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Abstract.  Vision-based place recognition is a desirable feature for an autonomous mobile
system. In order to work in realistic scenarios, a visual recognition algorithm should have two
key properties: robustness and adaptability. This paper focuses on the latter, and presents a
discriminative incremental learning approach to place recognition. We use a recently introduced
version of the fixed-partition incremental SVM, which allows to control the memory requirements
as the system updates its internal representation. At the same time, it preserves the recognition
performance of the batch algorithm and runs online. In order to assess the method, we acquired
a database capturing the intrinsic variability of places over time. Extensive experiments show the
power and the potential of the approach.
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1 Introduction

A fundamental requirement for an autonomous mobile system is the ability to localize itself within
a known environment. Vision based systems have gained popularity recently, and several methods
have been proposed using vision alone [1, 2, 3], or combined with more traditional range sensors, like
laser and sonars [4, 5]. We see two main reasons behind this trend: (1) vision potentially offers more
portable and cost effective solutions, as new mass markets for camera technology results in significantly
reduced prices and increased performance; (2) vision can provide information unavailable to other
sensors: for instance, it can provide semantic information on a scene through the understanding of its
visual appearance. This would open various opportunities in terms of flexibility and use of contextual
information.

Current research on vision-based localization systems faces several issues, of which robustness
and adaptability are probably the most challenging. The system should be robust to many types of
variations such as changes in illumination conditions, people moving around, or objects being used
and moved. Moreover, the visual appearance of indoor environments changes continuously in time.
This poses serious problems for recognition algorithms trained off-line on data acquired once and for
all during a fixed time span. At the same time, when used on a robot, the system must run in real-time
on hardware with limited processing and memory resources.

In our previous work [6], we presented a purely appearance-based model able to cope with illumina-
tion and pose changes, and we showed experimentally that it could achieve satisfactory performances
when considering short time intervals between the training and testing data acquisition. Nevertheless,
a room’s appearance is doomed to change dramatically in time because it is used: chairs are pushed
around, objects are taken in/out of drawers, furniture and paintings are added, or changed, or re-
arranged; and so forth. As it is not possible to predict a priori how a room is going to change, it is not
possible to acquire beforehand training data representative of all its possible visual variations. Thus,
the only possible strategy for a visual place recognition algorithm aiming to work in realistic settings
is to update its internal representation in time, learning incrementally from the new data recorded
during use.

In this paper, we focus on the ability of the recognition algorithm to adapt to the changes over a
long period of time. We argue that adaptation should be performed incrementally, and the internal
representation should be updated (rather then rebuilt from scratch) without the need to keep all the
previously acquired training data in memory. Moreover, the updating process should gradually forget
unnecessary information and keep the model compact, fast, and free from redundancy. To achieve
these goals we applied several Support Vector Machine incremental learning algorithms [7, 8, 9] to the
domain of visual place recognition. In order to test their effectiveness on this scenario, we extended the
database used in our previous experiments [6] with new data acquired similarly, but after 6 months,
using the same two mobile robot platforms. Extensive experiments clearly show the power of our
approach, while illustrating the need for incremental solutions in real-time mobile robotics.

The rest of the paper is organized as follows: after a review of related literature (Section 2),
Section 3 presents our approach to incremental place recognition as well as our algorithms of choice.
Section 4 describes the scenario and database used during the experimental evaluation, whose results
are reported in Section 5. The paper concludes with a summary discussion and possible directions for
future work.

2 Related Works in Place Recognition

Incremental learning approaches had been so far mostly used for constructing the geometrical map,
or the environment representation, online. E. Brunskill et al. [10] proposed a SLAM model using
incremental PCA for simultaneous localization and mapping. A similar approach was used in the only
work we are aware of that uses an incremental method in the context of place recognition. In [11]
they used incremental PCA to update low-dimensional representations of images taken by a mobile



IDIAP-RR 06-52 3

robot as it moved around in an environment. They also tested repetitive learning of their model
with the same training images several times. Note that their work was not addressing the problem of
environment variations and of its complexity in real-world data.

