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Abstract—We address the problem of building topological similar, then there is not enough information encoded in the
maps in visual space for robot navigation. The nodes of our representation to disambiguate them. The obvious solution is
topological maps consist of clusters in manifold space, and we , ¢onsider information about neighbouring views in space and

propose an unsupervised learning algorithm that automatically . - . . .
constructs these manifolds - the user need only specify ihe fime. This can be achieved by tracking (as is generally the case

desired number of clusters and the minimum number of images in landmark-based systems) or by exploiting spatial continuity
per cluster. This spectral clustering like framework allows each in the learning data.
cluster to optimize a separate set of clustering parameters, and  Maeda et al. [8] propose precomputing active vision strate-
we demonstrate empirically that this flexibility can significantly  yia5 for regions of the manifold which are close in eigenspace.
improve clustering results. We further propose a framework for . . . . .
servoing the robot in our manifold space, which would allow the By acquiring additional '”_‘ages th(?y can disambiguate where
robot to navigate from any point on one manifold (topological the current pose falls. Similarly Kse and Bunschoten [4]
node) to any specified point on a second manifold. Finally, acquire additional images by rotating in place, in order distin-
we present experimental results on indoor and outdoor image guish positions with similar appearance. Kelly [9] composes
sequences demonstrating the efficacy of the proposed algorithm. extended image sequences into globally consistent mosaics
and then tracks motion over the mosaic to estimate the current
pose. Matsumoto et al. [10] navigate in a sequence of images,
assuming that the robot makes transitions in order from one
Acquiring and exploiting environment maps is a key funomemorized image to the next. The method depends on a
tion for autonomous agents. Turning internal and externdifference metric which increases monotonically allowing the
sensor readings into a map suitable for navigation, has becorlot to determine which neighbour in the sequence is closer.
a topic of intense interest [1]. Mapping techniques can beRecent developments in learning in manifold space have
loosely divided into topological and geometric approacheigad to algorithms that can effectively find low dimensional
Topological approaches can be thought of as robot-centrigsuctures in image sequences that lie on a single manifold
or representations in sensor space rather than in some w@tlt. However, such algorithms require and assume that a
coordinate frame [2]. Essentially certain distinguished placemgle manifold is sufficient to describe the visual data and, in
and the transitions between them are identified. general, do not function well when this is not true. In this paper
Numerous image-based approaches to topological mapping address the problem of identifying image clusters from
have been described in the past 10 years [3], [4], [5], [6d wide variety of image sequences. We propose a clustering
Ideally an agent passes through the environment recordaigorithm that takes as input a user specified number of
sequential sensor data, and uses this to automatically gelusters, and a minimum number of images (or data points)
erate the places and transitions which provide a topologigar cluster. Given these inputs, the algorithm uses a spectral
description of the space. In this paper we will describe ogtustering [12], [13], [14] like framework to directly specify
approach to clustering regions of the sensor sequence (in sgparate clustering parameters for each cluster. This property
case images) using proximity on low dimensional manifoldsiakes the algorithm significantly different from other spectral
in sensor space. Our goal is to develop techniques to navigeligstering algorithms that use the same clustering parameters
on the manifold of clustered sensor sequences. We will ot all clusters [12], [13], [14], and that generally require the
address mapping of images or landmarks to metric pose [@ker to specify these parameters. This property allows us to
[7]. distinguish such common navigational features as branching
Sensor traces such as video sequences for any useful trapaths, and correctly identify which manifold the robot is on.
sal of the environment may involve hundreds or thousandfe method also provides a probability measure as to whether
of samples. Many appearance-based mapping approachestlseurrent image view lies on a particular manifold.
PCA representations, but these inherently map an image tdVe propose the following scenario. The robot moves (either
a point in the eigenspace. If the world exhibits perceptusia teleoperation or using some autonomous search strategy)
aliasing, where several distinct positions in the sequence lodkoughout the environment it is intended to work in. The

I. INTRODUCTION



sensor data that it observes is recorded and projected intdt is easy to see that each colurhaf the matrix(7 —a.5)~*
manifold space. The data is then clustered in manifold spamenstitutes an ordering of distances, along a manifold, from
using unsupervised learning. Each cluster manifold in sensmining example; to all other training examples;, for ¢, j =
space corresponds to node in a topological map. We furthee, ..., n. It is this property that we will exploit for clustering
propose a framework by which a robot can servo in thia manifold space [16]. More specifically, we will look for
manifold space starting from any position one one manifoldplumns of(I — a.S)~! that define clusters by finding points
to any position on another manifold. that are at the center of large manifolds.

