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Abstract—In the feature matching tasks which form an in-
tegral part of visual tracking or SLAM, there are invariably
priors available on the absolute and/or relative image locations
of features of interest. Usually, these priors are used post-hda
the process of resolving feature matches and obtaining final scen
estimates, via ‘first get candidate matches, then resolve’ conssus
algorithms such as RANSAC or JCBB. In this paper we show that .
the dramatically different approach of using priors dynamically % A

to guide a feature by feature matching search can achieve (a) Fast camera motion at 15Hz
global matching with much fewer image processing operations

and lower overall computational cost. Essentially, we put image Fig. 1. Active matching dramatically reduces image procesejpgyations
processinginto the loop of the search for global consensus. In while still achieving global matching consensus. Sequeeselts: superpo-
particular, our approach is able to cope with significant image sition of the green individual gating ellipses searched iideo to generate

ambiguity thanks to a dynamic mixture of Gaussians treatment. candidates for oqtlier rejection by JCBB and the y_el!owpsldis _s_e_arched for
In our fully Bayesian algorithm, the choice of the most efficient Our Active Matching [1] method. In these frames, joint compétjoneeded

search action at each step is guided mutvely and rigorously 1 S22 25 55 Tore nage en an e e 1 ) s
y e?(pectgd Shannon Infqrmatlon gain. We demorjstrate the whereas Active Matching only finds the yellow blobs.
algorithm in feature matching as part of a sequential SLAM
system for 3D camera tracking. Robust, real-time matching can
be achieved even in the previously unmanageable case of jerky,
rapid motion necessitating weak motion modelling. affect the regions within which it is likely that each of the
other features will lie. This is thanks to the same inter-
feature correlations of which standard consensus algosith
take advantage — but our algorithm’s dynamic updating of
It is well known that the key to obtaining correct featuréhese regions within the matching search itself means tat |
associations in potentially ambiguous matching (datac@aso probability parts of the image amever examined at all (see
tion) tasks is to search for a set of correspondences whi€igure 1), and the number of image processing operations
are in consensus: they are all consistent with a believablerequired to achieve global matching is reduced by a large
global hypothesis. The usual approach taken to search factor. Information theory intelligently guides the stepdiep
matching consensus is as follows: first candidate match@=arch process from one search region to the next and can
are generated, for instance by detecting all features ih baven indicate when matching should be terminated at a point
images and pairing features which are nearby in image spadadiminishing returns.
and have similar appearance. Then, incorrect ‘outlier'ames Davison [4] presented a theoretical analysis of infornmatio
are pruned by proposing and testing hypotheses of glolglin in sequential image search. However, Davison’s wotk ha
parameters which describe the world state of interest — ttiee serious limitation of representing the current estimait
3D position of an object or the camera itself, for instandee T the state of the search at all times with a single multi-varia
sampling and voting algorithm RANSAC [6] has been widelyzaussian distribution. This meant that while theoretjcatd
used to achieve this in geometrical vision problems. intuitively satisfying active search procedures were demo
The idea that inevitable outlier matches must be ‘rejectesffrated in simulated problems, the technique was not agipéc
from a large number of candidates achieved by some blanketreal image search because of the lack of ability to deal
initial image processing is deeply entrenched in computetith discrete multiple hypotheses which arise due to mathi
vision and robotics. The approach of oactive matching ambiguity — only simulation results were given. Here we
paradigm is very different — to cut outliers out at sourcase a dynamic mixture of Gaussians (MOG) representation
wherever possible by searching only the parts of the imagdich grows as necessary to represent the discrete multiple
where true positive matches are most probable. Insteadhypotheses arising during active search. We show that this
searching for all features and then resolving, featurecbear representation can now be applied to achieve highly efficien
occur one by one. The results of each search, via an exhaustimage search in real, ambiguous tracking problems.
but concentrated template checking scan within a region,Matching constraints are obtained by projecting an ungerta