3 Incremental Place Recognition

This section describes our approach to incremental place recognition and the corresponding algorithm.
We adopt the appearance-based paradigm, and we assume that a realistic scene can be represented by
a global descriptor without any loss of discriminative information. Thus, as each learning step, every
room is represented by a set of feature vectors, extracted by a collection of images capturing its visual
appearance. The system updates incrementally its decision function: after having acquired a fixed,
pre-defined number of images for each room, the algorithm triggers the incremental learning function
and integrates potential new information in the existing internal representation. This leads to a visual
place recognition system able to adapt in time to the natural changes of a real-world setting.

The rest of this section describes the basic principles of support vector machines (Section 3.1), two
popular incremental version of the basic algorithm (Section 3.2) and our modified, memory-controlled
version of incremental SVMs (Section 3.3). A comprehensive description of the experimental setup is
given in Section 4.

3.1 Support Vector Machines

Support Vector Machines (SVMs, [12, 13]) belong to the class of large margin classifiers. Consider the
problem of separating the set of training data (x1,y1), (2,y2), ... (€m,Ym) into two classes, where
x; € RY is a feature vector and y; € {—1,+1} its class label (for the multi-class extensions, we refer
the reader to [12, 13]). If we assume that the two classes can be linearly separated, the optimal
hyperplane is the one which has maximum distance to the closest points in the training set, resulting

in a classification function
f(x) = sgn <Z QY - T+ b) ) (1)

i=1
where «; and b are found by using an SVC learning algorithm [12, 13]. Most of the «;’s take the

value of zero; x; with nonzero «; are the “support vectors”. A nonlinear SVM can be constructed by
replacing the inner product @ - y in the linear SVM by the kernel function K (z,y) [12, 13]

f(x) =sgn (Z iy K (zi, ) + b) ~ (2)

This corresponds to constructing an optimal separating hyperplane in the feature space. In this paper
we use the x? kernel [14] K(z,y) = exp{—yx?(x,y)}, which has shown to give good performances
for histogram-like features [6] for place recognition.

3.2 SVM: an Incremental Extension

Among all incremental SVM extensions proposed in the machine learning literature so far [7, 8, 15],
approximate methods seem to be the most suitable for visual recognition: firstly - as opposed to exact
methods like [15]- they discard a significant amount of the training data at each incremental step.
Secondly, they are expected to achieve performances not too far from those obtained by an SVM
trained on the complete data set (batch algorithm), because at each incremental step the algorithm
remembers the essential class boundary information regarding the data seen so far (in form of support
vectors). This information contributes properly to generate the classifier at the next iteration.

Once a new batch of data is loaded into memory, there are different possibilities for the updating
of the current model, which might discard a part of the new data according to some fixed criteria
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[8, 7]. In this paper we used two methods, the fixed-partition [7] and the error-driven technique [8].
Fixed-partition technique In this method the training data set is partitioned in batches of fixed
size k:

T = {(2131, yl); ey (wm,ym)} = {Tl,Tg, .. Tn},

with T'; = {(w;, y;) ?:1. At the first step, the model is trained on the first batch of data T'1, obtaining

a classification function
my
Ji(x) = sgn <Z alylel - x+ b1> :
i=1

At the second step, a new batch of data is loaded into memory; then, the new training set becomes
Tgw = {TQ U SV1}, SV1 {wl anl’

where SV are the support vectors learned at the first step. The new classification function will be:

ma
f2(x) = sgn <Z 2ylx? - x + b2> .
i=1

Thus, as new batches of data points are loaded into memory, the existing support vector model is
updated, so to generate the classifier at that incremental step.

Error-driven technique As opposed to the method described above, the error-driven technique
makes a filtering on the batch data at each incremental step: given the model SV M, at the step t,
the new batch data are loaded into memory and classified using SV M;. If the data is misclassified it
is kept, otherwise it is discarded. Once a pre-fixed number n. of misclassified data is collected, the
support vector of SV My, together with the n. misclassified points, are used as training data to obtain
the new model SV My, .

A common problem to both these approaches, and in general to all incremental extensions of SVM,
is that in principle there is no limitation to the memory growth. Indeed, several experimental evalua-
tions shows that, while approximate methods generally achieve classification performances equivalent
to those of batch SVM, the number of SVs tends to grow proportionally to the number of incremental
steps [9]. This is of course a serious issue for a method designed to work on a robotic platform.

