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Abstract. Appearance-based autonomous robot localization has some advantages over
landmark-based localization as, for instance, the simplicity of the processes applied to
the sensor readings. The main drawback of appearance-based localization is that it
requires a map including images taken at known positions in the environment where
the robot is expected to move. In this paper, we describe a concurrent map-building and
localization (CML) system developed within the appearance-base robot localization
paradigm. This allow us to combine the good features of appearance-base localization
without having to deal with its inconveniences. The preliminary results included in
this paper qualify this approach as a very promising one.

1 Introduction

Robot localization methods can be divided in two families: methods based on landmark ex-
traction and tracking [2, 5, 8, 11], and methods based on an appearance modeling of the
environment [6, 7]. Landmark-based localization methods rely on the assumption that the po-
sition of the landmarks can be accurately extracted from the raw sensors readings. However,
the transformation from sensor readings to geometric information is, in general, complex and
prone to errors. As a counterpart, in the appearance-based methods the environment is not
modeled geometrically, but as an appearance map that includes a collection of sensor read-
ings obtained at known positions. The advantage of this representation is that the raw sensor
readings obtained at a given moment can be directly compared with the observations stored
in the appearance-based map. This simple way to use the sensor readings makes appearance-
based approaches really appealing.

A comparison between the two families of localization methods using vision as sensory
input can be found in [14], showing that appearance-based methods are more robust to noise,
occlusions and changes in illumination1 than landmark based-methods. The main drawback
of appearance-based methods is that localization is only possible in previously mapped areas.
The construction of a map is a supervised process that can be quite time-consuming and that
is only valid as far as no important modifications of the environment occur. While much work
has been done on Concurrent Mapping and Localization (CML) using landmarks [1, 3, 15,
10], it is not the case within the appearance-based approach.

1When a edge detector is used to pre-process the images.



In this paper, we introduce a system that is able to perform CML within the appearance-
based approach. Our attempt is to combine the advantages of the appearance-based localiza-
tion with the easy-use and adaptability of the CML approaches.

We first describe more formally the appearance-based localization method. Then, we in-
troduce the modifications necessaries to get a CML system. After that, we show the prelim-
inary results obtained with the new CML system, and we conclude summarizing our work
and pointing to directions we need to explore in the near future to complete our system.

2 Appearance-Based Localization

The probabilistic localization method aims at improving the estimation of the pose (position
and orientation) of the robot at time t, xt, taking into account the movements of the robot
{u1, . . . , ut} and the observations of the environment taken by the robot {y1, . . . , yt} up to
that time2. Formally, we want to estimate the posterior p(xt|{u1, y1, . . . , ut, yt}). The Markov
assumption states that this probability can be updated from the previous state probability
p(xt−1) taking into account only the last executed action ut and the current observation yt.
Thus we only have to estimate p(xt|ut, yt). Applying Bayes we have that

p(xt|ut, yt) ∝ p(yt|xt) p(xt|ut), (1)

where the probability p(xt|ut) can be computed propagating from p(xt−1|ut−1, yt−1)

p(xt|ut) =

∫
p(xt|ut, xt−1) p(xt−1|ut−1, yt−1) dxt−1. (2)

Equations 1 and 2 define a recursive system to estimate the position of the robot.
To discretize equation 2 and, thus, to make its computation feasible, we use the auxiliary

particle filter [13, 16]. In this approach, the continuous posterior p(xt−1|ut−1, yt−1) is approx-
imated by a set of I random samples, called particles, that are positioned at points xi

t−1
and

have weights πi
t−1

. Using the particles, we have that

p(xt−1|ut−1, yt−1) =
I∑

i=1

πi
t−1

δ(xt−1|x
i
t−1

),

where δ(xt−1|x
i
t−1

) represents the delta function centered at xi
t−1

.
The probability p(xt|ut, xt−1) for any couple of states and for any action is called the

action model and it is assumed as known (i.e., inferred from odometry). On the other hand,
p(yt|xt) for any observation and state is the sensor model. Our sensory input for localiza-
tion are images taken by the camera mounted on the robot. A problem with images is their
high dimensionality, resulting in large storage requirements and high computational demands.
To alleviate this problem, Murase and Nayar [12] proposed to compress images (z) to low-
dimensional feature vectors (y) using a linear projection

y = W z. (3)