(b) Slow camera motion at 15Hz

I. INTRODUCTION



world state into a new image, the general result being /& individual Gaussians each with weight:

joint prior probability distribution over the image loocatis K K

of fe_atures. These uncertain featL_pee_dlctlt_)ns will ofte_n p(x) = Z p(x;) = Z pWerl A3)
be highly correlated. When probabilistic priors are avddab Py Py

the unsatisfying random sampling and preset thresholds af

f .
RANSAC have been improved on by probabilistic methoaé ere we have now used the further notational shorthand

such as the Joint Compatibility Branch and Bound (JCBEBJ ' _ G(Xmi.’mei.)' Ea.lCh Gaussian dl_strlbutlon must hav_e
. : : .~ The same dimensionality and the weights must normalise
algorithm [10] which matches features via a deterministic~x . .
. , , . .—1 A; = 1 for this to be a valid PDF.
interpretation tree [8] and has been applied to matching - .
. - . > The current MOG search state model forms the prior for
visual SLAM [2]. JCBB takes account of a joint Gaussian prior . . . ; L
" S - a step of active matching. This prior, and the likelihood
on feature positions and calculates the joint probabilitst t . R ] . .
: : . and posterior distributions to be explained in the follogvin
any particular hypothesized set of correspondences ig@orr . : . . .
. : sections, are shown in symbolic 1D form in Section II-D.
Our algorithm aims to perform at least as well as JCBB in
determining global consensus while searching much smaller _
regions of an image. It has the additional advantage ov@r The Algorithm
JCBB of taking full account of probabilistic prior informah The MoG active matching process is initialized with a joint
which may be available on per-feature statistics such @& faGaussian prior over the features’ locations in measurement
positive and false negative probabilities. These play & ipar space (e.g. prediction after application of motion model).
guiding search and are accounted for in the final probalilisHence, at start-up the mixture consists of a single multar
evaluation of hypotheses. Gaussian. The process of selecting ff@®aussian, Featufe
In this paper we introduce the active matching algorithnipeasurement pair to measure in the next matching step
to be motivated more fully in upcoming publication [1], andnvolves assessing the amount of information gain that each
place emphasis on a clear statement of the algorithm agwhdidate pair is expected to provide. This is explained in
experimentation in a number of different feature matchingetail in Section IIl.

situations.

ACTIVEMATCHING(Gy)

II. ACTIVE MATCHING

In real image search problems no match (or failed matcﬁ)
can be fully trusted: true matches are sometimes missesk(f
negatives), and clutter similar in appearance to the featfir
interest can lead to false positives. Modelling the proitiatit 4 Matches = measu@_,, Gy)

‘search state’ as a mixture of Gaussians, we wish to retaﬁn UPDATEM'X_T,URE(M'Xtur_e’ b, TP’ Matches)

the feature-by-feature quality of active search [4]. ouwne® prune|n3|gmﬁcgntgaussmn@/llxturg) )
MoG representation allows dynamic, online updating of th% [fP'G,'P' max-gain = maxgain candidate(Mixture)
multi-peaked PDF over feature locations which represdmds t end Wh"? ) )

multiple hypotheses which arise during as features arehaetc 8  Gues: = find-mostprobablegaussiatMixture)
ambiguously. 9 returmn Goest

Our active matching algorithm searches for global corre=

sponde'r.\cg in a series OT ;Feps which graduglly refine theFor every template match yielding by the search of the
prok_)gb|l|st|c search state |n_|t|ally set as the prior ontdea selected{Gaussian, Featufemeasurement pair a new Gaus-

positions. Each step C.OUS'StS of a search f(_)r a temp_lggsn is spawned with mean and covariance conditioned on
match to one feature within a certain boundeq image regiqp, hypothesis of that match being a true positive — this
followed by an update of the search state which depends\;aI be a more peaked than its parent. In both cases of

the search outcome. After marny weII-cho.sen st.eps the S€alfther a successful or null template search the weightsef th
state collapses to a highly peaked posterior estimate ajemaexisting Gaussians are redistributed to reflect the cuivier®

feature locations — and matching is finished. search state. The full description of the update step after a
_ . measurement is detailed in the rest of this section.
A. Search Sate Mixture of Gaussians Model Finally, very weak Gaussians (with weight 0.001) are

A single multi-variate Gaussian probability distributiover pruned from the mixture after each search step. This avoids
the vectorx,, which stacks the object state and candidaignerwise rapid growth in the number of Gaussians such

measurements, is parameterised by a ‘mean vekigrand its that i tical f than 10 G : Jive' at
full covariance matri®y_, . We use the shorthar@(x;,,, P, ) atIn praclical cases Tewer than aussians are ive a
to represent the explicit normalised PDF: "~ any point, and most of the time much fewer than this. This

— G(x P 1 pruning is the better, fully probabilistic equivalent ineth
p(xm) = (Xm’D xm) oL @ gynamic MOG scheme of lopping off branches in an explicit
= (21)7 7 |Px,, | Ze 20 TEm) P G =Em) 9y interpretation tree search such as JCBB [10].

