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Abstract

In this paper, we present a new algorithm for
boosting visual template recall performance
through a process of visuakpectation Visual
expectation dynamically modifies the recognition
thresholds of learnt visual templates based on
recently matched templates, improving the recall
of sequences of familiar places while keeping
precision high, without any feedback from a
mapping backend. We demonstrate the
performance benefits of visual expectation using
two 17 kilometer datasets gathered in an outdoor
environment at two times separated by three
weeks. The visual expectation algorithm provides
up to a 100% improvement in recall. We also
combine the visual expectation algorithm with the
RatSLAM SLAM system and show how the
algorithm enables successful mapping.

1 Introduction

Recently there has been an influx of state of theisual
SLAM systems that can create accurate maps of large
environments in an online manner. The attraction of
onboard visual sensors is of course their applicgbn
environments where GPS does not work, such as irafoo
cluttered outdoor environments, as well as not imgetb
modify the environment by adding beacons or externa
camera systems. Furthermore, cameras have several
attractive properties when compared with range @sns
such as lasers; they can be very light, cheapmisienal
power and are passive sensors. The majority ofalisu
SLAM systems developed thus far have been baseddro
high quality stereo [1] or panoramic visual serdata [2],
although some researchers have focused on singleraa
systems [3, 4}.

In this paper, we focus on the other end of thaalis
sensor spectrum, by attempting to perform SLAM gsin
1000 pixel images and approximate self-motion
information. Our appearance-based approach isdetkn
for application in environments where robots tewd t
follow somewhat repeatable paths, such as indoor
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behaviour-based robots [5, 6] or perhaps in future
applications on road-based vehicles [7]. We preaergw
visual expectation algorithm that enables recalhtoease
significantly without sacrificing precision, espaity as
the sensory data becomes more challenging. Usiad. &
kilometre long datasets gathered three weeks apad
suburban road network, we show that when combirigd w
a lightweight visual odometry and visual templatstem,
the expectation algorithm enables precise recgilades.
We then combine the output of the visual expeatatio
algorithm with the RatSLAM system to demonstrate
successful mapping of the two datasets.

The paper proceeds as follows. In Section 2 wdlrie
review recent approaches to performing visual SLAM
using stand alone cameras or robots. Section ddesa
short overview of the RatSLAM SLAM system, which we
use as the mapping backend to create the mapstedse
this paper. The visual odometry, template, and etgpien
algorithms are described in Section 4. Sectiondvigdes
details on the experimental setup, including
environment and dataset acquisition process. Itid3e6
we present performance results identifying the obffef
visual expectation on a single dataset and comhiataket
consisting of two datasets obtained three weekst.apa
Finally the paper concludes in Section 7 with déston of
the results and the identification of areas foufetwork.

2 Visual SLAM

The visual SLAM field is a highly active one in hot
robotics and computer vision, and there are a nurobe
significant streams of investigation currently lgin
pursued. Here we briefly mention some of the more
seminal recent results in the field.

The FrameSLAM system uses bundle adjustment
techniques to match visual frames based on poattifes
in each frame, and stores information on the nedgtioses
of frames [1]. It has been demonstrated mappinda 1
kilometer outdoor dataset in real-time. On a smaltale,
Davison [3] has achieved robust real-time SLAM gsam
Extended Kalman Filter based on real-time structram
motion. The MonoSLAM system with extensions hasbee
applied in indoor and outdoor environments of u2%5@
metres in length [8]. In work at Oxford on the FABAP
system, reliable online appearance-based mappirg wa
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achieved over a 1000 km car journey on roads Usigig
resolution panoramic images. Most recently, a 142
kilometre journey through Southern England was redpp
into a relative map in an online manner using stefata
and bundle adjustment [9].