In Section Il we develop the method for semi-supervised A further observation of this algorithm that is pertinent to
clustering on the manifold. Section II-G describes its amur clustering algorithm is that bothanda are user specified.
plication to robot navigation. We present results for indoddowever, in the clustering formulation proposed in this paper,
and outdoor image sequences in Section Il and sum updnand « are byproducts of the optimization procedure, and

Section IV. are automatically chosen for each cluster (i.e. each cluster
many have different values of and «). This makes the
Il. ALGORITHM DEVELOPMENT proposed algorithm more flexible and more automated then
A. Semi-Supervised Learning other spectral clustering implementations [14].

Zhou et.al. [15] introduced the consistency method, a ser@: Clustering with Local and Global Consistency
supervised learning technique upon which our algorithm is gy equation (2), it is evident that the solution to the semi-

based. We present a brief description of this algorithm belo%pervised learning problem only depends on the labels after
I 1 nxm J—
Given a set of P?;”tgf € R ™ andlabels = {1,---,¢}.  ha the matrix(I — o.S) has been inverted. This matrix only
Let z; denote the'™ example. Without loss of generality the.gntains the training data inputég 1, ..., .}, and it is this

first{ points (- 1) are labeled and the remaining poins (- yoperty that we exploit to derive our clustering algorithm.
1.--n) unlabeled. Defing” € N with Yi; = 1 if point  \ye gefine a matrix as:

x; has labelj and0 otherwise. LetF C R"*¢ denote all the . . .
matrices with nonnegative entries. A matfixe F is a matrix U=pI—-aS)” =[uf,..,u,] 3)

that labels all pointsz; with a labely; = argmax;<. Fij.  and note that/ defines a graph or diffusion kernel as described
Define the serie#'( +1) = aSF (1) +(1 )Y with F(0) = jq[17], [18]. In addition, the columns df, denoted by, de-

Y, € (0,1). o ) . fine distances between training points on these graphs, which
Given these definitions, the recursive version of seMiun pe interpreted as distances along a manifold [16]. The
supervised algorithm is defined as follows: ordering of these distances along each manifold is maintained
1) Form the affinity matrix W;; = exp(—|lz; — independent of scaling. Frofi, we create a new matri¥’,
z;[*/(20?)) if i # j and O otherwise. by scaling the columns off to have unit length (which we
2) ComputeS = D~'/2WD~1/2 with D;; = > -1 Wij  exploit below to efficiently calculate clusters). We define this
andD;; = 0,4 # j. V matrix as:
3) Compute the limit of serielim,_,., F'(t) = F* = (I — T T
aS)~'Y. Label each point; asarg max;<. F};. V= u—lT,..., “Z}] = [of,....,v]] 4)
A regularization framework for this algorithm can be spec- ||U1 H HU1 H

ified as follows. The cost function associated with matfix Note that, by definition,||v;|| = 1. Finally, we define a
and regularization parametgr> 0 has the following form  distance (along a manifold specified 3}) between points
x; andz; to be:
1 1
oot \/ﬁFj + " dy (x5, 2) =1— viva (5)
Thus if two points identically rank the relative distances
to all other points on a manifold, our framework considers

. . . ._them identical. If this is the case for poinis and x;, then
The first term is the smoothness constraint that assouatt s(xi’xj) — 0. Conversely, if the point:; has completely

a C.OSt with chgnge peMeen ”eafby points. The second teﬂll;lfi’erent distances alon§ to other points in the training data
weighted by, is the fitting constraint that associates a cost f%an pointz;, thenday (x;, ;) will approach 1. This leads to
change from the initial assignments. The classifying functioq 7 e '

is defined asF™ — arg minpey Q(F). Definea — —L and our definition of a distance matrix:

4,J=

Q(ﬂé(ilwz‘j

n 2
w3 IF - Yl

i=1

1+ T T
8 = 1§, (note thata + 3 = 1 and the matrix(I — aS) is vivy ... U1,
non-singular) one can obtain Dy =1- . :
vnvlT cee vnvg
F*=B(I—-a8)"'Y ) dn (@1, 21) e dag (21, 70) ©6)

This constitutes a closed form expression for the (iterative) = : . :
semi-supervised algorithm defined above (see [15] for details). dar (Tn, 1) -+ dy (Tn,Tp)



