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A Fast and Incremental Method for Loop-Closure
Detection Using Bags of Visual Words

Adrien Angeli, David Filliat, Sephane Doncieux, and Jean-Arcady Meyer

Abstract—In robotic applications of visual simultaneous lo- that consists in determining if current image has been taken
calization and mapping techniques, loop-closure detection and from a known location. Such task bears strong similaritigh w
global localization are two issues that require the capacity image classi cation methods like those described in [8] and

to recognize a previously visited place from current camera . . . . .
measurements. We present an online method that makes it [9], but an important difference is our commitment to online

possible to detect when an image comes from an already perceivedproceS_Sing- _ o
scene using local shape and color information. Our approach  In this paper, we present a real-time vision-based method

extends the bag-of-words method used in image classication to detect loop-closures in a Bayesian lItering scheme: ahea
to incremental conditions and relies on Bayesian ltering to oy image acquisition, we compute the probability that the

estimate loop-closure probability. We demonstrate the ef ciency current image comes from an already perceived scene. To this
of our solution by real-time loop-closure detection under strong g yPp )

perceptual aliasing conditions in both indoor and outdoor image €Nnd, we designed a scene recognition framework that relies
sequences taken with a handheld camera. on an incremental version [10] of the bag-of-words method

[9]. Loop-closure hypotheses whose probability is abovaeso
threshold are con rmed when a coherent structure between
the corresponding images is found - i.e. when the epipolar
l. INTRODUCTION geometry constraint is satis ed. This ultimate validatistep

Over the last decade, the increase in computing power hHasaccomplished using a multiple-view geometry algorithm
helped to supplement traditional approaches to simulasmesimilar to the one proposed in [11]. We provide experimental
localization and mapping (SLAM [1], [2], [3], [4]) with the results demonstrating the quality of our approach by per-
qualitative information provided by vision. As a consecquesn forming loop-closure detection in incremental and reaueti
in robotics research, commonly used range and bearingseng@nditions in both indoor and outdoor image sequences using
such as laser scanners, radars and sonars tend to be asbodasingle monocular camera.
with, or replaced by, single cameras or stereo-cameraFmys. In section 2, we present a review of related work on
example, in previous work [5], we performed vision-based 2@sual loop-closure and global localization. Section Zlyri
SLAM for Unmanned Aerial Vehicles (UAV). Likewise, in [6], introduces our implementation of the bag-of-words panadig
the authors performed 3D SLAM in real-time at 30Hz using &he ltering scheme is detailed in section 4 and experimeenta
monocular handheld camera, while the authors of [7] presd@sults are given in section 5. The last two sections aretdévo
visual SLAM solutions based on both monocular and steré® discussion and conclusion.
vision.

However, there are still dif culties to overcome in robotic Il. RELATED WORK
vision in general, and in SLAM applications in particular. The Monte Carlo Localization (MCL) method was origi-
Among them, the loop-closure detection issue concerns thally designed [12] to make global localization capitaigi
dif culty of recognizing already mapped areas, while th@®n range and bearing sensors possible. Although succlgssful
global localization issue concerns the dif culty of rewrieg adapted to vision [13], this method does not match our reguir
the robot's location in an existing map. Those problems @an ents since it relies on the existence of a map obtaineddefor
addressed by detecting when the robot is navigating thraughand. From the same principle, the Rao-Blackwellised garti
previously visited place from local measurements. Theailer Iter (RBpf) enables loop-closure capabilities in SLAM alg
goal of the research effort reported in this article is thois tithms (e.g the FastSLAM [14] framework). It has also been
design a vision-based framework tackling these issues sm agdapted to vision [15], but it suffers degeneration whesiolp
make it possible for a robot to reinitialize a visual 3D-SLAMa loop due to inaccurate resampling policies [3]. In additio
algorithm like one of those presented in [6] or [7] in sucliRBpf are not loop-closure detection methods per se, buerath

situations. This comes down to an online image retrievad taSLAM methods robust to loop-closure events.
Loop-closure detection has also been performed using an
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for SLAM, and not optimized for loop-closure detection). Ithe same location. This approach, based on the bag-of-words
is also linked to a particular SLAM algorithm, whereas ouscheme, is very robust to perceptual aliasing: a generative
approach may be adapted to any SLAM method (even mobdel of appearance is learned in an ofine process, ap-
vision-based). proximating the probabilities of co-occurrences of the dgor

In this work, we wish to design a simple visual systermontained in the of ine-built dictionary. Using this model
able to perform loop-closure detection and global localizéoop-closure detection can be performed with a complexity
tion, within the framework of an online image retrieval tasKinear in the number of locations. The main asset of this rhode
Following a similar approach, but in a non-incremental peis its ability to evaluate the distinctiveness of each wahdis
spective, voting methods presented in [18] and [19] callup@ccounting for perceptual aliasing at the word level, witde
maximum likelihood estimation to match the current imaggrincipal drawback lies in the of ine process needed for elod
with a database of images acquired beforehand. The likedihdearning and dictionary computation.
depends upon the number of feature correspondences betwedn the majority of the methods presented above, SIFT
the images, and leads to a vote assessing the amount(Sdfale Invariant Feature Transform [24]) features are the
similarity. In [18], the authors also use multiple-view geo preferred input information because of their robustness to
etry to validate each matching hypothesis, while in [19] theeasonable 2D af ne transformations, scale and viewpoint
accuracy of the likelihood is qualitatively evaluated irder changes. However, other visual features could be used for
to reject outliers. Even though they are easy to implemést, tloop-closure detection and global localization (see [2&] f
aforementioned voting methods rely on an of ine constreti a comparison of visual local descriptors). For example, as
of the image database and need expensive one-to-one imsigged in [19], color histograms are powerful features joliag
comparisons when searching for the most likely hypothes@s.compact geometry-less image representation that exhibit
Moreover, the maximum likelihood framework is not suitablsome attractive invariance properties to viewpoint change
for managing multiple hypotheses over time, as it does nidence, it may be suitable to merge several complementary
ensure the time coherency of the estimation (i.e. inforomati visual information, like shape and color for example, inesrd
from past estimates is not integrated over time so as to tmeobtain a reliable solution in different contexts.
fused with actual ones). As a consequence, this framework
is prone to transient detection errors, especially undengt I1l. VISUAL DICTIONARY