Lastly, we describe our research in brain-based and
probabilistic visual SLAM. In past work we have geated
the RatSLAM visual SLAM system, which is based loa t
neural processes underlying navigation in the rotdeain.
RatSLAM has been demonstrated in a number of visual
SLAM experiments [5, 7, 10]. The first was the miagof
a 66 kilometer journey through a suburban road agw
using only a single web camera as sensory inpus Th
system used image intensity profiles as the prirmgyt to
the localization system, similar to those used UG
RALPH visual steering system [11]. The second wé8 a
km long indoor delivery robot experiment, in whizhobot
performed SLAM and navigated to goal locations
simultaneously at all times of the day over a pknbtwo
weeks. In this experiment, low resolution panoramic
images were matched using a sum of absolute diffese
pixel matcher. Although RatSLAM is not the focustlafs
paper, we use it as a means of generating spadias mnd
hence provide a brief overview in the following te.

Most recently, we have combined FAB-MAP and
RatSLAM to demonstrate the potential for SLAM
performance over multiple times of day [12]. Inttieork,
we used images of sufficient resolution (640 x pB@Is)
for the FAB-MAP algorithm and underlying SURF
features to be atractable approach. In this payeuse the
same datasets but focus on the problem of perfgrmin
scene recognition with low resolution images (1000
pixels), which is outside the normal operating et
classical feature-based techniques such as SIFBARdF.
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3 RatSLAM

The RatSLAM system consists of two major components
a continuous attractor neural network know as fhee
cells, and a graphical map known as theerience map
The system requires two streams of sensory inpae-
which provides self-motion information, and one e¥hi
provides some form of place recognition. In thistesm we
briefly describe each of the RatSLAM components as
implemented in this paper. More detailed descriiof

the RatSLAM system can be found in [7, 13].

3.1 Continuous Attractor Network

At the core of the RatSLAM system is a continuous
attractor neural network of cells known as fiese cell
network (Fig. 1). The pose cell network is struetlias a
3D lattice grid of cell units, as shown in Fig.Proximal
cells are connected by both an excitatory and itdrjp3D
Gaussian distribution of weighted connections, Wwhic
wrap across all three boundaries of the network. An
iteration of the network’s internal dynamics cotsisf
local cell excitation and inhibition, followed bylotpal
inhibition and normalization of unit levels overtlentire
network.

3.2 Path Integration

Path integration is achieved by displacing the emntrr
activity state of the network by an amount promordil to

the robot’s translational displacement, in a dimtt
corresponding to the angular orientation encodeddnh

cell. Because cells encode different robot oriéonat a
forward movement of the robot will result in celhiu

activity propagating in different directions in ti¢e, y')

plane of the pose cell network.

Expected pose A' of experience
A relative to experience D,
A based on dead reckoning

-~

| trajectory between
I experiences

x Experience Map Space

Figure 1 — The RatSLAM pose cell network and exgee map. Self-motion and visual data drive agtiwitthe pose cell
network, which in turn drives the creation of nodesl links in the experience map.



3.3 Local View Cdlls

The local view cells are an array of rate-codedsuttiat
pass information between the visual processingsysind
the pose cell network and experience map. As atrobo
explores an environment, each local view cell iscated

to a distinct visual scene in the environment. Whten
robot again sees that visual scene, or one sitalér the
local view cell is activated. In the simplified &AM
implementation described in this paper, only onealo
view cell can be active at any one time, and allsce
activity levels are binary on-off.

3.4 Experience Map

The experience map is a graphical map containing
experience nodes, representing distinct placeshim t
environment, and links between experiences, reptiegse
the movement transition between places (Fig. 1khEa
experience node is associated with the state eddodbe
pose cells and local view cells when it was creahéziv
experience nodes are created when the pose celbeald
view cell state does not match, within a threshibid,state
encoded by any existing experiences. The experience
nodes are themselves arranged in a Cartesian plati¢he
map is continually adjusted through a process aplgr
relaxation.

4 Visual Algorithms

In this section we describe the visual odometrgual
template and visual expectation algorithms.