Therefore thdi, j) element ofD,, defines a distance betweerdataset is split into two partitions at each step of the algorithm.
two pointsz; andz;, which ranges betweed and1 - 0; 0 The criteria used to determine this split is
meaning that the points are identical, ahdhat they are the
furthgst apart from each other. _ S Q(2) = max |:min(p1,|p2|) (E [ﬁﬁ} B
This allows us to set up the following optimization problem ao | IPiltlpa (=1}
from clustering. In clustering, we want to pick clusters of — ik ©)
points that are most similar to one another, while at the E [DM} k=1
same time most different to points in other clusters. We start =

by assuming there are clugters and that each cluster i%here|pj| is the number of points in cluster. This opti-
characterized by a single point. Thus, foclusters, we have i7ation encourages points to be split into two partitions of
1y, @1, POINtS, Wherer;, € {z1,...,2,} is a point in the  gn5qximately equal size. In additionanda are chosen such
training data, and, # z;, fori # j. These pointsy, , ..., 1. that the first cluster of points consists of points that are tightly
are used to define clusters as follows. We defing By ¢ ¢ stered on one manifold, while the second cluster includes
matrix Fy; by taking thely, ..., l. columns of V' (see equation hoints which are far away from the first, but need not be on
(4)): a single manifold. Thug and o are always optimized with
= [vf, 0] (7)  respect to the first manifold.

Then, as with semi-supervised learning, we assign a pgint This typg of recursive partiti.oning cpntipues until c!gsters
to a cluster: have a minimum number of points (which is user specified by
Q). This produces a set @ clusters. The user also must also
specify the desired number of clustek& The constraint on
K and@Q is that K > C. TheC clusters are finally combined
to give the bestK clusters that each have maximal values of
CFZ(Z) in equation (9).

In the next two sections, the description of the proposed
C. Model Selection For Clustering algorithm is completed by first defining the concept of cluster

N | be th f 0o hat bel lust outliers in manifold space, and then showing how this is used
ext, letp; be the set of points that belong to clusfer ;. ofine point clusters.

Using matrix D,; we can define the mean distance between
points in cluster; as:

vl

Dir = E1Dw (ps Pyl We define a cluster independent outlier point to be one that
where Dy (pj, p;) denotes all entries aD,; corresponding is, on average, furthest away from all other points. This can be
to columns and rows of poings; andE[-] is the average value directly calculated from equation (6) by taking the average of
of these entries. Similarly, the mean distance between poitite columns ofD,,; as follows and defining a outlier cluster
in clusterj and points in clustek is given by: independent vecto®, as follows:

yi = argmax Fy; (8)
where Fy;, . is the entry ofFy; given by row: and columny.

In the next section we define an optimization framework f
picking pointszy, , ..., z;, given thatc is specified.

D. Outlier Detection

Dy = E Dy (pj, pr)]

Given that our goal is to find clusters that maximize the
distances between points in different clusters, while minimizvhere the elemen®y; is the average distance (in manifold
ing the distances between points in the same cluster, we &@pace) between point; and all the other points anf),, =
state the following optimization problem: find, a, ¢, and [D},,...,D;,] . Thus by ordering the values aPy; in
Xy, .-, 27, 10 Maximize the following increasing order, we order the points from furthest to closest,

and the points appearing first in the list constitute the outliers.

- Similarly, we can find outliers within a clustgrby looking

I } k=1, c at theD}} = Dy (p;, p;) matrix defined above. Specifically,

{ : } we obtain an outlieO?, vector for cluster; as follows:

Od = % [Z Dﬂlw'vZD%[n} = [O(ﬂ’""Od"] (10)

Q) = max E {Ej\ﬂ

{j=1,...,c}

However, there are two problems with this approach. First, , 1 JiT
the optimizing over allo, o, ¢ can be computationally ex- Oa = n [Z DMl""’ZD
pensive. Second, and more importantly for the current paper, _

every cluster will contain the same As is demonstrated by where O}, is the mean distance af; to all other points in
both synthetic and real data in Section Ill, this can lead fts cluster. Thus the point which has maximu, is the one
significant degradation in clustering performance when pointdich is most outsidethe cluster (i.e. the greatest outlier),
in different clusters are not equally spaced. To avoid thesdile the point that has minimur®’, is most insideof the
difficulties, we take a recursive clustering approach, where thkister.