perceptual aliasing conditions. The implementation of the bag-of-words method used here
In [20] and [21], bag-of-words methods are used to perfor yetajled in [10]: the dictionary construction is perfath
global localization and loop-closure detection in an imagg,jine along with the image acquisition, in an incremental
classi cation scheme (see also [22] for an extended versi@ihion The words are stored using a tree structure (see
of [21], with multi-robot map-joining addressed as a 100Pg] for more details), enabling logarithmic-time compitgx
closure problem). Bag-of-words methods ([8], [9]) rely Otjhen searching for a word and thereby entailing real-time

a representation of images as a set of unordered elemenigiy essing. In the work reported here, we used two different
features (the visual words) taken from a dictionary. Théighic o4 re spaces to describe the images:

nary is built by clustering similar visual descriptors exied
from the images into visual words. Using a given dictionary,
image classi cation is based on the occurrence of the words
in an image to infer its class. In [20] and [21], images are
represented as vectors of visual words' statistics witte siz
equal to the number of words in the dictionary. The dictignar
is built beforehand in an of ine process, clustering theualk
features extracted from a training database of images into
representative words of the environment. Matching between
current and past images is de ned as a Nearest Neighbor (NN)
search among the cosine distances separating the cordespon
ing vectors. In [20], a simple voting scheme selectsriteest
candidates from the NN search and multiple-view geometry
is used to discard outliers. In [21], the NN search resulés ar
used to Il a similarity matrix whose off-diagonal elements o ) )
represent loop-closure events, thus providing a powerfy w A dictionary is built for each feature space.
to manage multiple hypotheses. In both approaches, the use
of a dictionary enhances the robustness of matches, egablin IV. BAYESIAN LOOP-CLOSUREDETECTION
a good tolerance to image noise, but the NN search involved|n this paper, we address the problem of loop-closure
relying on exhaustive one-to-one vector comparisons, g veletection as an image retrieval task: we are seeking fordake p
expensive. image, if it exists, that looks similar enough to the curren¢
More recently, the authors of [23] have proposed a visiote consider that they come from close viewpoints. The oVeral
based probabilistic framework that makes it possible to gsrocessing, illustrated in the diagram of gure 1, is acleigv
timate the probability that two observations originateniro in a Bayesian ltering framework estimating the probalilit

2 SIFT features [24]: interest points are detected as max-
ima over scale and space in differences of Gaussians
convolutions. The features are memorized as histograms
of gradient orientations around the detected point at
the detected scale. The corresponding descriptors are of
dimension 128 and are compared using L2 distance.
Local color histograms: the image is decomposed in a set
of regularly spaced windows of several sizes to improve
scale invariance. The normalized H histograms in the
HSV color space for each window are used as features.
The windows used here are of size 20x20 (respectively
40x40) taken every 10 (respectively 20) pixels. The
descriptors are of dimension 16 and are compared using
diffusion distance [27].
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thus look for the past image that maximizes the probabiliyO in our experiments, is adjusted depending on the frame
of loop-closure with the current image. When such an imagate and on the velocity of camera motion.
is found (i.e. when probability is high for a particular lcop We therefore need to estimate th&ll posterior,

those two images is checked by a multiple-view geometojosure occurred, the corresponding past image.
algorithm [11]. When perceptual aliasing is present in the Following Bayes' rule and under the Markov assumption
environment (i.e. when different places look similar),pepar the posterior can be decomposed into:
geometry provides a powerful way to reject outliers (i.estpa i ¢ i ¢ | ¢
images that look like the current image but do not come PSl' = p I4jS p Sjlti? )
from the.same spene). In order to take advantage of dlfferentwhere, is the normalization term. LeZy); be the state
types of information, several feature spaces (i.e. SIFiufea - ) ,
. ; . of the dictionary associated with the feature sp&céESIFT
and H histograms) are used here for representing the images. d : . ) iy
. o ~teatures or H histograms in this paper) at time indeXhe
Compared to maximum likelihood methods, the Bayesw*n S :
. iIme subscripti is inherent to the incremental aspect of the
Itering scheme proposed here takes temporal coherency é)|ctionar construction(Zy) (Z4) o u (ZO)
image acquisition into account in order to bring robustrtess y kJo H (4k)1 B oo B (4k)ij 1 B

i . (Zk)i, with (Zk)o = ; (features from the feature spage
transient detection errors. : .
extracted inl; are used to buildZy);+1 ). Also, let the subset
— Compute (z)i of words taken from(Zx); and found in imagel;
image (bags likelihood denote one representation of this imade:, (zx)i, with
of words) . .
® Acquire - Feature space 1 3 lool:)rfgitsi o (zk)i U (Zk)i. Since several feature spaces are involved here,
new mage = Compute probability several image representations exist (one per feature space
im?ge (za?s‘ > likelihood Thus, let (z"); be the overall representation of imagdg
of words

Feature space k

imagesl ! acquired up to time can therefore be represented
by the sequencéz™)t = (z")o;:: :;(Zn)"i ¢

So, the full posterior, now rewrittep S;j(z")! , can be
expressed as follows:

High
loop-closure
probability?

Loop-closure
rejected

Consistent
camera
transformation?,

Check
<«——| epipolar
geometry

i ¢ i LG ¢
P Sz =p @S p Si(z") ! (3)
Assuming independence between the feature spaces, we

can derive a more tractable mathematical formulation for
equation 3 so as to make computation of the full posterior
easier. However, capturing the correlations existing betw
the different dictionaries could provide additional infaation
In this section, we rst give the mathematical derivation ofpout the occurrence of the words. Under the independence

the ltering scheme used for the estimation of loop-closurgssumption, the full posterior's expression can be written
probability. Then, we focus on issues regarding temporal co

herency, likelihood computation and hypotheses managemen ¢ " v o ¢# _ ¢
PSiZ) =" P @S pSiE) T @

A. Discrete Bayes Filter k=0 ) ¢

Let S; be the random variable representing loop-closure where the conditional probabilily'(zk)tjst is considered
hypotheses at time The eventS; = i is the event that current as a likelihood functiorlL (S;j(z):) of its second argument
image |, “closes the loop” with past imagg. This implies (i.e. St), with its rst argument (i.e.(z):) held xed: we
that the corresponding viewpointg and x; are close, and evaluate, for each enti$; = i of the model, the likelihood of
thatl, andl; are similar. The evers; = j 1is the event that the currently observed wordzy): (see section IV-C).
no loop-closure occurred at timeln a probabilistic Bayesian ~ Recursive estimation of the full posterior is made possible
framework, the loop-closure detection problem can hence bg decompoging the right hand side of equation 4 as follows:
formulated as searching for the past imdgewhose index p Sij(z")t =