3.3 Memory-Controlled Incremental SVM

In [9] we proposed a modification of the fixed-partition algorithm which leads to a controlled growth of
the memory requirements for incremental SVM. Experiments on collections of images showed promis-
ing results. Here we propose to use this method on image sequences, so to obtain an adaptive model.
The core idea of our memory-controlled algorithm is that the set of support vectors X = {x;}7,
in eq (2) is not guaranteed to be linearly independent. Based on this observation, it is possible to
reduce the number of support vector of a trained classifier, eliminating those which can be expressed
as a linear combination of the others in the feature space. By updating the weights accordingly, it is
ensured that the decision function is exactly the same as the original one [16]. More specifically, let
us suppose that the first » support vectors are linearly independent, and the remaining m — r depend
linearly on those in the feature space: Vj =r +1,...m, ; € span{x;};_;. Then it holds

iE itj ZCU x, mv (3)

By substituting eq (3) into eq (2) and re-defining the weights (we refer the readers to [16, 9] for the

detailed derivation), we get:
= sgn <Z QY K (x, x; —|—b> (4)
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Figure 1: Sample images illustrating the variations captured in the IDOL2 database. Images in the
top row show the variability introduced by changes in illumination for two rooms (first six images) as
well as people appearing in the environment. The middle row shows the influence of people’s everyday
activity (first four images) as well as larger variations which happened over a time span of 6 months.
Finally, the bottom row illustrates the changes in viewpoint observed for a series of images acquired
one after another in 1.6 second.

with

m
R it
@ =ai(l4+v)=a; |1 +j;rl %yi” . (5)

Thus, the resulting classification function (eq. (4)) requires now m —r less kernel evaluations than the
original one. Note that the number r of linearly independent vectors depends on the definition of linear
independence given by the reduction algorithm, which ultimately is controlled by a threshold value 7
[9]. Thus, this parameter can be effectively used to trade performance for memory requirements and
speed during classification, depending on the task at hand.

By combining this algorithm with the approximate techniques, it is possible to obtain an incre-
mental SVM with a mechanism which reduces the memory growth in a principled way. We apply
the reduction scheme at each incremental step; thus, the new representation of the data is built from
the remaining support vectors. Experiments, reported in Section 5, show that this technique is an
effective solution for a controlled growth of the memory requirements.

4 Experimental Setup

This section describes the setup used for the experiments reported in this paper. We first briefly
describe the experimental scenario (section 4.1), and then we introduce a new database for visual
place recognition from robotic platforms named IDOL2 (section 4.2).

4.1 Experimental Scenario

The presented incremental SVM algorithms allow to update the existing internal representation with-
out the need to rebuild it from scratch. Beside this fundamental ability, we have identified several
other desirable properties for incremental learning system running on robotic platforms: (a) Reduced
Memory Requirements. Once the algorithm receives a new batch of data, it should update its in-
ternal model and then discard all the unnecessary data. The model representation of incremental
SVM algorithms is given by the weighted linear combination of a discriminant subset of the training
vector; thus, it is important to verify, at each incremental step, the model capability to discard the
highest possible amount of vectors without any significant loss of performance with respect to the
batch algorithm. Experiments investigating this property are reported in section 5.1 and 5.2. (b)
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Forgetting Mechanism. As places change their visual appearance in time, the algorithm should ac-
cordingly change its internal representation and privilege newest information at the expenses to oldest
one. For incremental SVM, this means that the algorithm should tend to discard support vectors
coming from previous incremental steps, and build its model at each iteration on a significant fraction
of the newest input data. We are not aware of experimental studies on this aspect of incremental ex-
tensions of SVMs; experiments addressing this issue are described in section 5.1. (¢) Self-Detection of
Knowledge/Ignorance. Regardless of the algorithm complexity, updating the internal representation
at every incremental step is computationally expensive. Ideally, the algorithm should be able to detect
if a new set of data contains enough new information to justify the computational expense of updating
the model. We are not aware of any incremental model able to perform these steps, and incremental
SVM is no exception. Still, as a first step towards this goal, we have identified the reaching of a
plateau in memory growth and in recognition rate as quantitative indicators which might be used in
the future for implementing these functions. Experimental evaluation of these behaviors is reported
in section 5.1 and 5.2. (d) Speed. Last but not least, the incremental update should be done on-line,
thus the algorithm should have the lowest possible algorithm complexity. An analysis on this aspect
for incremental SVMs is given in section 5.3.

