JRIE
: ] ‘\V o e
e Tl 2 80
Query 13 A o
X
~ 60
C
-g 50 1o 0.958 0.957
S a0 SSM+f, AUC=0.957 0941
& o 0.856
h I -
T 39 SSMgr+f, ~ AUC=0.958 P
e SSM AUC=0.941 J
Reference 20 N
SSMO AUC=0.856
10 NetVLAD  AUC=0.846 e
0 T . 0.5 :
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SSMVPRRecognition results

A Same datasets as #affaret al. 2019
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