Loop-closure
accepted

Fig. 1. Overall processing diagram (see text for details).

satis es: #

' Yo e XPg ¢ G
, - P (z)iSt PSiSti1=] pSi1=]i(z")!
= angmaxs g pp(St =ijl%) 1) k=0 jI:i 1 iz )

wherelt = Ig;:::;1, with j = j 1 if no loop-closure has belief

been detected. This search is not performed over theplast . (5)

¢
images becaude always looks similar to its neighbors in time WherepI StjSt; 1 is the time evolution model (see section
(since they come from close locations), and doing so would-B) of the probability density function (p.d.f.). From eg-
result in loop-closure detections betwedgrand recently seen tion 5, we can see that the estimation of the full posterior at
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time t is done by rst applying the time evolution model to During the computation of the likelihood associated to the
the previous estimation of the full posterior, leading toaivh feature space&, we wish to avoid an exhaustive image-to-
we can call thebelief at timet, which is in turn multiplied image comparison of the visual features, as implemented in
successively by the likelihoods obtained from the différemost of the voting and bag-of-words methods cited in section
feature spaces in order to get the actual estimation for theln order to ef ciently nd the most likely past image;
posterior. that closes the loop with the current one, we take advantage o
Note that in our framework, the sequence of wo(d8)! theinverted indexassociated with the dictionary. The inverted
evolve in time with the acquisition of new images, divergingndex lists the images from which each word has been seen in
from the classical Bayesian framework where such sequendles past. Then, during the quantization of the current image
would be xed. Moreover, in spite of the incremental evoduti  with the words(zy); it contains, each time a word is found,
of the dictionary, the representation of each past imagaésl we retrieve from the inverted index the list of the past ingage

and does not need to be updated. in which it has been previously seen. This list is used to
update the score (originally set to 0) that is assigned toyeve
B. Transition fromtj 1tot loop-closure hypothesi§; = i in a simple voting scheme:

Betweent j 1 andt, the full posterior is updated accor@lingWhen we nd a word that has been seen in imagestatistics

to the time evolution model of the p.d.fp SijSt; 1 = | about the word are added to the score (see gure 2). The
which gives the probability of transition from orlwe stateat chosen statistics are inspired from teem frequency—inverted

timet | 1to every possible state at tintelt therefore plays document frequency (tf-idfyeighting [28]:

a key role in reducing transient detection errors by engurin . Nui N

the temporal coherency of the detection. Depending on the ti-idf = —=log—— (6)
respective values d; and$S;, 1, this probability takes one of ' W

the following values:

2 p'& = i1S;1=i1 =0:9 the probability that no
loop-closure event will occur at timeeis high given that
none occurred at til@ei 1.

: pS=ijS;1=i1 = ﬁwithiZ[O;ti p, the
probability of a loop-closure event at timds low given
tfiat none occurred af tintej 1.

PS = ilS;1=j =0:1withj 2 [0;tj p], the
probability of the event “no loop-closure at tinté is
Iqw given that a lgop-closure occurred at time 1.

whereny, is the number of occurrences of wondin |, nj

is the total number of words ih, ny, is the number of images
containing wordw, andN is the total number of images seen
so far. From equation 6, we can see that the tf—idf coef cient
is the product of the term frequency (i.e. the frequency of a
word in an image), by the inverted document frequency (i.e.
the inverse frequency of the images containing this wortd). |
is calculated each time a likelihood score is computedngivi
increased emphasis to words seen frequently in a small numbe
of images, and penalizing common words (i.e. words that are
DS = ijS;1=] ,withi;j 2 [0;ti pl, is a Gaussian on seen everywh_ere), according to_ the mo;t recent stansycs.

. . . ! . To summarize, when a word is found in the current image,
the distance in time betwednandj whose sigma value . . )
. o : the images where this word has been previously seen have
Is chosen so that it is non zero for exactly 4 ne'ghboﬁﬁeir scores updated with the tf—idf coef cient associatéth
(i.,e.i =] 2:::j +2). The size of this neighborhood is P

. . the pairf word—image@. The score associated with each loop-
adjusted depending on the frame rate and on the veloci sure hypothesiss, = i will be used to compute the

: . e C
of camera motion. This corresponds tp a dllff.USIOI’] of thceorrespondlng likelihood, as we shall see later on. Butfeefo
posterior in order to account for the similarities between . ! .
; L we must give some details about the computation of the score
neighboring images. ; “
) i , ¢ associated to the event “no loop-closure occurred at time
Note that in order to have S; >= | 1jS;;1 = ] =

Indeed, it is evaluated here as the event “a loop-closure is

whenj 2 [0;t | pl, the coefcients of the Gaussian used iy ng withl, 1. 1, ; is a virtual image built at each likelihood

I
the last case have to sum to 0.9. computation step with then most frequently seen words

of (Zx): (m being the average number of words found per
C. Likelihood in a Voting Scheme image): it is the “most likely” image.

In section IV-A, we saw how using multiple feature spaces The idea is that the score associated wWith will change
gave the opportunity to represent an image in different waydepending on the location of the current image, so as to leehav
From a perceptual point a view, each representation brisgsas the score of the “no loop-closure” event. When no loop-
own piece of information about the state of the world, indeslosure occurd,; will be statistically more similar td; 1 than
pendently from other feature spaces. This entails comgutito any other;, becauséd; will have more words in common
a likelihood measure for the loop-closure hypotheSedor with I; 1 than with any othet;. On the other hand, in a real
each of the feature spaces considered. From the computhtiamambiguous loop-closure situation, the scoréd ;of will be
point of view, all the representations rely on the bag-ofew compared to the score of the loop-closing imdgeas
words paradigm, providing a generic interface to computk athe words responsible for this detection are only present in
manage image representations. Therefore, the detail giteo images (i.el; andl;), they are not frequently seen words
here about the estimation of the likelihood associated toaad they are in consequence unlikely to be foundin. The
speci c feature spack apply identically to each other featuredesign of the virtual image proposed here is also relevant in
space. case of perceptual aliasing (i.e. whigncomes from a location