] = [0 0] @



E. Finding Points That Define a Cluster H. Implementation Details

As outlined above, the points;,,z;, are used to specify A Matlab implementation of the proposed algorithm can
clustersQ(2) in equation (9). These points can be identifie@€ obtained fron{web page withheld for anonymous review)
by looking at the cluster independent outlier veatordefined The optimization problem in equation (9) is solved using
above. In this paper we use the following greedy heuristic t8e matlab functionfmincon This gives a two dimensional
identify z;,,...,2;,. First we assignz;, to the point that is optimization formulation i and o space to maximiz&€(2)
closest to all other points, which is defined by the point th&t equation (9).
has the smallest valu®,,. To find z;,, we multiply each
element ofO, by the corresponding element in the column
vector D, , to obtain an new, re-weighted vector 6f as  All data and matlab code used in the experimental results
follows: presented in this paper can be downloaded fi@veb page

withheld for anonymous review)

I1l. EXPERIMENTAL RESULTS

oO%=[o} D%, (1),..,0L DY, (n)] = [0%,...,0%,
d [ dl Mll( ) d Mll( )] [ dl d(:}LZ) A Synthetic Data

whereO}. = Og4;. The pointz,, then corresponds to the point Four synthetic data sets, shown in Figure 1, were used to

which has minimunO?2,. illustrate the functioning of the proposed algorithm. The first
three show points along paths in 2 dimensional space, and the
F. Assigning New Points to Clusters last shows points sampled from paths in 3 dimensional space.

] ) For all the synthetic data sets, the number of clusters was
Let p; be the set of points in clustef, let o; be the get 10 k' = 3, and minimum number of points per cluster
associated Gaussian kernel parameter, andzlgtbe the a5 set to = 20. In order to illustrate the properties of the
point which defines the center of the cluster (as def'”‘?ﬁioposed algorithm, we compared it to the Normalized Cuts

above). Symbolize the new point being classified into ONfgorithm [12] on four synthetic data sets.
of the clusters ax, andp; = p; Ux be the set of points

that includes points in clustei and the new poinik being Proposed Algoritm Normalized Cut Algorthm
classified. These points are used to calculate an affinity matrix -
W7 (usingo;) and corresponding”. Finally, we can calculate

Fl=g(I—as) 'Y (13)

Data Point Cluster Label
Data Point Label

Wherea = 0.99 (set arbitrarily), andy” is a vector of the
same length ap;, containing zeros everywhere except at the
position associated with the center of clusfjemamelyz;, .

If the index of the new poink is &, then the value of/ (k)
defines how close this new point is to the center of clugter
- the largerF7 (k) is, the closer this point is to the center of
the cluster. Therefore, we assign pointo clustery using:

a) Proposed Algorithm  b) Normalized Cuts
Fig. 2. Line Data Results.

Data Point Index

The first synthetic data set consists points sampled from
three parallel lines 2D (see Figure 1a). The points are equally
spaced for each line. Figure 2b shows the results obtained
with algorithm proposed in this paper. The Y axis shows the
clusters and the X axis shows the point indices. The red stars
indicate the true labels and blue squares indicate the predicted
Our formulation of servoing on the manifold is based offPels. Similarly, Figure 2c shows the results obtained with
the formulation given in the previous section. Assume thiormalized Cuts algorithm witlr = 0.085. Note that both
Y7 is a vector of the same length as, containing zeros algorithms successfully clustered this data set.
everywhere except at the position associated with the robot’s
desired position on the manifold of clustgr If the index of
the robot’s current position (i.e. what the robot currently sees)
x is k, then the value off7(k) defines how close this new
point is to the desired manifold position. Therefor, we propose
to servo the robot to maximize the sigrfal (k) until it reaches
the desired manifold location.
This framework allows the robot to establish any position L o e
and any visual manifold that it has previously encountered. It pa Pt e Pt ndex
also allows traversal from the end of one manifold to the start @) Proposed Algorithm  b) Normalized Cuts
of another. Fig. 3. Synthetic Line Data (Variable Spacing).

y = arg max F7 (k)
J

G. A formulation for Servoing on Visual Manifolds

Proposed Algorithm Normalized Cut Algorithm

Data Point Cluster Label
H
Data Point Label
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Fig. 1. Synthetic datasets.

a) Line Data

Proposed Algorithm Normalized Cut Algorithm

In contrast the second data set contains points sampled at
different intervals from each of three lines (see Figure 1b). Fig-
ure 3a shows the results obtained with algorithm proposed in
this paper. The Y axis shows the clusters and the X axis shows
the point indices. The red stars indicate the true labels and
blue squares indicate the predicted labels. Similarly, Figure
3b shows the results obtained with Normalized Cuts algorithm