During active matching, we now represent the PDF ovgr
with a multi-variate MOG distribution formed by the sum of

Mixture = [1, Go)
[f,.G,, max-gain = maxgaincandidate(Mixture)
3 while (notyetmeasureff,, G,) & max-gain> I,,,;)

UPDATEM IXTURE(Mixture; g, i, f, Matches. )




Propagate the result of measuring f in G; in the Mixture true negativesugyt represents the probability of/ false

1 [\, G;] = Mixture[i] positives andV — M true negatives. They,aich Weight of
2 fork=1:K a Gaussian hypothesis of a true match represents one true
3 if & =i then positive, M — 1 false positives andV — M true negatives.
4 form=1:M
5 G,, = fusematchG;, Matchesfn]) D. Posterior: Updating After a Measurement
6 Am = Aixscalingfactor(G.,, G;, Matchesfn], f) The standard application of Bayes' Rule to obtain the
7 Mixture[i] = [Am, Gl posterior distribution fox given the new measurement is:
end for
8 A; = \;xscalingfactor(G;, G;, Matches, f) p(x|z.) = w . (8)
9 Mixture[] = [\;, Gi] p(zc)
else Substituting MOG models from Equations 3 and 4:
10 A = A\ xscalingfactor(Gy, G;, Matches, f) M K
11 Mixturek] = [Ax, G] (MinTin + poutTout+ NmatchHm> <Z )‘iGi>
end if p(x|ze) = m=1 =1 .
12 end for plze) ©)
13 normalizeweights(Mixture) The denominatop(z.) is a constant determined by normal-
14 return ising all new weights\; to add up to one). In the illustration

below illustrating the formation of a posterior, we show an
example of M = 1 match. This posterior will then become
the prior for the next active matching step.

Note: scalingfactor(Gg, G;, Matches, f)returns the factor by
which the weight of G, should be scaled given that feature f
has been measured in G; to produce the template matches in

Matches.This result obeys the top line of Equation 9. 8
. . . H >< Likelihood
C. Likelihood Function b 1
One step of active matching which takes place by searching S = posterr
the region defined by the high-probabilityr 3xtent of one = =
of the Gaussians in the measurement space of the selected Searched Region.

feature. If we find M candidate template matches and no ; -
o In the top line of Equation 9, the product of the two
match elsewhere,. = {z;...zyz, .} then the likelihood P d P

. . rest) ) MOG sums will lead toK scaled versions of all the original
p(z.|x) of this result is modelled as a mixturé/ Gaussians ga

. X _ ussians and/ K terms which are the products of two
H,, representing the hypotheses that each candidate is P

h (th G d ¢ . thaving the width ssians. However, we make the approximation that dhly
true match (these Gaussians, functions:ofhaving the width ¢ 050 1/ /¢ Gaussian product terms are significant: those

of the me_asurement uncertairy), and tW_O constant .termsinvolving the prior Gaussian currently being measured. We
representing the hypotheses that the candidates are aispu assume that since the other Gaussians in the prior digtibut

false Eozltlve_s a.nd the true maich lies eitiveror out of the are either widely separated or have very different weights,
searched region the resulting products will be negligible. Therefore thare

M only M new Gaussians added to the mixture: generally highly-
p(z¢|x) = pinTin + routTout + Z Pmatcim - (4)  weighted, spiked Gaussians corresponding to new matches in
m=1 the searched region. These are considered tatitdren’ of
If N is the total number of pixels in the search region, théfie searched parent Gaussian. An important point to note is
the constants in this expression have the form: that if multiple matches in a search region lead to sevenal ne

child Gaussians being added, one corresponding to a match
close to the centre of the search region will correctly have a

N—(M
tin = Pay PmPin () (5) higher weight than others, having been formed by the product
tout = Pf]gPtJYfM (6) of a prior and a measurement Gaussian with nearby means.
_ _ All other existing Gaussians get updated posterior weights
tmatch = PwPh 'PhM, (7) g get up P 9

by multiplication with the constant terms. Note that thelnul
where Py, Py Pin, Pra are true positive, false positive,information of making a search where no template match is

true negative and false negative probabilities respdytiie  found is fully accounted for in our framework — in this case

the featureTj,, andTqyt are top-hat functions with value onewe will have M/ = 0 and no new Gaussians will be generated,

inside and outside of the searched Gaus#kp respectively but the weight of the searched Gaussian will diminish.