The design of experiments investigating all these points requires an ad-hoc database. We thus
extended the image sequences we acquired for [6], adding image sequences as well as higher variability
into the rooms over long spans. Its detailed description is the topic of the next section.

4.2 The IDOL2 Database

The IDOL2 (Image Database for rObot Localization 2, [17]) database contains 24 image sequences
acquired by a perspective camera, mounted on two mobile robot platforms Minnie and Dumbo. The
robots were manually driven through an indoor laboratory environment and the images were acquired
at a rate of 5fps. On Minnie the camera’s height was 98cm above the floor, whereas on Dumbo it
was 36cm. Fach image sequence consists of 800-1100 frames automatically labeled with one of five
different classes (printer area, corridor, kitchen, two persons office and one person office). The labeling
is based on the camera position given by laser-based localization system. The acquisition procedure
was designed to capture the changes in illumination and varying weather conditions (sunny, cloudy
and night). Also, special care was taken to capture people’s activities, change of location for objects
and for furniture; for one environment (the two-persons office room) we were able to record a quite
dramatic change in decoration, which happened over a long time span (6 months). Figure 1 shows
some sample images from the database, illustrating these variations.

The 24 image sequences are divided as follows: for each robot platform and for each weather
condition, we recorded 4 sequences. Of these four sequences, the first two were acquired six months
before the last two. This means that, for every robot and for every illumination condition, we always
have two sequences acquired under similar conditions, and two sequences acquired under very different
conditions. This makes the database useful for several types of experiments. It is important to note
that, even for the two sequences acquired within a short time span, variations still exist from everyday
activities and viewpoint differences during acquisition. For further details, we refer the reader to [17].

In order to test the various properties of interest of the incremental algorithms, we needed a rea-
sonable number of incremental steps. Thus, we splitted every sequence into 5 subsequences, so that
each subset contained one of the five images acquired by the robot every second. Since during acqui-
sition the camera’s viewpoint changes, the subsequences could be considered as recorded separately
in a static environment but for varying pose. In order to get a feeling of the variations of the frame
images in a sequence, bottom row of Figure 1 shows some sample images acquired within a time span
of 1.6 sec.
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5 Experimental Results

We conducted two series of experiments to evaluate the effectiveness of our approach. In all the
experiments, we compared the three incremental techniques as well as the batch algorithm.

The evaluation was performed using composed receptive field histograms (CRFH) [18] as global
image features!. We built the histograms from first order normalized Gaussian derivative filters
applied to the images at two different scales, and we used x? as a kernel for SVM. Such combination
previously proved effective for the place recognition task [6]. For all the experiments, we employed our
extended version of the libsum [21] library, and we determined the SVM and kernel parameters via cross
validation. For the memory-controlled incremental algorithm, the threshold parameter was adjusted
so to allow, at most, a reduction in recognition rate of 1% of that obtained with the fixed-partition
method.

5.1 Examining properties of the incremental methods

In the first series of experiments, the system was trained incrementally on three sequences acquired
under similar illumination conditions with the same robot platform; the fourth sequence was used for
testing. Training on each sequence was performed in 5 steps, using one subsequence at a time, resulting
in 15 steps in total. We considered 36 different permutations of training and test sequences; here we re-
port average results with standard deviations. Fig. 2, top, shows the recognition rates obtained at each
step using the three incremental algorithms (fixed-partition, error-driven, and memory-controlled) as
well as the batch method on the whole training data. Fig 2, bottom, reports the number of support
vectors stored in the model at each step of the incremental procedure. We can observe that the fixed-
partition incremental algorithm requires less support vectors than the batch one, while achieving an
identical performance. Also, both algorithms show plateaus in the classification rate whenever the
model is trained on similar data, coming from consecutive subsequences. This behaviour is not re-
flected in the size of the model: for both techniques, the number of support vectors grows continuously
with the number of training step. This behavior would eventually lead to a memory explosion, and it
makes us conclude that the batch and the fixed-partition incremental algorithms are not suitable for
this application.