4.1 Visual Odometry

A lightweight visual odometry system was implemente
using patch tracking of two fixed patch locatiosisown in
Fig. 2a. Each image frame was first resolution ceduto
320 x 240 pixels. The vehicle was treated as
non-holonomic vehicle, with patch A used to traekicle
rotation, and patch B used to track the vehicle’s
translational speed. The comparison between patehes
performed by calculating the average intensityeddhce,
f(), between pixel patches (normalized to 50% mean
intensity) in the current and past image over gyeaof
relative offsets:

tHaxay, 1) =235 (Pl - 95) @)

r x=0 y=0

wherel! and1* are the past and current imagess the
patch size in pixelqy is the pixel intensity, andlx andAy
are the patch offsets. The patch shift used fomudoy
purposes was the shifhX., Ay,) that minimizedf( ) for
the two patches:

(ax,,,Ay,, )= argmin f(Ax,Ay,I j,lk) (2

Ax Ay -p, p]
wherep is the range of patch offsets. The horizontal Ipixe
shift for patch A was multiplied by a gain constantto
obtain a yaw velocity estimate;

w=@qxh ®)

The gain constant was calculated using the camera’s
horizontal field of view. The net pixel shift foafth B was
multiplied by a gain constant, to obtain a translational
speed estimats,

s=vlys-ayaf +lpe-nxf @

The translational speed gain constantyas calibrated on
a separate set of video data. An example of théclkeh
trajectory calculated using this lightweight visual
odometry system is shown in Fig. 2b, and can bepened
to the ground truth trajectory in Fig. 5. While tdometry
method presented is not a general solution dueetatale
ambiguity of monocular vision, it is sufficient ithis
application due to the relatively constant heighttie
camera above the usually flat groundplane. Furtbezm
the experience map is not a globally metric mapramte
does not require consistent metric odometry infdiona
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Figure 2 — Visual odometry illustration. (a) Patch
locations and search ranges. (b) Trajectory foaskitl
calculated using the visual odometry system.

4.2 Visual Templates

Each video frame was resolution reduced, convetted
grayscale, and Gaussian blurred (radius 5) to f82m 32
images, which formed the basis of the visual tetegla
used by the RatSLAM system (see Fig. 3). Template
differences,D, between the current candidate template
and each templatg were calculated using a normalized
(normalized to a mean intensity of 50%) sum of pixe
intensity differences performed over a moving saime in

the resolution reduced images:

[9(axay i j) (5)

D; = min
Ax Ay -o,0

whereg is the template offset range, ag() is given by:
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where s is the size of the template sub frame. These
template differences were normalized by the current
recognition thresholdT;, of each template to calculate the
template with the smallest normalized differencéie T
current template index, was calculated by:

_ {argmin D,/T, D,/T,<1 -

jao,n]
i min(D/T) =1

wheren was the number of learnt templates, am@s the
index of the current template candidate. If no tetgs



closely matched the current scene, the currentidared
templatei was added to the learnt templates. This same
image difference metric was used to compare theentir
and immediately previous frame, to disable template
learning and visual odometry for noisy corrupteahies.

320x240 pixel RGB image

i — @

_AJ:

Figure 3 — Visual templates illustration. The resioin
reduced current frame is compared against a liboary
image templates. If a template is matched, it attiy the
corresponding local view cell, otherwise a new alsu
template is learned.

4.3 Visual Expectation

In the mammalian brain, it has been shown thatexdmian
inform the recognition of objects or places. Foaraple,
the recognition of a car in a picture can be faatitid if a
person knows that the candidate car object is éocah a
road — the road context increases the likelihoad the
object will be recognized as a car [14]. Contextual
recognition is achieved in the brain by dynamiaatipent
of what are in effect recognition thresholds [1B4sed on
this insight, we have developed a new visual extiect
algorithm that dynamically modifies on an individibasis
the recognition thresholds of visual templates.
example, if visual template A has in the past Hettawed
immediately by template B, when template A is again
recognized, the recognition threshold of templatdésB
raised to increase the likelihood of it being matth/While
contextual recognition has been explored extensinghe
domain of object and scene recognition in compuitgon
[16], as well as by humans [14], its usage in radogn of
scenesequencesgemains largely unexplored.