and zero elsewhere, since the probability of a null search

depends on whether the feature is really within the search IIl. M EASUREMENT SELECTION

region or not. Given that there can only be one true match.

in the searched regiom,, represents the probability that we We assume that the input prior at the start of the search

record M false positives, one false negative aNd- (M +1) process is well-represented by a single Gaussian and theref



A1 = 1. As active search progresses and there is a need td) Mutual Information: Discrete Component: Considering
propagate multiple hypotheses, this and subsequent Gasssihe effect of a candidate measurement purely in terms of the
will divide as necessary, so that at a general instant thdre vehange in the weights of the Gaussians in the mixture, we
be K Gaussians with normalised weights. calculate the mutual information that is predicted to pdevi

by
A. Search Candidates I(x;z) = H(x) — H(x|z). (12)

At each step of the MOG active matching process, we Usgiven that the search outcome can have two possible states
the mixturep(x,,) to predict individual feature measurementsnull or match-search), then:

and there are{}" possible actions, wheré' is 'the number Igiscrete= H(x) — P@=nul) H(x|lz=nul) (13)
of measurable features. We rule out afaussian, Featufe ~ P(z = match H(x|z = match . (14)
combinations where we have already made a search. Also ’
ruled out are ‘child’ Gaussians for a certain feature whieh | Where

completely within an already searched ellipse. For exaiple K 1
we have measured root Gaussi@n at featurel, leading to H(x) = ZA log, X (15)
the spawning ofG, which we search at featurgto spawn l;
G3, then the candidates marked with Would be ruled out H(x|z=null) = Z)\; log, l/ (16)
from selection: ~ Aj
K+1
F, F» Fs Fy Fs5 Fo H(x|lz=match = > A/log, % . 17)
Gy i=1 X
(10)
Go
Gs * % The predicted weights after a null or a match search are

. ] . calculated as in Equation 9 with the only difference that the
All of the remaining candidates are evaluated in terms §felihood of a match-search is summed over all positions in

mutual information with the state or other candidate me&sukne search-region that can possibly yield a match.

ments, and then selected based on an information efficiencypy Mmutual Information: Continuous Component: Davison

score [4] which is this mutual information divided by theaare[4]’ building on early work by others such as Manyika [9],

of the search region, assumed proportional to search cost.explained clearly that the Mutual Information (MI) between
a candidate and the scene state is the essential probabilist

B. Mutual Information for a Mixture of Gaussians Distriby- Measure of measurement value. With his single Gaussian

tion formulation, has shown that the mutual information in bits

. , between any two partitions and § of x,,, can be calculated
In order to assess the amount of information that ea%cording to this formula:

candidate{Feature, Gaussidarmeasurement pair can provide,
we predict the post-search mixture of Gaussians depending o I(a; §) = llogg Paal ’ (18)
the possible outcome of the measurement: (1jiull search, 2 |Poa — PQQP@%P[M

where no template match is found above a threshold. Tlﬂﬁﬁerepw, P, Pss and Py, are sub-blocks o . This

effect is only to ch?nge.the weights of the current Gaussiapgresentation however can be computationally expensive a
in the mixture into);. (2): A template match causing a new i inolves matrix inversion and multiplication so expiaij

Gaussian to be spawned with reduced width as well as igs hroperties of mutual information we can reformulatesint
distributing the weights of the all Gaussians of the new omixt

to A. I(o; ) = H(a)— H(c|p) (19)
In a well-justified assumption of ‘weakly-interacting Gaus = H(a)+ H(B) — H(a, B) (20)

sians’ which are either well-separated or have dramayicall 1 Poal|Pasl

different weights, we separate the information impact ahea = glog e | (21)

candidate measurement into two componentsl{g} eteCap-
tures the effect of the redistribution of weights depending
the search outcome and (B)ontinuousdives a measure of the
reduction in the uncertainty in the system on a match-search 1 1 [Paal|Pss]

I ) : Teonti = —P(z = match A}, log, ————— 22
Due to the intuitive absolute nature of mutual information, —~continuoUs™ 5 (=2 N Am log, Py, | (22)

these terms are additive: This captures the information gain associated with thenghri
age of the measured Gaussiax{,(is the predicted weight

of the new Gaussian evolving) thanks to the positive match:
One of other of these terms will dominate at different stagésthe new Gaussian has half the determinant of the old one,
of the matching process, depending on whether the key uhat is one bit of information gain. This was the only Ml
certainty is due to discrete ambiguity or continuous aaoyraterm considered in [4] but is now scaled and combined with
It is highly appealing that this behaviour arises autonadliic discrete component arising due to the expected change in the
thanks to the MI formulation. \; distribution.