N

N
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that is similar to several previously visited places). Irctsu all the images ofH): have been processed for all the feature
situation, as multiple past images have equivalent likelits, spaces, the full posterior is normalized.
it is important to ensure tha{ 1 receives a score that is in the

same order of magnitude as the score of these images, so ¢ — Mean + std deviation A G
prevent an erroneous loop-closure detection. Here, asopari — Full posterior pdf
the most common words composihg; will originate from Si —> EventS; =i

the images that are responsible for perceptual aliasing, it

guaranteed thal; 1 will be granted with an important score >

(but not necessarly the highest one). o S-1S0 S1S2 83
The construction of a virtual image with existing words i: Likelihood A2

- " . . S

similar to the addition of new locations from words samplin core

used in [23]. In our ltering scheme, the existence of thi

virtual image can be simulated simply by addind;a entr j » Event /\
J Py by Gia enty si- S 150 51 5253

to the inverted index for each of the most frequently set
words. Therefore, if one of them is found Inp, it will vote

for I, 1 as shown in gure 2 and the corresponding score wiffig. 3(;- dThe begef at tirnet I(liralmﬁe ‘(‘jl", sgeI ?fquation 5) se;t:dt?ign IV-A),

u " is updated according to the likelihood model (frame “2"): wl score
be CompUted as for the “true Images. of a hypothesis is above the mean standard deviation threshold, the
corresponding probability is updated.

S-1S0 S1 S2 S3 >

Past image indexes
containing the words
seen in current image

Words searching
in current image

Word wil > - . I.l ! N ..
— . D. A Posteriori Hypotheses Management
Word wj > I, I I 13 . .
Dictionary — Lo When the full posterior has been updated and normalized,
Word wn > 1. o 5 we search for the hypothesiS; = i whose a posteriori
Invertedindex 1111 probability is above some threshol@:§ in our experiments).

However, the posterior does not necessarily exhibit a gtron
single peak for a unique hypothesis even if a loop-closure
occurred. It may rather be diffused over a set of neighboring
hypotheses (except fds; = j 1). This is mainly imputable
to the similarities among neighboring images in time: some
of the words commonly found ih; andl; are also probably

. _ _ _ o in 1j; 1 or lj41 for example. Thus, instead of searching for
Fig. 2. The voting scheme: the list of the past images in whicheat

words (zi )t have been seen is obtained from the inverted index and is us%ﬁ']gle Peaks among the full posterlor., We look for a hyposh.es
to update the hypotheses' scores. for which the sum of the probabilities over neighboring

hypotheses is above the threshold (the neighborhood chosen

Once all the words found in the current image have bedere is the same as the neighborhood selected for the diffusi
processed and the computation of the scores is complétesection 1V-B).
we select the subsdiHy); p I P of images for which ~ When a hypothesis ful lls the above condition, a multiple-
the particular coef cient of variation (c.0.v.) (i.e. particular view geometry algorithm [11] helps discarding outliers by
deviation from the mean of the scores normalized by therifying that the two images of the loop-closure (ilg.
mean) is higher than thetandardc.o.v. (i.e. standard deviationand|;) satisfy the epipolar geometry constraint, which would
normalized by the meanfHy); p I'i P is the subset of the imply that they share some common structure and that they
most likely images according to the feature spkcd@hen, if could hence come from the same 3D scene. To this end, a
I; appears in(Hg), the belief at timet (see equation 5) is RANSAC procedure entails rapidly computing several camera
multiplied by the difference between the particular c.ofM; transformations by matching SIFT features between the two
and the standard c.o.v., plus 1 (which can be simpli ed intlames, discarding inconsistent ones using a threshold on
the difference between the scaieof the hypothesis and thethe average reprojection error. If successful, the algorit

Score

o Event

Si . '
' s.=i 5150 S1 S2 S3

standard deviatio&s normalized by the meah): returns the 3D transformation between and x; (i.e. the
L (St =ij(z)) = viewpoints associated with; and ;) and the hypothesis is
Yo gin CBs s fs 149, accepted. Otherwifse, the hypothesis is discarded. However
' ! 1 ! othlce;wise (7) even if a hypothesis has been discarded by the multiple-view

geometry algorithm, its a posteriori probability will noalf

The update of the belief for the restricted set of the mo&i 0 immediately: it will diffuse over neighboring images
likely hypotheses is illustrated in gure 3. The selectioong during the propagation of the full posterior fromto t + 1.
on the hypotheses at this stage makes it possible to sintpéfy Thus, correct hypotheses erroneously discarded by epipola
update of the posterior (as only a restricted set of hypethegeometry will be reinforced by the likelihoods of furthemg
is updated), considering that non-selected hypotheses &avinstants until a valid 3D transformation is found. Note that
likelihood of 1 and therefore multiply the posterior by 1. Whe since SIFT features are extracted from the images and stored
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during the online dictionary construction, we do not need treas, in spite of the strong perceptual aliasing presetitein
process the images again when applying the multiple-viesorridors to and from the “London” elevators (see gure 5 for

geometry algorithm. examples of the images composing the sequence). During the
run, nofalse positivedetections were made (i.e. when a loop-
V. EXPERIMENTAL RESULTS closure is detected whereas none occurred), thus demimgtra

We obtained resultsrom several indoor and outdoor imagdN® robustness of our solution to perceptual aliasing.
sequences grabbed with a single monocular handheld cal
(i.e. a simple camcorder with a 6ld of view and automatic
exposure). In this paper, we present the results obtai
from two experiments: an indoor image sequence with stro
perceptual aliasing and a long outdoor image sequence.
both experiments, illumination conditions remained canst
the indoor sequence has been captured under arti cialitight
conditions, while the length of the outdoor one (i.e. near
20 minutes) was too short to experience changes in lighti
conditions.