The visual expectation algorithm is implemented in
the following way: the template comparison thredh®,
is adjusted as follows:

For

i-1
T=T+ 2y -a(f -Ty) t)
j=i-p
where u is the expectation range; is the expectation

increment per video fram¥,is a binary array encoding the
current template matches, ands a per-frame threshold

decay.T is bounded between a default threshold vdiye
and a maximum threshold valtig (set to twicel, in these
experiments). Figure 4 shows an example of how the
recognition of a visual template can increase the
recognition thresholds of subsequent templatessahdff

a sequence of recognized visual templates.
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Figure 4 — Enhanced template recognition threshdlgs

to visual expectation. Dots indicate the currembtched
template. The shading level indicates the threslimid
visual template comparisons, below which two visual
templates are considered to be the same. The dighte
shaded areas above each matched template indieate t
elevated recognition thresholds for templates
immediately following a matched template. The eleda
thresholds then decay over subsequent frames.

5 Experimental Setup

In this section we describe the testing environment
platform and data acquisition.

5.1 Platform and Data Acquisition

We used two datasets gathered using a LogitectkQarm

Pro 9000 web camera at 640 x 480 pixel resolutiham
average frame rate of 15 frames per second. Theream
was mounted on the top of a car windshield, facing
forwards with a neutral pitch. Its field of view is
approximately 62 degrees horizontally by 46 degrees
vertically. To provide a ground truth measure, GPS
positions were also logged at a frequency of 1 Ebch
dataset consisted of approximately 25 minutes irdy
over a distance of about 16.9 km. Both datasetse wer
gathered at about midday, but dataset 1 was obteine
weeks after dataset 2.

5.2 Environment

The testing environment was a part of a suburbad ro
network in Brisbane, Australia, shown in Fig. 5.iSTh
environment contains a highly varied range of iaread
scenery, including heavily vegetated sections aunit b
urban environments. Since experiments were rumgui
normal weekday, there were constant changes to the
environment in the form of moving vehicles and diag
lighting conditions. Over the three week periodasafing

the two datasets, the environment also changedtalue
these same factors, as shown in Fig. 6.



Figure 5 — Aerial photo of environment, includirtget
path taken by the vehicle. (C) Google Maps.

Figure 6 — Examples of frames from the two datasets

5.3 Parameter Values

Table 1: Parameter Values

Parameter Value Description
r 32 pixels Odometry patch size
¢ 0.19 °/pixel Yaw gain constant
% 0.21 m/pixel Translational speed constant
p 10 pixels Patch offset range
1 20 frames Expectation range
S 30 pixels Template sub frame size
o 1 pixel Template offset range
W 0.1 Expectation increment
T4 0.01-0.15 Default threshold
a 0.02 Per-frame threshold decay
Fireat 25m True ;:ﬁrsejt;\:]eo I(;istance
Ornrest 30° False negative angle threshpld
6 Results

In this section, we present the place recognition
performance of the visual template system with and
without visual expectation. The first comparison is
performed using just dataset 1, while the second
comparison uses both dataset 1 and dataset 2. Neéeage
precision-recall curves, classification graphs taidron
the vehicle’s ground truth trajectory, and the hear and
recalled visual template graphs. In addition, tkgegience
maps for dataset 1 alone and dataset 1 and 2 cethhie
presented. Finally, we examine an illustrative &lsu
template recall sequence with and without visual
expectation.

Precision-recall graphs were generated by runnthg 2
trials with and without visual expectation enabléar a
total of 58 trials) over a range of default temelat
recognition thresholdsTg). Each frame was classified as
true positive (TP), false positive (FP), true naga(TN)
or false negative (FN). True positive frames weaees in
which a visual template scoi®,was below 1:

d g

s= +

(9)

IPthresh ethresh

whered is the distance between the current frame’s GPS
location and the GPS location associated with ¢calted
template, andd is the angular difference between the
current frame’s GPS orientation and the GPS oriimta
associated with the recalled templatgeesh is a true
positive distance error threshold, am..s, is a true
positive angular difference threshold. Using aemtation
threshold ensured matches from significantly défer
directions of motion (such as at an intersectiorjeanot
expected. For scores aflarger than 1, the frame was
classified as a false positive.

