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Abstract

When an autonomous robot drives around in a
house, it will encounter obstacles. Some of these
obstacles, like furniture or walls, should be avoided
to prevent the robot being damaged. Other obsta-
cles however, have to be passed when a robot has to
leave a room, for example a doorstep or a tapestry.
In this research we tried to determine which obsta-
cles can be passed, and which cannot. To make this
classification, we used a Time Delay Neural Net-
work, an Echo State Network and a Naive Bayes
Classifier. The robot we used was equipped with
four infra-red sensors, two of which were pointed
downwards so even small obstacles could be de-
tected. Our research shows that, of the algorithms
tested by us, The Naive Bayes Classifier gives the
best results, and that the four used sensors might
not always give enough information to make a cor-
rect classification.

1 Introduction

When an autonomous robot is driving through a
building, that robot will encounter obstacles. Most
of these obstacles, for instance furniture, should be
avoided to prevent the robot from being damaged.
However, when the robot is moving from one room
to another, it will usually encounter some kind of
threshold in the doorway. This threshold should ob-
viously not be avoided, the same goes for objects
like high tapestries. For an autonomous robot it is
crucial to be able to distinguish between objects it
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can pass, and those it should avoid.
For our study we will use a robot provided by

Philips Robotics, the robot will be equipped with
four infra-red (IR) sensors. Because two of the sen-
sors are pointing downwards we can determine the
height of an object as the robot approaches the ob-
ject. Unless the object is higher than the placing
of these IR sensors, in which case the robot will
certainly not be able to traverse the obstacle.

The robot will be capable of passing objects with
a height up to about 1.5 cm. However, this does
not mean that it should pass every object lower
than 1.5 cm, as the robot will be used as a vacuum
cleaner. Objects that the robot should not drive
over include for instance electrical wires and pencils
or socks.

Because our robot is equipped with relatively
simple sensors it is not easy to distinguish between
for example a sock that should be avoided and a
tapestry that can be crossed.

Research on this subject has been done by
Philips. However, they have not yet found a solu-
tion to this problem, and have not published their
results. Their research has nevertheless shown that
at least some useful information can be drawn from
the size of the object; objects that are higher than
1.5 cm should not be passed, but objects that are
low but wide and/or deep have a higher chance of
being passable than very small objects. As has been
said however the heuristics that have been tried
by Philips have not yielded the desired results. An
other solution for this problem would be the usage
of some kind of Machine-Learning to classify the
objects our robot encounters.

In this study we will make a dataset in coopera-
tion with Philips Robotics. This dataset will consist
of data generated by a robot driving towards sev-
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eral objects from different angles. We will try to
classify the obstacles in this data set, using several
Machine-Learning algorithms. The results that we
get from this study will be used to determine which
algorithm is best suited for this problem.

The machine-learning techniques that we will use
for this study will be a time-delay neural-network,
an echo state network and Naive Bayes Classifica-
tion.

Time Delay Neural Networks (TDNN) are a kind
of feed-forward neural-network that can learn us-
ing the back-propagation algorithm. TDNN were
first introduced by Waibel et al. for the recognition
of phonemes (Waibel, Hanazawa, Hinton, Shikano,
and Lang, 1990). Later TDNNs have for example
been used for Automatic Target Recognition of exo-
atmospheric warheads (Lin, 2004).

Echo State Networks (ESN) (Jaeger, 2002) are a
type of recurrent neural network that can predict
time series (Jaeger and Haas, 2004), and have also
been used for speech recognition (Skowronski and
Harris, 2007) and localization problems (Broertjes
and de Jong, 2009).

Naive Bayes Classifiers (NBC) use a simple prob-
abilistic method for classification. This method cal-
culates the probability that an object belongs to a
certain class using the features of the object and
the chance that an object in that class will have
those features.

In the following sections we will more accurately
describe these algorithms and how we will use them
to classify obstacles.

2 Background

2.1 TDNN

Time Delay Neural Networks are basically feed-
forward neural networks, with the difference that
in a TDNN, a neuron bases its output value not
only on the current input, but also in the input
from the n previous steps (see Figure 1). This way
a network can use the information it had a few
steps back in time. In a normal network the activa-
tion of a neuron is computed by multiplying the in-
puts with the weights and passing the sum of these
weighted inputs to a threshold- or sigmoid function.
In a TDNN the same procedure is used, but instead
of one weight per input neuron, each of the n delay

steps has its own weight. Because a layer ‘knows’
about the past, a network of time-delay layers can
compare inputs from different points in time.