A. Indoor experiment

The overall camera trajectory followed during this experiig. 5.  Top-most corridor (top row) and bottom-most corridonttom
ment is shown in gure 4 using three different styles. When thiew) image eﬁlmplesybshowin% the Tighhlelvel of P?rt_?eptuabfml@ai_nhthhe
posterior is below the threshold, the trajectory is showthwiSnvironment. The numbers in the circles help associatingmiages with the

. L. positions labelled in gure 4.
a blue (dotted) line. When it is above the threshold and the

epipolar constraint is satis ed, a loop-closure is deteced .o, gure 4, we can also see that the trajectory is shown

the traject_ory_ is shown with a green (dashed) !ine. BUt_’ Whefih a green (dashed) line most of the time spent in previousl
the posterior is above the threshold and the epipolar cinstr | iciia places, indicating tharue positive detections were

is not satis ed, the loop-closure hypothesis is rejected 418 1546 (j.e. when a loop-closure occurs and it is correctly de-
trajectory is shown with a red (circled) line. tected). Figure 6 gives an example of a true positive detecti

-1 10 20 30 0 50 60 kel 80
Image indexes

SIFT keypoints

Likelihood
,°o8588883388

Likelihood
g 8

Image indexes

Fig. 4. Overall camera trajectory for the indoor image seqeeAcrst short ~ Fig. 6. First loop-closure detection for the indoor imageusege. The
loop is done around the “New York” elevators on the left befgoing to the full posterior and the likelihood computed from the SIFT anchistograms
“London” elevators on the right. The short loop is travelleghin when the feature spaces are shown, along with the current imageop left) and the
camera is back from the “London” elevators following the topst corridor 100p-closing imagé; (bottom left). Likelihoods are obtained from the scores
on the p|an. Then’ the camera repeats the |Ong |00p (|e tdLibvedon” (tf—|df) of the different hypotheses. Also shown with thkdlihoods are the
elevators and back) before ending in front of the “New Yorkévators. The Score mean (solid green) and the score meastandard deviation threshold
numbers in the circles indicate the positions from which tnages shown (blue crosses). As it can be seen, the likelihood is veryngtiaround images
in gure 5 were taken. See text for details about the trajacto corresponding to hypotheses 10 to 13, causing the sum ofditiesponding
probabilities in the posterior to reach tBs8 threshold. Also, it clearly appears
. . . . here thatly andl; come from very close viewpoints.
As we can see in gure 4, the trajectory is shown with a blue

(dotted) line every time the camera is discovering unexgalor During passings in already explored places, it may be

lvideos available at http://animatlab.lip6.fr/AngeliVmsEn, but also at noticed that the line rEpreS_enting the traj_eCtory switdhes
http://ieeexplore.ieee.org as supplemental material ®phper. green (dashed) to red (circled) each time the camera was
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turning around corners. In these particular cases, looguce
detection fails only because the epipolar constraint is not
satis ed: the a posteriori probability of loop-closure ibawe
the threshold but, due to the large and fast rotations made
by the camera, precise keypoints associations are dif cult
Indeed, in this narrow indoor environment, when the camera
is turning around corners, the viewpoint variation between
current and loop-closing images may be large, resulting in
small overlap between these images and preventing SIFT
features from matching correctly. This correspondsfaise
negativedetections (i.e. when a loop-closure occurs but it is
not detected).
When considering the trajectory of the camera with more
attention, it may be observed that the rst loop-closuresdet
tion that should be done (i.e. when the camera reaches again
its starting position for the rst time, during its rst tral
behin-d the “New Y-0rk" elevators) is mis-sed an-d t_he_trajqctorFig 7. The only false alarm due to perceptual aliasing: ascam see
remains shown W'th. a blue (dotted) line. Th'S IS 'mpUtablfﬁellikelihoods are confused (we can note two similar hiéhkpeaw the‘
to the low responsiveness of the probabilistic frameworkiFTss likelihood, while the H histograms' likelihood doestngive helpful
the likelihood associated with a particular hypothesis teas information) and the images look very similar. This hypothesis been
be very high relative to the other likelihoods to trigger &/ected by the multiple-view geometry algorithm.
fast loop-closure detection. Usually, the likelihood asated

with a hypothesis must have a good support during 2 Ortﬁird passing of the camera behind the “New York” elevators.

consecutive 'Mages in order to trlgger a loop-closure detec . This is why we observe two distinct peaks on the likelihoods:
The responsiveness of our system is governed by the tmmsn{wo hypotheses are valid in this case, becalseloses the

model of the probabilistic framework: we assume that tqgo ith i f h dth d visits. But d
probability of remaining in a “no loop-closure” event is hig p with images from the rst and the second visits. But due
: : . : o to the temporal coherency of the p.d.f., the hypotheses that
(i.e. 0.9, see section IV-B). Decreasing this probabilitjotver : o .
values makes it possible to detect loop-closures fasenith have_ high a posteriori probabilities are those from the sdco
) . . . passing.

fewer images required), but this also produces false pesiti
detections, which is not acceptable. The delay involvec her
therefore enhances the robustness to transient detectms,e
considering only hypotheses with repeated support oveg tim
as possible candidates for loop-closure.

During the run, there was only one case where the proba-
bility was above the threshold but the selected hypotheas w
wrong and it has been conveniently rejected by the multiple-
view geometry algorithm. This event, that can be considased
afalse alarm can be identi ed in gure 4 as the red (circled)
portion of the trajectory that occurs when the camera is ngmi
back for the rst time from the “London” elevators (just near
the6™" circle on the gure). This false alarm can be explained
by the strong perceptual aliasing that makes the corridors t
and from the “London” elevators look the same (see gure 7):
since our bag-of-words algorithm relies on the occurrerfce o
the words rather than on their position, the current imagg ma
look like a past image but the structures of the scenes may
nOF be cqnsstent, thus preventing the epipolar constfeon Fig. 8. Another loop-closure detection for the indoor imageuence.
being satis ed. Although there is a signi cant camera viewpoint differenceteen current

In order to test the robustness of the detection to camewal past images, the loop-closure is correctly detected.
viewpoint changes, we rotated the camera around its optical
axis when passing behind the “New York” elevators for the
second and third times. As shown by the green (dasheéj)
line representing the trajectory during these periods)dbp- :
closure detection results were not affected. The gure &giv During this second experiment, images were taken outdoor
an example of loop-closure detection with different camesgith a handheld camera while turning around the laborasory'
orientations between current and loop-closing images. Theilding (gure 9 gives examples of images from this se-
loop-closure detection shown in this gure correspondshi t quence).

Outdoor experiment
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Fig. 9. Examples of the images composing the outdoor sequeree. T
numbers in the circles help associating the images with thitigros labelled
in the gure 10.