The projection matrix W is obtained by principal component analysis (PCA) on the super-
vised training set (T = {(xi, zi)| i ∈ [1, N ])}) including images zi obtained at known states

2In our notation, the Markov process goes through the following sequence x0

u1−→ (x1, y1)
u2−→ . . .

ut−→
(xt, yt).



xi. The numerically most stable method to compute this is using Singular Value Decompo-
sition (SVD). This procedure gives us the eigenvectors and the eigenvalues for the initial set
of images. After the SVD computation, we use the subset of d eigenvectors corresponding
to the largest eigenvalues as rows of the projection matrix W . After the dimensionality re-
duction, a mixture model can be used to approximate the sensor model. We use the model
approximation introduced by Vlassis et al. in [16]

p(yt|xt) =
J∑

j=1

λ(yt, yj) φ(xt|xj), (4)

with xj the nearest-neighbors (i.e., the subset of training points xj with a set of features yj

more similar to yt), λ(yt, yj) a weight that favors nearest-neighbors closer to yt, and φ(xt|xj)
a Gaussian centered at xj .

3 Appearance-based CML

In a CML system, the underlying probabilistic model is very similar to the one presented in
the previous section. The only difference is that the sensor model, p(y|x), has to be learned
on-line.

To define the sensor model we need to identify the areas in the space of poses where each
observation y consistently occurs. If this information is available, for a given observation yt

we can evaluate p(yt|x) on equation 1 for different x’s (i.e., for the different particles) just
checking to which degree x is in the area where yt is usually observed.

Due to aliasing, the same observation can occur in many areas in the environment. We
propose to represent each one of these areas using a Gaussian. Therefore, the CML map
would contain a set of couples (y,X) where y is an observation and X a Gaussian mixture:
X = {xk,Σk, wk}, k ∈ [1,M ], with xk the center of each Gaussian, Σk the covariance matrix
and wk a weight to indicate the confidence on the (y, xk) association.

To learn the Gaussian mixture for each observation, we propose to move the robot around
recording pairs (y,Xp), withXp a Gaussian mixture representing the estimation of the robot’s
pose when y was observed (Xp can be computed from the particles). If the observation y is a
new one, we create a new point in our map. If y is an already known observation, the Gaussian
mixture stored in the corresponding map point, X ′, is updated using with the Gaussian mix-
ture for the current estimation on the robot’s pose, Xp. This update can result in an increase
of the uncertainty on the positions where y can be observed (if we have to do the union of X
and Xp) or in a reduction of that uncertainty (if we can intersect X and Xp). By performing
these union and intersection operations long enough, we would identify all the poses where a
given observation consistently occurs.

A wrong estimation on the robot’s pose can induce wrong information to be added to
the map. Our assumption is that, eventually, the estimation on the robot position would be
corrected (using the correct points on the map) and that, from that moment, the map can be
also corrected. Additionally, we assume that the initial position of the robot is known (all
localization is performed w.r.t. that initial point) and, so, at least we have one correct point in
the map.

Due to noise in the sensors, we are not likely to observe exactly the same observation y
more than once. For this reason, we say that two observations, y1, y2, are the same if their
distance ‖y1−y2‖ is below a given threshold δy. Since only observations that are further than



δy from previous observations are considered new (and, thus, used to create new points in
the map), δy determines the granularity of the discretization of the feature space we use to
approximate p(y|x). When setting δy, we have to trade off tolerance to noise vs. uncertainty
in localization: a large δy means high tolerance to noise but low location accuracy. In most
of the cases, however, we don’t need an extremely accurate localization to move the robot in
a given environment, provided that the controller includes low level behaviors to deal with
local details in the environment such as obstacles, doors, etc.

A important remark is that, since the appearance-map is learned on-line, we can not use
PCA to define the projection matrix for the images. What we propose is to use a standard
compression technique as, for instance, the discrete cosine transform.

Next, we assume that we have a map in the just outlined format and we describe how to
use it to improve the robot’s position estimation. After this, we enter in detail in how the map
is generated and updated using the estimation on the robot’s position.

3.1 Robot’s Position Estimation

As mentioned, we represent the robot’s position at time t with a set of particles {πi, xi}, i ∈
[1, N ]. After executing action ut, we get an observation yt and we want to update the robot’s
position estimation. To update the particles, the simplest thing we can do is to apply the action
model for ut. This provides a new position estimate with larger uncertainty than the previous
one. If there is no observation in the map closer than δy to yt, we can not refine the estimation
on the robot’s position. So, in the worst case, the robot’s pose estimation is computed by the
sequential application of the action model from the last moment at which the robot’s pose
was known.