True negatives were frames where a new template was
learned and there were no previously visited |ocetiwith
an s score below 1. If there were previously visited
locations with ars score below 1, the frame was classified
as a false negative. All precision-recall plots éndoeen
truncated to exclude some points obtained frontstrigth
extreme threshold values, corresponding to triatene
only a few templates were learned for the entire
environment. The 1 Hz GPS signal was interpolated t
provide intermediate ground truth locations.

6.1 Single Day Dataset

Figure 7 shows the precision recall graph for d#tds
With visual expectation, the peak precision-recall
performance is afp = 0.045, with a precision of 98.5%
and a recall rate of 91.6%. Without visual expecigt
recall never reaches 91.6% (maximum recall is 90, bt

a matching precision level is achieved at a reca# of
85.0%. For this dataset, visual expectation enabkight
increase in recall performance at high precisiorelke
(P=80% to 99.5%). Figure 8 shows the frame
classifications, with visual expectation enabled,
superimposed on the GPS ground truth plotTfor 0.045.
For the false positive graph, lines connect thesfglositive
frames with the location they erroneously recalléd.
repeated sections of path were recalled, excepther
occasional frame. There were a few false positiaéchres,
but the error in each case was small, indicatethbyack

of long error lines present. Figure 9 shows then&a
classifications superimposed on the template grijast

of the false negatives occurred at transitions betwnovel
and familiar sections of path.

Figure 10 shows the experience map produced with
visual expectation for dataset 1. The map contaifis/
experiences and 3082 inter-experience links. Thegte
at the bottom of the map is the start of the datd$e map
provides a coherent representation of the enviror et



is topologically correct and approximately metti@adocal
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Figure 7 — Precision-recall graph with and witheistial

expectation for dataset 1. The lines between gpatts

indicate the direction of increasing default terpla

recognition thresholdlp.
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Figure 8 — Ground truth maps with true/false
positive/negative classifications superimposed be t
robot’s trajectory for dataset 1, with visual exja¢ion
enabledTp = 0.045, P = 98.5%, R = 91.6%.
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Figure 9 — Template graph for dataset 1 with visual
expectation enabledp = 0.045, P = 98.5%, R = 91.6%.
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Figure 10 — The experience map created for datasith
visual expectationTp = 0.045, P = 98.5%, R = 91.6%),
containing 2777 experiences and 3082 links.

6.2 Three Week Interval Dataset

For the combined dataset consisting of dataset d. an
dataset 2, dataset 2 was treated as the “test™ctesting
how well templates learned from dataset 1 werellegta
dataset 2. Consequently, there were no true negats in
theory every frame should have been recognized. All
performance measures are given in terms of perfocsma
on dataset 2 after processing dataset 1.

For this combined dataset, visual expectation esabl
the precision to stay high at high recall rateghsas for
Tp=0.045, with a precision level of 97.0% and a Heate
of 78.7% (Fig. 11). Figure 12 shows the frame
classifications, with visual expectation enabled,
superimposed on the GPS ground truth plot for éatas
for To = 0.045. The majority of the path is recalled,
although there are several sections where the rayste
struggled to recall templates. It is also worthimgptthat
visual expectation enables as high a recall rat@98%,
with a precision level of 89.7%.

Without visual expectation, the maximum recall rate
achieved is 77.2%, however this is achieved at ikeaddy
lower precision level of 72.5%. Figure 13 shows the
consequences of the large number of false positivdss
72.5% precision level. To obtain a precision lexfed7.0%
or better without visual expectation, the recai @drops to
40.0%. Fig. 14 shows the large number of false tivzm
resulting from such a low recall percentage.