The_ overall (_:amera trajec_tory followed durlng this e_Xpenlfig. 11. Robustness of the probabilistic framework to tramisidetection
ment is shown in gure 10 using the same style conventions @gors: although current image is partially occluded by peins, a correct
before. Here, we introduced red-green (circled-dashedsli loop-closure hy_pothesis is selected, but it is rejected Hey multiple view
to denote fast alternations of true positive and false megat9eCmetry algorithm.
detections that occur when people or cars are passing in

front of the camera, causing correct hypotheses to be egleCt ag in the indoor experiment, no false positive detections
because not enough point correspondences can be foundi9e made, whereas multiple true positives were found (see
sat!sfy the epipolar _geometry constraint. These events (B[Jre 12). Also, we can see from gure 10 that the rst
which one example is given in gure 11) demonstrate thg,, closure detections occur tardily when the camera is
robustness of the probabilistic framework to transieneclibn coming back to its starting position, revealing again the lo
errors: even though images are occluded by people or C3Sponsiveness of the probabilistic framework.

correct loop-closure hypotheses are selected (i.e. they aa

high a posteriori probability), but since the epipolar dosist

cannot be satis ed, they cannot be fully validated to be

accepted as true positive loop-closure detections.

Fig. 12. Example of a true positive loop-closure detectiontfe outdoor
image sequence. Again, we can observe that the likelihoad fiee SIFT
feature space is very high and discriminative.

Fig. 10. Overall camera trajectory for the outdoor image seceieTwo loops  C. In uence of the visual dictionaries

are done around the “Lip6” laboratory, starting near theright end of the . . . . .
building on the image (indicated by the square) and endintsdidttom-left In this section we will StUdy the in uence of the different

end. The path in front of the building (i.e. running parattethe river) is thus visual dictionaries used here (i.e. SIFT features and H his-
travelled three times. The style conventions for the trajgcare the same as tograms) for loop-closure detection. To this end, we tried t
in gure 4, with the introduction here of red-green (circlddshed) lines to . . .

denote fast alternations of true positive and false negaligtections. Red- perform loop-closure detection using only either SIFT deas .
green (circled-dashed) lines are painted over white regearto distinguish Or H histograms. Although those tests have been done using
them easily. See text for details about the trajectory. both image sequences, the indoor one produces more valuable

results since more loop-closures are done during the trvel
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the camera and because the indoor environment is much m@#=A", erroneous hypotheses that receive a high prokgbili

diversi ed. but that are rejected by the multiple-view geometry aldoni).
H histograms only carry colorimetric information, without
any shape nor structure information. Therefore, the corre- TABLE |
. . . . . . COLOR INFORMATION IMPROVEMENTS
sponding likelihood is always confused, and it will never be
very peaked over one particular hypothesis unless the -corre Sequence #img #L.C %TP #EA
sponding image contains speci ¢ colors that are seen n@®Vher |ngoor SIFT+ H 388 217 30 1
else. However, H histograms can help distinguishing sityila outd IndSoIt;rTSII;T 533818 320117 7618 0o
: . . . r +
structured environments that only differ in their colorsgle ““ c(’)outdoor SIFT 31 201 2o o

two corridors having the same dimensions but whose walls are
inted with different colors). When lone, H hi m . .
painted .t different colors) € us_,ed alone, stogra . _From table I, we can see that when adding color infor-
cannot trigger a loop-closure detection. But when used rlrr11ation the true positive rate is improved: this is notabl
combination with SIFT features, they enhance loop-closure ' : bo P ' . Y
C . ; remarkable in the indoor sequence where the increase in
detection, improving notably the overall responsivendsth®

o . 0
probabilistic framework. Indeed, as shown in gure 13, we Carecognmon performances is 12%. On the outdoor sequence

see that the posterior obtained when using both SIFT femtufl' the other hand, improvements are less signi cant. This

IS _due to the impressive reliability of the SIFT features in

and H histograms is higher than when using SIFT features
only. This is because H histograms' likelihood, although n(?mS sequence. Indeed, as SIFT features are robust to scale

Co : - variations in the images, the important depth of the outdoor
discriminative enough to trigger a loop-closure detectisra

higher around the loop-closing hypothesis, and so it reie} scenes enables long term recognition of these featureg alon

the votes from the SIFT feature space when updating thhee tr_ajectory of the camera. Hgnce, gddmg color inforamai
posterior In" this case does not dramatically improve the number of

correct loop-closure detections. We can also see in talblat! t
adding color information has the unwanted effect of prodgci
more false alarms: when using SIFT features only, no false
alarms were raised for the indoor image sequence, whereas
one was when combining them with H histograms (see section
V-A).

D. Performances

During the experiments, the dictionaries were built onlime
an incremental fashion from images of size 240x192 pixels,
enabling real-time performances with a Pentium Core2 Duo
2.33GHz laptop in both indoor and outdoor experiments.

Table Il gives the length of the different sequences tested
(with corresponding number of images), the CPU time needed
to process them, and the sizes of the different dictionaties
the end of the run (expressed in number of words). For both
sequences (i.e. indoor and outdoor), we give the perforegnc

Fig. 13. Loop-closure detection enhancement using colorsisaghe infor- obtained when SIFT features are used alone or in combination

mation in the indoor image sequence: when H histograms are ceshbn With H histograms.
SIFT features (left part), the a posteriori probability igtter than when using
SIFT features alone (right part). TABLE I