Therefore we us@,, = P
the Continuous MI by

andPgg =P to compute

ZT#4 ZT—=;

I' = Ijiscrete™ Lcontinuous (11)



IV. RESULTS

We present results on the application of the algorithm
to feature matching for several different situations withi
the publically available MonoSLAM system [5] for real-time
probabilistic structure and motion estimation — duringmat
tracking over long sequences, for high frame-rate trackimdj
during modest loop closure within single-map SLAM.

MonoSLAM, which is well known for its computational
efficiency thanks to simple predictive search, uses an Eeign
Kalman Filter to estimate the joint distribution over the 3D
location of a calibrated camera and a sparse set of poin
features — here we use it to track the motion of a hand-4
held camera in an office scene with image capture normally ag®
30Hz. At each image of the real-time sequence, MonoSLAM
applies a probabilistic motion model to the accurate paster
estimate of the previous frame, adding uncertainty to the
game_ra part of the _StéltE distribution. In--Ste-mdard _co_nﬁgurE} 2. Resolving ambiguity in MonoSLAM using active matchit®jartin
tion _It then makes independent probabilistic pr_edlctlorﬁs ﬁogm ta) showingg singleg Ggussia@o set to thegimage prior at the s?art
the image location of each of the features of interest, agflmatching, red ellipses represent the most probable Gausgiaeach
each feature is independently searched for by an exhaustig® and the arrows denote tl{§e_a§ure.Gaussiancombination selected
template matching search within the ellipse defined by aethr&&iﬁj“t:z(')“igbvgggﬁgsgﬁsMéV%szei?]C}’ﬁie?st‘rﬂ;Igrey('j‘;'isndeTgr‘:;?
standard deviation gate. The top-scoring template matchbigck). Successful measurement of Feature Ginlowers the weight oG
taken as correct if its normalised SSD score passes a thgesh®-00013) so in (c) it gets pruned from the mixture. Despite the unsisfoes
Atlow levels of motion model uncertainty, mismatches via th 3mzisdurf,mtflgtr§fig eoeﬁf;reozgnééﬁzg{aiufgffsif]f”t'h??;‘:l:‘fgjevcittswo\g:me;f“res
method are relatively rare, but in advanced applicationh®f search-regions for all yet-unmeasured features.
algorithm [2, 11] it has been observed that Joint Compitibil
testing finds a significant number of matching errors and
greatly improves performance.

Our active matching algorithm simply takes as input frofferms of accuracy, active matching was found to determine
MonoSLAM the predicted stacked measurement veetpr the same set of feature associations as JCBB on all frames of
and innovation covariance matrig and returns a list of the sequences.
globally matched feature locations. We have implemented aThe key difference was in the computational requirements
straightforward feature statistics capability within MLAM  of the algorithms, as shown below:
to sequentially record the average number of locations in

(c) Measure F7

. o One tracking step | Matching only | No. pixels searched | Max no. live
an image similar to each of the mapped features, counting Gaussians
successful and failed match attempts in the feature’s ti.. Fast Sequence at 30Hz (752 frames)

. o . ; JCBB 56.8m.s 51.2ms 40341
location. This is used to assess false positive and falsatineg | active Matching 21.6ms ‘ 16.1ms ‘ 5039 ‘ 7
ot H Fast Sequence at 15Hz (376 frames)
rates fc_)r each feature: More sqph|st|catgd online methods | .- 102 6ms ‘ on ‘ Thos ‘
assessing feature statistics during mapping have receedy | Active Matching 38.1ms 30.4ms 9508 10
published [3] and it would be intriguing to incorporate a bay s YRR e e
of words feature model with active matching. Active Matching 19.5ms ‘ 16.1ms ‘ 3124 ‘ 5
Slow Sequence at 15Hz (296 frames)
JCBB 59.4ms 52.4ms 40548
Active Matching 22.0ms 15.6ms 5212 6