Training a TDNN can be done with an al-
gorithm similar to back-propagation (Rumelhart,
Hinton, and Williams, 1986). In back-propagation
the weights in the network are initialized randomly.
Then, after a training sample has been presented to
the network, for each neuron in the output level the
desired output and a scaling factor are calculated.
This scaling factor, to make the output match the
desired output, is the local error. All weights then
are adjusted to lower the local error. When the lo-
cal error is calculated for all neurons at the output
level, calculate which neurons of the previous level
are to blame for this error, assuming that the neu-
rons with higher weights have more influence on the
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Figure 1: A schematic view of a TDNN with four input
neurons, a hidden layer of five neurons, and two output
neurons. The neurons further to the right get their ac-
tivation from the neuron to their left, thereby creating a
time-delay. The yellow box contains the input neurons
and their delay, and the neurons that are activated by
the input layer. The blue box contains the neurons in
the hidden layer and their delay, and the neurons that
are activated by the hidden layer.
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error. Then, for the previous level the weights are
adjusted according to this ‘blame’ factor. This is
then repeated for all previous levels in the network
(see Algorithm 1). The standard back-propagation
is used to calculate the error for each input, so a
separate error is computed for each time-delay from
each input neuron.

2.2 ESN

Echo State Networks are a kind of neural networks,
that together with liquid state networks form a
group of algorithms used for reservoir computing.
The theory of reservoir computing is that an in-
put signal can be fed to the reservoir, in order to
map the input to a higher dimension. The reser-
voir consists of a large recurrent neural network,
that behaves like a dynamical system, and responds
non-linearly to the input signal.

The neurons in the reservoir are connected to
random other neurons in the reservoir. This ran-
domness in the connections can result in circular
connections, in the form of one neuron activating
itself, or a series of neurons activating each other.
These circular connections allow the network to ‘re-
member’ previous input signals and compare them
with the current input. This makes ESNs fit to pro-
cess time-series.

In an ESN a number of output neurons are con-
nected to random neurons in the reservoir, which
in turn have randomly generated feedback connec-
tions back to the reservoir (see Figure 2). These

Algorithm 1 Backpropagation

Initialize the weights randomly
repeat
for each example e in the training set do
O ⇐ Pass(network, e)
T ⇐ teacher output for e
E ⇐ T −O
Update output weights to reduce E
for every other layer li (in reverse order) do

Compute ‘blame’ for all weights from li−1

to the previous layer
Update weights to reduce E

end for
end for

until Error is acceptably low

feedback connections make it possible to maintain
activation in the reservoir without new input and
allow the network to behave dependent on previous
output, or handle temporal input patterns.

The ESN receives input from a number of neu-
rons that have connections with random weights to
the reservoir. The connections from the input neu-
rons to the reservoir are fixed, and will not change
during the training of the network.

There are a few other parameters that can influ-
ence the performance of an ESN. The first is the
input connectivity (Cin), which defines the proba-
bility that an input neuron has a connection to each
of the neurons in the reservoir. The second is the
connectivity in the network (C), which defines the
probability that two neurons in the reservoir are
connected. And the output connectivity (Cback),
which similarly describes the probability that an
output neuron has a connection back to a certain
neuron in the reservoir. These three parameters to-
gether define how many connections the network
will have. The last parameter is α, and defines the
spectral radius of the network; when the weights
for the network are first generated, they are scaled
to unit spectral radius, and multiplied by α. The
spectral radius thus influences how fast the activa-
tion in the network dies down, and how much past
inputs influence the current output.

Training an ESN is done in two steps, the first
one is the sampling step. In the sampling step the
input is provided to the network via the input neu-
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Figure 2: A schematic depiction of an ESN. To the
left is the input layer, with connections to the reservoir.
And at the right an output neuron with fixed connections
back to the reservoir, and changing connections from
the reservoir. The solid arrows indicate the connections
that are fixed from the start, the dotted arrows indicate
connections that are learned.
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rons, and the desired (teacher) signal is written into
the output units, this is often called teacher forc-
ing. During the sampling step the internal states of
the reservoir are saved in a state-collecting matrix
M , the teacher outputs are saved in a matrix T .
After all input data has been fed to the network,
in the computation step the weights, that the con-
nections to the output neurons should have, can
be calculated by computing the matrix-inverse over
M , and multiplying that with the teacher outputs:
W out = M−1T . This way, the teacher time series
is approximated as a linear combination of the in-
ternal activation time series. Finally, the computed
weights are implemented in the network (Jaeger,
2002).

Besides these output weights, all other weights
and connections are fixed from the moment they are
generated. Because only the weights of the output
neurons change during training, the training of an
ESN becomes a simple linear regression task.