Figure 15 shows the frame classifications with a&isu
expectation enabled, superimposed on the temptatghg
While there are some false negatives, the majafty
frames are successfully recognised. Figure 16 shibess
experience map produced with visual expectatiorb@th
dataset 1 and 2 combineth(= 0.045). The map contains
3893 experiences and 4850 inter-experience links.
Compared to the experience map for only datagbete is
a 40% increase in the number of experiences. Tthisber
is somewhat larger than the percentage of new kisua
templates seen in Fig. 15 because re-localizatiovof an
instantaneous process — some new experiencesaanede
even as the system is re-localizing. It is alseriedting to
note the slightly squiggly nature of path sectionghe left
part of the map — when cross-referenced with tlogirpat
truth map shown in Fig. 12, it can be seen thas$ thi



‘squiggliness’ is most likely due to small recalras
between places along that path. There are a fetioss©f
path where the repeated trajectories do not oveckysed
by the significant number of false negative matchdsch
can also be seen in Fig. 12. However the majofitthe
map still provides a representation of environmirat
would be usable for optimal path planning in robot
navigation. The video accompanying this paper shibwas
evolution of the experience map during datases «yell as
the recall of visual templates from dataset 1.
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Figure 11 — Precision-recall graph for dataset t2raf
processing of dataset 1, with and without visual
expectation enabled.
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Figure 12 — Frame classifications superimposedhen t
GPS trajectory with visual expectatioip, = 0.045,
P =97.0%, R =78.7%.
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Figure 13 — Frame classifications superimposedhen t
GPS trajectory without visual expectatiofy = 0.095,
P=725%,R =77.2%.
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Figure 14 — Frame classifications superimposedhen t
GPS trajectory without visual expectatiory, = 0.055,
R =40.0%, P = 97.1%.
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Figure 15 — Template graph for dataset 2 with \isua
expectationT, = 0.045, P = 97.0%, R = 78.7%.
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Figure 16 — Experience map for combined datasetdl a
dataset 2, containing 3893 experiences and 4850
inter-experience links, T, = 0.045, P =97.0%,

R =78.7%.

To visually illustrate the effect that visual expmon
has, we lastly present examples of visual frameaeces
through two sections of the environment at threekve
intervals. Next to the frame sequences, we showithal
template recall performance with and without visual
expectation. Figure 17 shows a sequence of 13 fatnizb
frame intervals, and the recalled templates witbuai
expectation foffp = 0.045, P = 97.0%, R = 78.7%, and
without visual expectation for a matching a) priecidevel
and b) recall rate. With visual expectation, a eeheand



correct sequence of templates is recognized. Withou
visual expectation, to achieve the same level e€igion,
the system is only able to recognized a subsethef t
frames, with many false negative matches. Whenhragc
the recall level without visual expectation, thare several
false positive incorrectly recognized visual tentgda
indicated by the black cross superimposed on Hradr

) ®) © @

Figure 17 — (a) A sequence of frames from the siécon
dataset, numbers indicate the frame number (b)IRdca
visual templates with visual expectatiofy = 0.045,

P =97.0%, R = 78.7%. Numbers are in the format
(template number, associated frame number). Blank
frames indicate false negatives, crossed framdsatel
false positives. (c) Recalled templates withoutugis
expectation for a matching precision level. (d) &lecl
templates without visual expectation for a matchieaall
level.

7 Conclusions and Future Work

In this paper we have presented a visual expentatio
algorithm that increases the recall rates achievallile
still maintaining high precision. The method presda
slight advantage on “ideal” data but becomes paeity
effective on more challenging data, where it presidp to

a 100% improvement in recall at high precision Ieyvend
enables recall rates that are not achievable apeagysion
level without its use.

Future work will pursue a number of avenues of
investigation. The current expectation algorithrausses
simple linear sequences of templates, which isdvedr
path-like datasets but becomes progressively lakg &s
the path divergence increases (i.e. a 5 road sdgos).
We will develop and test a more rigorous algorittivat
can handle such situations as readily as singlelstoa
Another weakness of the current algorithm is that i
requires an initial template match to start a chafn
template matches. We are currently investigatinthous
for coupling visual expectation with a method fatohing
sequences of weakly matching templates ratherjtisira
single strongly matching template.

The flexibility of this algorithm will also be
investigated by testing it on a range of visuahdats, such
as the high resolution panoramic datasets used in
FAB-MAP. Flexibility across platforms is currentheing
investigated, using datasets gathered from a qoiad-r
flying platform. |Initial results indicate the vidua
expectation method is still suitable even in envinents
where the camera path is less constrained and aathsot
repeated exactly.
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