Data Point Cluster Label
Data Point Label

with o = 0.075. This value for sigma constitutes the lowest | Bemponioe T T Bt
clustering error (see [14] for a definition of clustering error) @) Proposed Algorithm  b) Normalized Cuts
for the Normalized Cuts algorithm. Note that the proposed Fig. 5. Synthetic Spiral Data.

algorithm was able to successfully cluster this data, while
the Normalized Cuts algorithm was not. This is because the
algorithm proposed in this paper selected a different sigma forThe final data set contains points sampled at different
each cluster, while the Normalized Cuts algorithm was limité@tervals from each of three spirals in 3D space (see Figure

to a single sigma for all three clusters. 1d). Figure 5b shows the results obtained with algorithm
proposed in this paper. The Y axis shows the clusters and
Proposed Algritm Normalized Cut Algoritm the X axis shows the point indices. The red stars indicate

the true labels and blue squares indicate the predicted labels.
L s Similarly, Figure 5¢c shows the results obtained with Normal-
nnnnnnnnnnnnnnnnnn ized Cuts algorithm withc = 0.051. This value for sigma
""""""" constitutes the lowest clustering error (see [14] for a definition
of clustering error) for the Normalized Cuts algorithm. As with
the previous two data sets, the proposed algorithm was able

Data Point Cluster Label
Data Point Label

Tompantnges T T to successfully cluster this data, while the Normalized Cuts
b) Proposed Algorithm c) Normalized Cuts algorithm was not. Once more, this is the algorithm proposed
Fig. 4. Synthetic Path Data. in this paper selected a different sigma for each cluster, while

the Normalized Cuts algorithm was limited to a single sigma
The third data set contains points sampled at differefgtf all three clusters.

intervals from each of three paths that that converge at alhese synthetic sets show that the Normalized Cuts algo-
single point (see Figure 1c). Figure 4a shows the resuﬁﬁ?m is very sensitive to sampling intervals within cluster
obtained with algorithm proposed in this paper. The Y axigoints.
shows the clusters and the X axis shows the point indices.The running times of the proposed algorithm (matlab im-
The red stars indicate the true labels and blue squares indidgmentation) on these datasets ranged from a few seconds to
the predicted labels. Similarly, Figure 4b shows the resulsfew minutes (on a 1.8 GHz Pentium 4 running Windows
obtained with Normalized Cuts algorithm with = 0.079. XP).
This value for sigma constitutes the lowest clustering error (see
[14] for a definition of clustering error) for the Normalized®-
Cuts algorithm. As with the second data set, the proposedThe real world data sets consists of 6 sets of 320 by 240
algorithm was able to successfully cluster this data, while tfGB images (therefore each image is defined by 3x320x240
Normalized Cuts algorithm was not. Once more, this is thaxels). Each sequence contains 150 images, for a total of
algorithm proposed in this paper selected a different sigr8@0 images. These images are summarized in Figure 6. Each
for each cluster, while the Normalized Cuts algorithm wa®w in Figure 6 shows one of 8 clusters. The first cluster
limited to a single sigma for all three clusters. (in the first row) shows images down an indoor hallway. The