PERFORMANCES

Using SIFT features in conjunction with H histograms there-
fore enhances the responsiveness of the algorithm, making Sequence  Length  #img CPU__#SIFT _ #H hist
it able to detect loop-closures sooner, especially when the'”dool:]g(')gjglg 66";1228858 338888 21%53232 99220011 728%
camera is back to its starting position for the rst time: ;80  outdoor SIFT+ H  17m42s 531 10m16s 39175 18408
closures are detected 2 or 3 images before when both feature Outdoor SIFT ~ 17m42s 531 ~ 6m48s 39175 0
spaces are involved. Table | gives additional clues for this
improvement, with information about the loop-closure dete For the indoor experiment, images were grabbed at 1Hz:
tion performances for the indoor and outdoor image sequentlee camera was moved along medium sized corridors, with
when using SIFT features alone or in conjunction with lurved shape and suddenly appearing corners, motivateng th
histograms. Given are the number of images composing eativice for a reasonable framerate in order for consecutive
sequence (“#img”), the corresponding number of loop-alesu images to share some similarities. For the outdoor expetime
(“#LC", determined at hand from the camera trajectory), theowever, images were grabbed with a lower framerate (i.e.
rate of true positive detections (“%TP”, the percentage@opl 0.5Hz): outdoor images grabbed at distant time instanteesha
closures correctly detected), and the number of false alarsome similarities because of the high depth of outdoor scene
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From table Il, we logically observe that when using SIFThe detection level (i.e., the output level), when hypog#ises
features only, the CPU time needed to process a sequeace checked by the epipolar geometry algorithm. Still, the
is signi cantly lower than when H histograms are involvedevaluation of the distinctiveness of every word proposed in
too: the overall processing is abod0% faster in the rst [23] cannot be done incrementally because, to evaluateahe ¢
case. However, with both feature spaces enabled, real-tioeeurrences of the words, representative images of thesenti
processing is still achieved and, as mentioned before, thvironment have to be processed beforehand. In our method,
responsiveness of the probabilistic framework is enhancéhe distinctiveness of the words is taken into account uieg
without causing false positive detections to appear. Whenline calculated tf—idf coef cient: the words seen mukip
processing an image, the most time consuming step is feattinees in the same image will vote with a high score for this
extraction and matching with the words of the correspondingage (i.e. high tf), while the words seen in every image$ wil
dictionary. When trying to match a feature with the visudtave a small contribution (i.e. low idf).
words of the dictionary, the search is done with logarithmic The probabilistic framework presented here poorly handles
time complexity in the number of words due to the treghe management of loop-closure hypotheses. Indeed, a new en
structure of the dictionary [26]: real-time performancesild try is added to the posterior each time a new image is acquired
not have been obtained with linear-time complexity in th@hile the evaluation of the corresponding hypotheses (i.e.
number of words in view of the dictionary sizes involved herghecking if whether or not the newly acquired image closes th

For the outdoor experiment, the overall camera trajectoiyop with one of the past images) is done afterwards: in other
was about 1.3km and a bit less than 40000 words were creaj@stds, a new image is added to the model irrespectively of
(when considering the SIFT case only) from 531 images. tAe loop-closure detection results. In future work, a togaal
the results obtained by the authors of [23], the data cadiect map of the environment could be directly created by adding
for dictionary construction has been done over 30km, usirgly images that do not close a loop with already memorized
3000 images and generating approximately 35000 words.olies. These events would therefore represent positiortein t
is obvious that our model needs far more words than tke@vironment, linked by their proximity in time and spaceg an
solution proposed in [23], and the intuitive explanation afot only images linked sequentially in time. This would aloi
this is twofold. First, in our online dictionary construmti, the presence of multiple high peaks due to the co-existehice o
we cannot afford data rearranging, which would make jhultiple images taken from the same position (see gure 8).
possible to obtain a more compact representation. Secondiin future work, we will adapt our approach to a purely
in order for the ti-idf weighting used here to perform ef -yision-based SLAM system like [6] so as to reinitialize the
ciently, discriminative words are preferable in order te6® g AM algorithm when the camera position is lost or when
unambiguous hypotheses. As shown in [10], the size of theere is a need to self-localize in a map acquired beforehand
cluster representing the words has a direct in uence on theie metrical information about the camera’s pose comingfro
word's distinctiveness: a higher distinctiveness is aiedi 5| AM could help improving the de nition of a location's
with a smaller cluster size, i.e. a larger dictionary sizee T nejghhorhood, using spatial transitions between adjakent
parameters used here are found experimentally to perfoiin Weytions instead of time indexes. As mentioned above, this

on all the encountered environments. would make it possible to fuse images taken from close metric
locations to build a topological map of the environment.
V1. DISCUSSION ANDFUTURE WORK Finally, other feature spaces could be explored, implement

. . . . .ing for instance one of the visual descriptors tested in,[25]

The solution proposed in this paper is a completely in- . . - .
; . . whereas relative spatial positions between the visual svord

cremental and online vision-based method allowing loop- . )
L . could be used to improve matching. Loop-closure detection a

closure detection in real-time. The bag-of-words framéwor. ;
. different moments of the day should also be experienced, so

L : . %% to test the robustness of our solution to varying lighting
to manage multiple image representations, taking advantac%nditions

of information gathered from distinct heterogeneous featu

spaces. Moreover, building the dictionaries in an incretalen

fashion entails “learning” only that part of the environrhén

which the robot is operating, while bag-of-words methods ap VIl. CONCLUSION

plied to robotics usually use a static dictionary (e.g. [2P]],

[23]) learned beforehand from a training data set suppased t In this paper, we have presented a fast and incremental

be a good representation of the environment. The consequebag-of-words method for performing loop-closure detettio

is that our system is able to work indoor and outdoor withoin real-time, with no false positive detections on the atedli

hand-tuning the dictionary, and without prior information experimental results even under strong perceptual agjasin

the environment type. conditions. We demonstrated the quality of our approach wit
The results presented here show the robustness of oesults obtained in indoor and outdoor environments, riegch

solution to perceptual aliasing. However, the more complegal-time performances even in long image sequences. Our

probabilistic framework described in [23] handles it morapproach calls upon a Bayesian Itering framework with

properly, taking it into account at the word level (i.e., théikelihood computation in a simple voting scheme and should

input information level) while, in our case, it is managed die extended to SLAM reinitialization in a near future.



ANGELI et al: A FAST AND INCREMENTAL METHOD FOR LOOP-CLOSURE DETECTION USINBAGS OF VISUAL WORDS 11

The authors gratefully acknowledge the reviewers for their
useful comments on reviewing the paper.

(1]

(2]

(3]

(4]

(5]

(6]

(7]

(8]

(9]

[10]

(1]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

VIIl. ACKNOWLEDGMENTS

REFERENCES

D. Filliat and J.-A. Meyer, “Map-based navigation in mtebiobots - I. a

review of localisation strategiesJournal of Cognitive Systems Research[2g]

vol. 4, no. 4, pp. 243-282, 2003.

J.-A. Meyer and D. Filliat, “Map-based navigation in mibrobots -
Il. a review of map-learning and path-planing strategiegtrnal of
Cognitive Systems Researsiol. 4, no. 4, pp. 283-317, 2003.

H. Durrant-Whyte and T. Bailey, “Simultaneous localisatiand map-
ping (slam): Part i,’IEEE Robotics and Automation Magazinel. 13,
no. 1, pp. 99-110, 2006.

T. Bailey and H. Durrant-Whyte, “Simultaneous localisatiand map-
ping (slam): Part ii,"IEEE Robotics and Automation Magazjnel. 13,
no. 3, pp. 108-117, 2006.