The other two incremental extensions (memory-controlled and error-driven) seem to be better
suited for continuous learning. We see that for these methods, both the classification rate and the
number of stored support vectors show plateaus every five incremental steps (Fig 2, top and bottom).
The error-driven technique is the model with the smallest memory growth and requirement; however,
it also delivers the worst recognition performance. At the same time, the memory-controlled algorithm
performs comparably to the batch SVM, with memory requirements twice smaller. Furthermore, the
memory growth slows down over time (Fig 2, bottom). We therefore conclude that the memory-
-controlled incremental SVM is the best algorithm, of the four considered, for the problem at hand.

In order to gain a better understanding of the methods’ behavior, we performed an additional
analysis of the results. Fig 3e shows, for the three incremental techniques, the average amounts of
vectors (originating from each of the three training sequences) that remained in the model after the
final incremental step. The figure illustrates how the methods weight instances, learned at different
time, when constructing the internal representation. We see that both fixed-partition and memory-
controlled algorithms privileges new data, as the support vectors from the last training sequence are
more represented in the model. This phenomenon is stronger for the memory-controlled algorithm,
while it is not shown by the error-driven method, which seems more conservative.

To get a feeling of how the forgetting mechanism works in case of the memory-controlled method,
we plotted the positions where the support vectors were acquired. Fig. 3 reports results obtained for

IThe experiments were conducted also for local image features. We used SIFT [19] as local descriptor and local
kernels [20] for SVM. The experimental findings are similar to those reported here, and thus are omitted for space
reasons.
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a model built after the final incremental step. The positions were marked on three maps presented
in Fig. 3a,b,c so that each of the maps shows the support vectors originating from only one training
sequence. As already shown in Fig. 3e, most of the vectors in the model come from the last training
sequence. Moreover, the number of SVs from the previous training steps decreases monotonically,
thus the algorithm gradually forgets the old knowledge. It is interesting to observe how the vectors
from each sequence distribute along the path of the robot. On each map, the places crowded with
SVs are mainly transition areas between the rooms, regions of high variability, as well as places at
which the robot rotated (thus providing a lot of different visual cues without changing position). To
illustrate the point, Fig. 3d shows sample images acquired in the corridor, for which the support
vectors decay quickly, and one of the offices, for which they are being preserved much longer. The
results indicate that the forgetting is not performed in a random way. On the contrary, the algorithm
tends to preserve those training vectors that are most crucial for discriminative classification.

5.2 Real-world experiment

The next step was to test all the incremental methods in a real-world scenario. For this purpose, we
considered a case where the algorithms had to incrementally gain robustness to variations, introduced
by changing illumination and natural activity, and they also had to use their adaptation abilities to
handle long-time environment changes. We first trained the systems on three sequences acquired at
roughly similar time, but under different illumination conditions. Then, we repeated the same training
procedure on sequences acquired 6 months later. In order to increase the number of incremental steps,
and differentiate the amount of new information introduced by each set of data, each sequence was
again divided into five subsequences. In total, for each experiment we performed 30 incremental steps.
Since the IDOL2 database consists of pairs of sequences acquired under roughly similar conditions,
each training sequence had a corresponding sequence which could be used for testing.

The experiment was repeated 12 times for different orderings of the training data. Fig 4 reports
the average results together with standard deviations. Fig. 4a, compares the amounts of SVs stored
in the models at each incremental step for all the methods. The first column in Fig 4 b,c and d
shows the recognition performances, obtained by the three methods, on 6 different test sequences. We
can observe that (a) once again, the fixed-partition and the memory controlled algorithms perform
similarly, and better than the error-driven one; (b) all the approaches show a similar behavior: they
perform well on the first testing sequence (that is the one most similar to the first training sequence,
from which the models are built) while performance is poorer for the other 5 testing sequences. Thus,
after having seen only one sequence, the systems seem not to be able to generalize. If one observes
the second column in Fig Fig 4 b,c and d, the two trends described above are confirmed (i.e. the
methods perform well on two test sequences, after having being trained on two similar one). But
if one compares the results between the first and the second column, for all the methods, it shows
that all algorithm have an increase in performance on the other testing sequences. thus, the models
gained robustness by adapting incrementally the internal representations, and incorporating partly
the new available information. This behavior is present for all the columns, and all the methods.
These results illustrate how the learning process affects the performance, and emphasize the need for
adaptation. As a final comment, we remark that also for these experiments the memory-controlled
algorithm provided the best trade-off between performance and memory requirements.