A. Sequence Results

Two different hand-held camera motions were used toThe key result here is the ability of active matching to
capture image sequences at 30Hz: one with a standard levetgpe efficiently with global consensus matching at reaktim
dynamics slightly faster than of in the results of [5], andkonspeeds (looking at the ‘One tracking step’ total processing
with much faster, jerky motion. MonoSLAM'’s motion modeltime column in the table) even for the very jerky camera
parameters were tuned such that prediction search regiomstion which is beyond the real-time capability of the stan-
were wide enough that features did not ‘jump out’ at angard ‘search all ellipses and resolve with JCBB’ approach
point — necessitating a large process noise covariance amaose processing times exceed real-time constraints. This
very large search regions for the fast sequence. Two ma@mputational gain is due to the large reductions in the
sequences were generated by subsampling each of the 3@marage number of template matching operations per frame
sequences by a factor of two. These four sequences werecallried out during feature search, as highlighted in the. ‘No
processed using active matching and also the combinationpafels searched’ column — Global consensus matching has
full searches of all ellipses standard in MonoSLAM with JCBBeen achieved by analysing around one eighth of the image
to prune outliers. Figure 2 shows an example of the sequent@ations needed by standard techniques. (JCBB itseléngiv
resolution of ambiguity carried out by active matching. Imatch candidates, runs typically in 1ms per frame.) This is



same reason. Information efficiency directs active matghin
measure the young features first, but measuring the featfires
the young group has a negligible effect on the search regions
of the other group (red ellipses for featuré¥), ..., F'5 are
only marginally smaller than the black ones). Measuringnthe
one of the old landmarks involves searching a large image
region and we therefore encounter more than one template
(a) Frame 10 (b) Map at Frame 10 match candidates. This is where the multiple hypothesisspow

- of active matching comes in to resolve this ambiguity by
cross-checking for consensus in the rest of the features of
the old group. This happens naturally through active matghi
and the search regions of the unmeasured features reduce
in size as more matches are found. As a result, a globally
consisted data association scenario is found and looprelosu
is propagated correctly into the map. The number of image

st processing operations needed to establish global corsemsu
(c) Frame 474:search-step 4 (d) Map at Frame 474 this frame is 37% of the number needed to search all of the

7 large ellipses and resolve via JCBB.

For this loop closure example, note that the measurement
of old features was deliberately delayed until there were at
least4 such features present in the image. This is necessary
at this stage, because in the case where there were only one
loop-closing feature present it would be virtually unctated
with the rest of the features, and any match encountered

: would be jointly compatible with the rest (meaning that heit
() Frame 474: complete (f) Map at Frame 475 active matching nor JCBB would be able to resolve whether
Fig. 3. Loop Closing using Active Matching. The measuremenagéd the single loop-closing feature was correctly matched). In
features has been delayed until at least 4 of them can beleviaibthe the future, we hope to attack this delay in loop closing via

same frame. (a) shows a frame where the first features in the mapblean inati ; ; ;
initialized, and (b) shows the state of the map at that instarsversing a an extended application of active matching. The algorithm

loop-like trajectory, the camera returns at a previousljtaisscene at (c) and should rgporF the ambigUity of t_he search fqr consensus in
(d) where feature§ F'0, ..., F5} are predicted to be visible with the relevantsuch a situation by terminating with multiple highly-wetgt

uncertainties projected as 2D ellipses in (c). Active matghattempts to ; ;
localize the most certain features first, and then goes on tesune&0 in the Gaussian hypOtheseS' It should be pOSSIble to propagaie the

highlighted ellipse in (c), yielding 4 matches for that featuThe ambiguity Multiple hypotheses through time until they can be fully
is then resolved by checking for consensus in the rest of ¢htufes, and resolved when further ‘old’ features come back into the field
rejecting all false positives to complete the matching in (8).shows the of view

map after propagating the loop-closure feature assocmtiorcorrect both '

the estimated camera trajectory and reduce the uncertairibeimap.