A. Angeli, D. Filliat, S. Doncieux, and J.-A. Meyer, “2drsultaneous
localization and mapping for micro aerial vehicles,”Baropean Micro
Aerial Vehicles (EMAV)2006.

A. Davison, |. Reid, N. Molton, and O. Stasse, “MonoslameaR
time single camera slam/EEE Transactions on Pattern Analysis and
Machine Intelligencevol. 29, no. 6, pp. 1052-1067, June 2007.

T. Lemaire, C. Berger, 1.-K. Jung, and S. Lacroix, “Visibased slam:
Stereo and monocular approachdsfernational Journal of Computer
Vision, vol. 74, no. 3, pp. 343-364, February 2007.

M. E. Nilsback and A. Zisserman, “A visual vocabulary foower
classi cation,” in IEEE conference on Computer Vision and Pattern
Recognition 2006.

G. Csurka, C. Dance, L. Fan, J. Williamowski, and C. Brayistial cat-
egorization with bags of keypoints,” BCCV04 workshop on Statistical
Learning in Computer Visign2004, pp. 59-74.

D. Filliat, “A visual bag of words method for interactivgualitative lo-
calization and mapping,” iIlEEE International Conference on Robotics
and Automation2007.

D. Nistér, “An ef cient solution to the ve-point relative pose pbtem,”
IEEE Trans. Pattern Anal. Mach. Intellvol. 26, no. 6, pp. 756-777,
2004.

F. Dellaert, D. Fox, W. Burgard, and S. Thrun, “Montelodocalization
for mobile robots,” inl[EEE International Conference on Robotics and
Automation May 1999.

J. Wolf, W. Burgard, and H. Burkhardt, “Robust visioaded local-
ization by combining an image retrieval system with monte carlo
localization,” IEEE Transactions on Roboticsol. 21, no. 2, pp. 208—
216, 2005.

M. Montemerlo, S. Thrun, D. Koller, and B. Wegbreit, “E85AM 2.0:
An improved particle ltering algorithm for simultaneous klzation
and mapping that provably converges,’Rnoceedings of the Sixteenth
International Joint Conference on Atrti cial Intelligeno@JCAI). Aca-
pulco, Mexico: IJCAI, 2003.

M. Pupilli and A. Calway, “Real-time visual slam with iiéence to
erratic motion,” in IEEE Computer Vision and Pattern Recognition
2006.

L. Clemente, A. Davison, |. Reid, J. Neira, and J. Tard“Mapping
large loops with a single hand-held camera,Pimceedings of Robotics:
Science and Systep007.

B. Williams, P. Smith, and |. Reid, “Automatic relocaligat for a
single-camera simultaneous localisation and mapping systangEE
Iternational Conference on Robotics and Automation (IGRAP7.

J. Koseck, F. Li, and X. Yang, “Global localization and relative posi
tioning based on scale-invariant keypointRbbotics and Autonomous
Systemsvol. 52, pp. 209-228, 2005.

I. Ulrich and I. Nourbakhsh, “Appearance-based plageognition for
topological localization,” inEEE International Conference on Robotics
and Automation2000.

J. Wang, H. Zha, and R. Cipolla, “Coarse-to- ne visibased local-
ization by indexing scale-invariant featuredEEE Transactions on
Systems, Man, and Cybernetigsl. 36, no. 2, pp. 413-422, April 2006.
P. Newman, D. Cole, and K. Ho, “Outdoor slam using visysiearance
and laser ranging,” ifProceedings of the IEEE International Conference
on Robotics and Automation (ICRAJ006.

K. L. Ho and P. Newman, “Detecting loop closure with scese
quences,International Journal of Computer Visiowol. 74, no. 3, pp.
261-286, 2007.

[24]

(25]

(27]

(28]

[23] M. Cummins and P. Newman, “Probabilistic appearance based

gation and loop closing,” irProc. IEEE International Conference on
Robotics and Automation (ICRA'Q72007.

D. Lowe, “Distinctive image feature from scale-invariakeypoint,”
International Journal of Computer Visiowvol. 60, no. 2, pp. 91-110,
2004.

K. Mikolajczyk and C. Schmid, “A performance evaluatiofi local
descriptors,” ininternational Conference on Computer Vision & Pattern
Recognition vol. 2, June 2003, pp. 257-263.

D. Filliat, “Interactive learning of visual topologit navigation,” inTo
appear in the proceedings of the 2008 IEEE International fémmnce
on Intelligent Robots and Systems (IROS 20@8p8.

H. Ling and K. Okada, “Diffusion distance for histograzomparison,”
in IEEE Computer Society Conference on Computer Vision anttiPat
Recognition (CVPR)vol. 1, 2006, pp. 246—-253.

J. Sivic and A. Zisserman, “Video google: A text retribxgpproach
to object matching in videos,” iHEEE International Conference on
Computer Vision (ICCV)2003.

Adrien Angeli received in 2005 the Master's degree
in computer engineering from the Ecole Centrale
d'Electronique, Paris, France and the Master's de-
gree in articial intelligence from the Univerdgit
Pierre et Marie Curie, Paris, France. He is currently
a Ph.D. student with the UniversitPierre et Marie
Curie. His research interests include vision-based
localization and SLAM applications to robotics.

David Filliat graduated from the Ecole Polytech-
nique in 1997 and obtained a PhD in robotics from
Paris VI university in 2001. After 3 years of work
for the robotic programs in the French armament
procurement agency, he is now assistant professor at
Ecole Nationale Sugrieure de Technigues Avages.

His main research interest are perception, navigation
and learning in the frame of the developmental
approach to autonomous mobile robotics.

Stephane Doncieuxis Assistant Professor at Paris

6 University and is responsible for the SIMA (Inte-
grated, Mobile and Autonomous Systems) research
team of ISIR. He has been trained as an engineer and
holds a PhD in computer science. He works on the
autonomous design of control architectures thanks
to evolutionary algorithms and on adding decisional
autonomy to ying robots. He is also heading the
ROBUR project of ISIR, which aims at building an
autonomous apping-wing robot.

Jean-Arcady Meyer is Emeritus Research Director
at CNRS. He trained as an engineer, he graduated in
Human and Animal Psychology, and received a PhD
in Biology. He is the founder of the journal Adaptive
Behavior, a former Director of the International
Society for Adaptive Behavior and a current Director
of The International Society for Arti cial Life. His
primary scienti c interests are in adaptive behaviors
in natural and arti cial systems. He is the main
coordinator of the Psikharpax project.