Indoor and Outdoor Image Data



second cluster (in the second row) shows images obtained aftey manifolds it has previously encountered, but we have not
exiting the hallway and turning left. The third cluster (in theet evaluated this formulation on a real robot. This constitutes
third row) shows images obtained after exiting the hallwahe most important experimental next step in our overall
and continuing straight. The fourth cluster (in the fourth rowfprmulation. It will allow the robot to traverse from any
shows images obtained after exiting the hallway and turnimpint on one manifold, to any point on another manifold.
right. Third, the user is required to specify the number of desired
The last 4 rows show outdoor scenes. The fifth cluster (@lusters. The framework developed here may allow the number
the fifth row) shows images obtained while walking on af clusters to be directly optimized for. Finally, the initial
lawn towards a driveway. The sixth cluster (in the sixth rowlesults presented appear promising and further experimental
shows images obtained after leaving the lawn and turning ldfivestigation appears warranted.
The seventh set of images (in the seventh row) shows images
obtained after leaving the lawn and continuing straight. Finally,
the eighth cluster (in the eighth row) shows images obtained! Sd_tTthE- FTObOtICAﬁg;?_pplrlgitAn_Survey-_lnﬂ?- klakemlyer' ar?ﬁ B. Nebel,
. . . editors,exploring Artticial Intelligence In the New Willeniu. organ
after I.eavmg the lawn and turning right. Kaufmann, 2002.
75 images from each sequence were used to construct tf2¢ Emilio Remolina and Benjamin Kuipers. Towards a general theory of
manifolds and the remaining 75 images (every second one%] topk?'_ogica' maPSA”giCia' 'me”igecnce |15214C7—1Q4v_2004- s of th
. . . Fabrice Pourraz and James L. Crowley. Continuity properties of the
were used to test the Iocallzathn on each mamfold. Th.e reSl‘"E appearance manifold for mobile robot position estimatiorSymposium
on the test data for the algorithm proposed in Section II-F for Intelligent Robotics Systems, SIRS'98, 1998. To Appta@s.
are given in Figure 7a (We sdt = 8 clusters and) = 35 [4] B. J. A. Krose and R. Bunschoten. Probabilistic localization by
minimum int r cluster). The 8 cluster re defined on appearance models and active vision. Rroc. of the 1999 IEEE
u _pO S per clus e_)' . € o clusters are denned on nemational Conference on Robotics and Automatipages 2255—
the Y axis. The red stars indicate the true labels and blue 2260, Detroit, MI, May 1999.
squares indicate the predicted labels. The clustering error &f ][Wan U'fIiCh_anIdI”'afl‘, NQUfba'TrfEh- Apfpeﬁfagggéb?éég F;'acecfecfogniﬂon
. . or topological localization. roc of the nt. Conf. on
the proposed algo_nthm on the test da_ta IS 2.89%. ) ) Robotics and Automatiorpages 1023-1029, San Francisco, CA, April
The results obtained for the randomized cuts algorithm with  2000.
a single sigma set to 186.5 (experimentation indicated th&&] Benjamin Kuipers and Patrick Beeson. Bootstrap learning for place
thi . lted in the best clusteri . recognition. InProc of the 18th Natnl Conf on Al (AAAIQ22002.
; 1S _S'gma resuited Iin the best clus gr_mg er_ror) are glveP’] Robert Sim and Gregory Dudek. Comparing image-based localization
in Figure 7b. The test data was classified using the out-of- methods. InProc Int. Joint Conf. on Al (IJCAI03)2003.

sample algorithm derived in [19]. The clustering error for thigl8] S. Maeda, Y. Kuno, and Y. Shirai. Active navigation vision based on
| ithm in the test data was 34.4% eigenspace analysis. Proc. 1997 IEEE/RSJ International Conference

algon ’ - 0. . on Intelligent Robots and Systenvelume 2, pages 1018-1023, 1997.

Thus the algorithm proposed in this paper gave a 929®] Alonzo Kelly. Mobile robot localization from large scale appearance

improvement in clustering error over the Normalized Cuts Mosaicsinternational Journal of Robotics Reseayd®(11):1104-1125,

algorithm by allowing each cluster to individually optimize 2000.
g y g9 y op C{10] Yoshio Matsumoto, Masayuki Inaba, and Hirochika Inoue. View-based

for sigma. approach to robot navigation. IRroceedings of 2000 IEEE/RSJ In-
The running time of the proposed algorithm on these real ternational Conference on Intelligent Robots and Systems (IROS’2000)

. . . pages 1702-1708, Takamatsu, Japan, Nov 2000.
datasets (matlab implementation) was 16 minutes on a }l% K. Q. Weinberger and L. K. Saul. Unsupervised learning of image
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Fig. 6. Images along 8 manifolds in indoor and outdoor environments.



Data Point Cluster Label

Proposed Algorithm

#* True Label
O Predicted Label

AL R — o
o oo — o
o o e ——
o — o
s i
1@ - o= o
5‘0 160 1.%0 2[;0 2‘50 3&0 3‘50 4(‘10 4‘50
Data Point Index
a) Proposed Algorithm
Fig. 7.

Data Point Label

Normalized Cut Algorithm

* True Label
O Predicted Label
sk oo m o o oo oo 0 Mmoo 00 O ommmm
ey
7L o 0O omo oo M OO0 0 0
oy
6L DO o oo M om0 o m mm m
T
sk oo o o oo I O T er O O mo
-
40 0 0 000 000 OO o0 oo
o
30 0O 00O OjEWmm O moomo o o o o m
ET
000NN O O OO mWoo u] o o
R
1@ 0 oy I o o o o o
ey
L L L L L L L L )
50 100 150 200 250 300 350 400 450

Data Point Index
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Results on Image Data.