2.3 NBC

Naive Bayes Classification is a simple probabilis-
tic method of classification. The method depends
on the assumption that all features of the ob-
ject it is classifying are independent of each other,
given the class of that object. To classify an ob-
ject, the following value is calculated for each class
p(C|F1, F2, . . . , FN ) where C denotes the class and
F1, . . . , FN are the features present in the object.
Using Bayes’ theorem (Bayes and Price, 1763) and
the assumption that all features are independent of
each other, give the class, this can be rewritten to:

p(C|F1, . . . , FN ) = p(C)

n∏
i=1

p(Fi|C)

The classification is then done by choosing the class
with the highest chance.

C = max(p(C1|F1, . . . , FN ), . . . , p(Cn|F1, . . . , FN ))

Learning is done by calculating p(Fi|C) for all fea-
tures in a large number of known examples.

3 Method

In this section we will describe how our experiments
were done. In the first subsection we discuss the

creation of our dataset, the subsequent subsections
describe the algorithms we used. The last subsec-
tion describes the experiment itself.

3.1 Dataset

For our dataset we used a robot provided by Philips
Robotics. The robot was equipped with several sen-
sors, of which we used four IR sensors. The first two
sensors were located 80 mm above floor level, and
108 mm on either side of the middle of the robot.
These sensors were pointing outwards in an angle of
40 deg. The other two sensors were positioned 100
mm above floor level, and 66 mm on either side of
the middle as can be seen in figure 3. These sensors
were pointing to the middle in an angle of 33 deg
and downwards in an angle of 65 deg. These last
two sensors allow the robot to detect a threshold
from a distance of tan(65) ∗ 100 ≈ 214 mm.

The dataset consisted of 52 runs of the robot
driving towards an obstacle. The initial distance of
the robot towards the obstacle was always 1 me-
ter. For these runs we used 17 different objects,
among others one aluminium doorstep, two wooden
doorsteps, of which one was too high, a chair and a
table and a few rugs. But also a number of other ob-
jects a robot could encounter in a living room, like
a lamp post, an electrical wire and a potted plant.
We let the robot drive at most objects from a num-
ber of different angles, as the robot should also be
able to classify obstacles if it is not approaching
that object in a straight line.

During each of these runs, we have recorded the

Figure 3: A schematic view of the robot. In red the
beams of the IR sensors that can detect a threshold, in
yellow the beams of the sensors that can detect bigger
objects.
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values returned of all four sensors (N1:4), as well
as the position of the robot. For every run we have
recorded if the robot would be able to pass the ob-
stacle or not. If the robot could not pass the obsta-
cle, it should stop 5 cm in front of that obstacle, so
after driving 95 cm.

To increase the amount of data we could use for
training, we duplicated every run five times. For
every set of five runs we acquired that way, we re-
moved the data of the first 10 cm from the second
run, the data of the first 20 cm from the third run
and so on (see figure 4). By doing so we made sure
the algorithms would learn to recognize an obstacle,
and not just to stop after driving 95 cm. Consecu-
tively we added noise to this data, so the training
data would not be exactly the same as the testing
data. We did this by computing the standard devi-
ation of the sensor output during the first 50 cm of
every run. Then we generated normally distributed
random numbers with that same standard devia-
tion, which were then added to the original data.

The resulting dataset however, was flawed in that
there were far more time-steps where the robot
could drive on, than time-steps where the robot
had to stop. Because of this, we made a second
dataset with only the last 70, 73, 76, 79 and 82
cm instead of the 100, 90, 80, 70 and 60 cm in the
original dataset. This resulted in a somewhat more
balanced dataset. Because the sensors were placed
to see objects in front of the robot, we could not
make the runs much shorter than this, even though
the resulting dataset was still not really balanced.

This way we got two sets of 260 runs. To get
a better estimate of the algorithms performance
we used k-fold cross-validation for our experiments.
One in five runs were used in a test set, the others
in a training set. We made five test sets and train-

run 1

run 2

run 3

run 4

run 5

 

Figure 4: After we duplicated a run five times we re-
moved the first 10, 20, 30 and 40% from the consecutive
duplicate runs.

ing sets this way, so every run has been used in one
test set and in four training sets, for both the short
and the long dataset.

3.2 TDNN

Our TDNN had four input neurons I1:4. Every
time-step each of the sensor values N1:4,t were given
to these input neurons. It had three hidden layers,
each with five neurons. The hidden layers had time
delays of fifty, thirty and twenty steps respectively.
We gave our network two output neurons O1:2, one
(O1) should be active when the robot could pass
an object, the other (O2) if the robot could not
pass the object. The time delay of fifty steps in
the first hidden layer was not enough for the net-
work to evaluate a complete object, a doorstep with
a depth of approximately three centimetres took
about a hundred steps, however, larger time delays
give memory problems in Matlab.