5.3 Discussion

The presented results provide a clear evidence of the capability of the discriminative methods to
perform incremental learning for vision-based place recognition, and their adaptability to variations
in the environment. For all experiments, we found that the fixed-partition method performs as batch
SVM, but it is unable to control the memory growth. We also found that the error-driven method
could get a reasonable accuracy while minimizing the memory requirements. Still, even if for this last
algorithm the number of stored SVs increases slowly, the growth is anyway not predictable neither
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controllable. Moreover, none of these two methods has shown to possess a forgetting mechanism. On
the contrary, experiments have shown that they tend to prefer, when building their decision functions,
data acquired during the first training steps. In this sense they can be described as conservative, and
we can expect that they would adapt slowly in highly dynamic environments. As opposed to this,
the memory-controlled algorithm is able to achieve performances statistically equivalent to those of
batch SVM, while at the same time providing a principled and effective way to control the memory
growth. Experiments showed that this has induced a forgetting mechanism which privileges newly
acquired data to the expenses of oldest one, while reaching a memory plateau whenever new data are
similar to those already processed. All the incremental methods are intrinsically on-line. They allow
the system to delete the training images immediately after updating the model. Since it separates
the training task, the training time becomes eventually lower, than the batch learning. In the second
experiment, we observe that the last step’s training time dropped from the batch method’s 25.48s to
memory-reduced method’s 5.61s on a 2.6GHZ Pentium IV machine when trained on 5635 images from
6 sequences. The prediction per frame is more than 200% faster because of the condensed size of the
recognition model.

6 Summary and Conclusion

We proposed a discriminative incremental learning approach to place recognition, using a version of
incremental SVM, which allows to control the memory growth as the system keeps acquiring new
data. Extensive experiments show that our method achieves recognition performances statistically
equivalent to those of the batch algorithm, while obtaining a dramatic memory reduction. Moreover,
we showed experimentally that (a) the method tends to forget the oldest support vectors in favor of
newest data when updating the decision function, and (b) it reaches a plateau in performance and
memory whenever it is presented with data sequences very similar to those already learned. This
seems to indicate that our algorithm can “recognize” if a new set of data contains novel information
or not. We plan in the future to translate this plateau behavior into measurable quantities, and to use
them for switching on/off the incremental update. This would lead to an algorithm that modifies its
internal representation only in presence of new information. Other issues we plan to investigate are
the scalability of the approach and the possibility to do adaptation room by room, as the new data is
acquired.
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Figure 2: Average results obtained for experiment performed on sequences acquired under similar
illumination conditions with the same robot platform for three incremental methods and batch algo-
rithm.



12 IDIAP-RR 06-52

T v P s |
0 et | H | | 151 Pem-Pereer DFE 5 3
Soer [ L e (L]
e S L}
0 e T Amimn
- i L

{a) T8 5Ws from the first raining sequence.

i
£
-
l-_.j'
i
)

Cormidor

{d) Eomple imoges from the three roining sequences.

B . segrrce 1] 1r segemes S Trasguree ]

i A

I

} J-Z'II

L]
i | b IF l -
IBr po M 0T ,I ::-
B tchen |_ 1
e L O N P powseeth e e i
B s _|® ..........

| b ) Flead-paiion Wemory-conicled Erroa-ch e
{c) 14% Vs from the thind tmining sequence, (=) Stutistics of Vs sord in the final incremental models.

Figure 3: Maps of the environment with plotted positions of the support vectors stored in the model
obtained after the final incremental step for one of the experiments conducted using the memory-
controlled technique. The support vectors were divided into three maps (a, b, and ¢) according to
the training sequence they originate from. Additionally, each map shows the path of the robot during
acquisition of the sequence (arrows indicate the direction of driving). We observe that the SVs from
the old training sequences were gradually eliminated by the algorithm and this effect was stronger in
regions with lower variability. Sample images captured in regions of different variability can be seen
in Fig. 3d. Fig. 3e compares the average amounts of training vectors coming from the three sequences
that were stored in the final incremental model for all the three considered incremental techniques.
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Figure 4: Average results of the incremental experiments in a real-world scenario. Fig. 4a shows the
number of support vectors stored in the model after each incremental step for the three incremental
techniques and the batch method. Fig. 4b,c,d present the classification rates obtained by testing the
models built after every fifth incremental step (after the classifier have been trained on a full sequence)

with all the available test sets.