On the other hand, if there are J observations in the map similar-enough to the current
one, we use them to define the likelihood

p(yt|x) =
J∑

j=1

λ(yt, yj)

Mj∑
k=1

w
j

k ψ(x|xj

k,Σ
j

k), (5)

with ψ a Gaussian centered at xj

k and with covariance matrix Σj

k. This is a generalization of
the sensor model on equation 4: the information on the position where observations yj are
obtained is replaced by the uncertain information given by the Gaussian mixture associated
with each yj .

If the weighted sum of the likelihood of the particles,
∑N

i=1
πi p(yt|xi), is significant

(larger than 10−4 in our implementation), then there is an agreement between the current hy-
pothesis on the robot’s position and the estimation obtained using the map. In this case, we
sample a new set of N particles using πi p(yt|xi) as a weighting factor (this is the sampling
process used in the Auxiliary Particle Filter [13]). The result of this sampling is a concentra-
tion of the particles in the prior-likelihood intersection and, thus, a reduction in the uncertainty
on the robot’s pose estimation.

If the weighted sum of the likelihood of the particles is not large enough, the prior and
the likelihood provide alternative hypotheses on the robot’s position. This can be produced
by many causes such as errors in the map, noise in the sensor readings, errors in the current
estimation on the robot’s pose, or due to a kidnap. There is no way to differentiate a priori in
which of these situations we are. Therefore, what we have to do is to track all the hypotheses



and to wait for subsequent sensor readings to determine which one of them is the correct one
and, thus, in which one of the situations we were. To preserve the prior and to add the new
hypotheses suggested by the likelihood, we keep a percentage (80% in our implementation)
of the particles selecting them at random and we sample the rest of particles from the sensor
model (equation 5). This sampling method is closely related with the heuristic presented in [9]
to deal with the kidnap problem, which is a particular case of mismatch between the prior and
the likelihood.

3.2 Map Update

There are two operation to be performed on the map: adding new points to it and updating
the information of previously added points.

We add a new point if there is no point in the map with an observation closer than δy to the
current observation, yt. The point added to the map includes the current observation and a set
of Gaussian functions resulting from clustering the particles representing the current position
of the robot. Particles that are close to each other are represented by the same Gaussian. The
center of the Gaussian is the average of the particles and the covariance matrix is computed
from the dispersion of these particles. Finally, the weight assigned to the Gaussian is the
addition of the weights of the particles it represents. To avoid too weak hypotheses on the
robot’s position, Gaussians with low weight (less than 0.01) are not considered.

If the map includes observations similar to the current one, we use the current estimation
on the robot’s position to update the corresponding map points. We cluster the particles to get
a Gaussian mixture as explained before and we fuse the resulting Gaussian mixture with the
Gaussian mixtures stored in training points to be updated. The fusion consist in adding the
new Gaussian mixture to the Gaussian mixture in the training points, merging those Gaussians
that are close enough (i.e., with a small squared Mahalanobis distance between centers). The
merge operation is a weighted average for the mean and the covariance matrices and an
addition of the weights of those Gaussians. After the fusion of the Gaussian mixtures, we
re-normalize the weights. The result is that overlapping Gaussians are reinforced since their
(relative) weight is increased. If we know for sure that our action model is correct (i.e., no
kidnap situations are possible), we can back-propagate the improvements in a given map
point to previous points in the map along the path of the robot using, for instance, the method
described in [4].

4 Experiments and Results

We tested the proposed CML system in two experiments. In both of them we perform concur-
rent map building and localization but in the first one we mainly check for the performance of
the localization and the second one is more demanding as far as map building is concerned.
In the two experiments the robot is taking images every 1 second and applying the CML
algorithm described above.