C. Usein High Frame-Rate Tracking

Another experiment investigated the operation of active

lllustrated dramatically in Figure 1, yvhere the regions laefs matching at the other end of the range of possible input grior
actually searched by the two techniques are overlaid Ondsa”?—lere we used a high frame rate camera to grab images at and

from two of the sequences. run MonoSLAM 200Hz as in [7]. The high frequency of the
) . . ) incoming frames here means that the predictions of the fieatu
B. Loop Closing using Active Matching locations can be very accurate (less than 100 pixels squared

To investigate the use of active matching in a situation with image area typically). Tracking at high frame rates is an
even weaker prior, we present results of modest loop closiingeresting prospect because it can proceed as frequeali, sm
within a single EKF MonoSLAM map. In Figure 3, (a) and (b)corrections to the predictions of an increasingly usefutiom
show features detected at the beginning of a sequence wharglel. The gains in information to be made per image are
a camera makes a small loop around an office scene. In $o)aller, but when the image measurement process is active in
and (d) we see these features again at the end of the lopgture it should also be possible to make it computationally
just before and just after loop-closing. Note the large cearcheap.
ellipses for the group of long-since observed ‘old’ feasuire With the small search regions at 200Hz, there is little am-
(c), which are seen alongside a group of recently-initalis biguity involved within the matching process for each frame
‘young'’ features in the left of the frame. Also, the small search regions are not as highly correlated

In the search prior for the frame shown in (c), there is higtelative to their sizes as at lower frame-rates: each measur
correlation within each of the two groups (because they hameent of a feature does not reduce the size of the already
mostly co-occured in the frames when they were measuresipall other feature search ellipses much. For this reason
but very weak correlation between the two groups for théere is only a small reduction in the total number of image
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Fig. 4. Active matching algorithm applied to feature seamhigh frame
rate 3D tracking. (a) A typical frame of the sequence dematsgréhe high
accuracy of features’ location predictions in the image.afid (c) Evolution
of the maximal Ml and Ml efficiency scores through the searelpsbf active
matching within a typical frame. The MI-continuous scoresdominating the
behavior of the MI-scores while the MI-discrete part has gligible effect,
which is a proof of mainly unambiguous scenario. Thereforeh botal Ml

and Ml efficiency values tail off smoothly.
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Fig. 5. The decay of Ml-efficiency scores with the number offsxsearched
for 30Hz (blue rhombs) and 200Hz (yellow triangles) trackiige mutual
information scores for high frame rate tracking at the begigrof matching
within a frame is much lower and approaches negligible valueshnaarlier
(in terms of pixels searched) than in 30Hz tracking. This is thuthe fact that
tracking at such a high frame rate the uncertainty in the systegenerally
small, therefore localizing the first feature (less than 10&lp searched)
makes the uncertainty shrink to almost measurement error. Ostliee hand,
tracking at 30Hz, the search regions of features are biggdrvee need
to localize 3-4 features before reducing the uncertaintghim system to a
negligible value. The Ml-efficiency score spikes are dueh® ambiguities
arising during matching to send search in a different dioectiSuch spikes
are very rare in 200Hz tracking as generally there is not muobiguity

involved there.

processing operations when active matching is compardd wit
independent searches of all feature ellipses and resolut#
JCBB.

However, the active approach can make gains in a different
way, by intelligently determining when in fact it is posstib
terminate the matching process early and not measure all of
the feature candidates available. A criterion can be sefring
of predicted information gain to determine when it is simply
not worth measuring the other features since their location
can already be accurately predicted. We might imagine this
criterion ultimately telling us that at super high fram¢esa
such as 1000Hz+ it is not worth measuring any features at
all on some of the frames, effectively determining an optima
frame-rate for tracking motion of a certain level of dynasic

Figure 4 demonstrates the behaviour of the mutual infor-
mation and information efficiency scores per feature seatch
during 200Hz active matching, and Figure 5 is an experintenta
comparison of the information efficiency per pixel searched
30Hz and 200Hz. It can be seen that the search process can
be rigorously cut off at at much earlier point at the higher
frame-rate to achieve the same level of tracking accuracy.

V. CONCLUSIONS

We have shown that a mixture of Gaussians formulation
allows global consensus feature matching to proceed inha ful
sequential, Bayesian algorithm which we call active maighi
Information theory plays a key role in guiding highly effiote
image search and we can achieve large factors in the reductio
of image processing operations.

We plan to experiment with this algorithm in a range
of different scenarios to gauge the effectiveness of active
search at different frame-rates, resolutions, featuresities
and tracking dynamics. While our initial instinct was that
the algorithm would be most powerful in matching problems
with strong priors such as high frame-rate tracking due o th
advantage it can take of good predictions, our experiments
with lower frame-rates indicate its potential also in other
problems such as recognition. There priors on absolutereat
locations will be weak but priors on relative locations méy s
be strong.
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