In the first experiment, we manually drive the robot along a closed circuit four times (see
figure 1-left). Since the robot moves in an non-explored area, the first loop is used to initialize
the map. In the other three iterations, an error in odometry is induced by slightly lifting
and rotating the robot clockwise when it is at position (0, 0.75). This makes the information
provided by odometry invalid and the position of the robot must be estimated by exploiting
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Figure 1: Left, the path of the robot used for the tests. The environment is a normal office.
The initial position of the robot is at the origin O aligned to the X positive axis. Units are
in meters. Right, the path followed by the robot according to odometry (dotted line) and the
estimated position using our CML system (solid line).

the map built in the first loop. Figure 1-right shows the the path of the robot according to
odometry (dotted line) and according to our localization method (solid line)3. At point D, we
can see the initial divergence between the position according to odometry and the estimated
one: the CML system first follows odometry but after a few seconds the matching between the
observations obtained by the robot and those in the map allows for a correction in the position
estimation. In the last three loops no new points are added to the map, but the existing ones
are updated. This update allows the CML system to provide a good estimation of the position,
even getting better in the last loops, while the position according to odometry is completely
wrong.

The second experiments is more demanding as far as map construction is concerned. In
this experiment, we repeat the same path as in the first one (see figure 1-left), but in the
first loop, at position A the robot is kidnapped: lifted and displaced to position B and rotated
180◦. Thus, according to odometry the robot moves fromA to C while it is actually is moving
from B to O. The kidnap introduces a large error while the map is in its initial construction
phase (observations initially assigned to points in the path from A to C are actually occurring
in the path from B to O). When the robot gets to O the error is detected and the correct
position is recovered. In the following iterations over the loop, the CML system corrects
the map and it finally manage to provide correct localization. We can use an example to
show how the map correction works. Initially, the incorrect association (y, {(x1,Σ1, w1 =
1.0)}) is stored in the map (see figure 1). In the second loop, this map point is updated
to (y, {(x1,Σ1, w1 = 0.5), (x2,Σ2, w2 = 0.5)}). In the following iterations, the weight of
the association (y, x1) decreases while the correct association (y, x2) is reinforced. After
some loops, the association (y, x1) becomes weak and it is eventually removed from the map.
Observations initially wrongly associated with positions close to A are corrected first and the
correction is propagated toward observations initially wrongly associated with points close to
C, but that are actually close to O.

Figure 2 shows the error in localization as the robot moves around the circuit. Large errors
are due to the wrong points in the map caused by the initial kidnap. We can see that the system

3In the first loop both lines are mostly overlapped, so the dotted one can be hardly appreciated.
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Figure 2: Error in localization when we kidnap the robot in the initial steps of the map construction.

is able to compensate for these wrong points. Every loop around the circuit takes 100 time
slices (except the first one that is shorter due to the kidnap).

5 Conclusions

We have introduced a system that is able to simultaneously build an appearance-map of the
environment and to use this map, still under construction, to improve the localization of the
robot. The experiments reported on this paper show that this approach is able to provided
good robot localization even when severe errors are introduced in the map.

The use of a particle-based representation for the position of the robot allows us to deal
with the non-linearities of the action model. On the other hand, the representation of a map
using highly compressed images and Gaussian mixtures (derived form the clustering of par-
ticles) allows us to represent the environment in a very compact way.

The on-line construction and update of the map allows us to overcome the major hur-
dles of traditional appearance-based localization. First, the robot can operate in previously
unknown areas. Second, we can deal with changes in the environment: new observations ob-
tained at already explored positions are added to the map and the old observations at those
position are not used any more and they are slowly forgotten. Finally, the way in which the
map is built guarantees a uniform sampling of the feature space and not of the geometric
space, as it happens in normal appearance-based localization. Sampling uniformly the fea-
ture space is essential for achieving a good localization since the sensor model is based on
the similarities (i.e., the distances) in that space.

When we start our system from scratch, we need to know the initial position of the robot
but, as the map is built, our system is able to perform global localization.

The accuracy in localization that can be achieved by the presented CML system for a
given position X is lower bounded by the error in odometry for a direct displacement from
the origin O to X . Thus, the error in odometry limits the area that we can map with a given
accuracy. With our Nomad Scout robot we can map an area of about 20 × 20 meters with
a positioning error lower than 1 meter (an error below 5%). To enlarge this area, we need
to use additional motion sensors (visual odometry, accelerometers, etc) to complement the
information of the odometry.

The results presented in this paper qualify the proposed approach as a very promising



one, but much work has to be done to complete the system. The two main points we want to
address in the near future are a better formalization of our CML system, and the integration
of the navigation in the robot controller since, as mentioned, up to now the robot is manually
operated using a joystick.
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