For our experiments we used the TDNN imple-
mentation provided by the Matlab neural-networks
toolbox.

3.3 ESN

Like the TDNN our ESN had four input neurons
(I1:4) and two output neurons (O1:2). To be able to
make a fair comparison with the TDNN we used a
reservoir of fifteen neurons (the TDNN had three
layers of five neurons). We runned several tests to
find the optimal values for the connectivity of the

Figure 5: The making of our data set. Here the robot is
driving towards a rug that is low enough, but the robot
could get stuck in the long hairs.
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neurons in the reservoir (C), of the input neurons
to the reservoir (Cin) and of the output neurons
back to the reservoir (CBack).

Also like the TDNN, for the ESN the output of
the sensors N1:4,t were given to the input neurons
I1:4 every time-step. O1 should become active if the
robot could drive on, whereas O2 should activate if
the object could not be passed.

Unlike the TDNN, which used backpropagation,
the ESN did not have iterative learning. After all
training data had been fed to the network the out-
put weights were calculated at once. This raised the
problem that we could not use several data-runs. A
possible solution would be to just append all runs
to make one very long run. Here the problem would
be that the transition between the runs would not
be realistic, an obstacle would suddenly disappear
at the start of the next run. Another solution could
be to train for each run separately and use the av-
erage of the computed output weights for testing.
We have tried both options to see which would yield
the best results.

To find out which connectivity values worked
best, we tried combinations of different connectiv-
ity probabilities. We tested connectivity probabili-
ties of 0.1, 0.5 and 0.9 for each of C, Cin and Cout

resulting to 27 tests in total for each of the two
training methods described in the previous para-
graph.

In our experiments we used a modified version of
the Matlab implementation of an ESN by Broertjes
and de Jong (2009).

3.4 NBC

In our experiments we used a number of fea-
tures: the current sensor input N1:4,t, the maximum
max(N1:4,t, N1:4,t−1, . . . , N1:4,t−100) and minimum
min(N1:4,t, N1:4,t−1, . . . , N1:4,t−100) values for each
sensor over the last 100 steps. We also used the
average value over the last 100 steps (N1:4,t +
N1:4,t−1 + · · ·+N1:4,t−100)/100 and the number of
steps since the last time the sensor returned its de-
fault value. The default value being the average of
each sensor when the robot does not see any object.

We used the Naive Bayes implementation in the
Matlab statistics toolbox.

3.5 Experiment

To compare these algorithms we compared the av-
erage percentage of correctly classified time-steps.
With the making of the dataset we recorded for
each run if the object could be passed or not, and
if the robot could not pass the obstacle, it should
stop on a distance of 5 cm from the obstacle. To de-
termine the percentage of correctly classified time-
steps we could just compare the output value of the
algorithm to the recorded value. If the algorithm
can not make a decision for a certain time-step it
was always considered to be incorrect. Since Naive
Bayes Classification is a deterministic algorithm it
only had to be runned once, the other algorithms
were trained multiple times for each train and test
set, in order to obtain a reliable measure of correct-
ness.

4 Results

Below we describe the results we got by executing
the experiments as described in the previous sec-
tion. Like in the previous sections we first discuss
the Time Delay Neural Network, then the Echo
State Network and finally the Naive Bayes Clas-
sifier. In the second section we also describe the
optimal connectivity values for the ESN.

4.1 TDNN

We have tested the TDNN with both the long and
the short dataset. The confusion matrix with the
results of the long dataset can be seen in Table 1,
the confusion matrix with the results of the short
dataset are in Table 2. The columns of the con-
fusion matrix show how the classifications should
have been made, the rows show the actual results.
Cells with the same classification in the row and
column (positive, positive and negative, negative)
are correct classifications, the others are incorrect.

In Table 1 it can be seen that although the
percentage of correct classifications is quite high
(92.02%), no real learning effect has occurred, as
the algorithm always answered positive, meaning
that the robot could drive on.

In Table 2 we can see that the same is true for the
shorter dataset. Because the short dataset is a lit-
tle less unbalanced the actual percentage of correct
classifications has gone down (to 76.70%), however
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Table 1: TDNN Confusion Matrix with long dataset

Desired Value
positive negative

Classification
positive 92.02% 7.98%
negative 0% 0%
unknown 0% 0%

Table 2: TDNN Confusion Matrix with short dataset

Desired Value
positive negative

Classification
positive 76.70% 23.30%
negative 0% 0%
unknown 0% 0%

the algorithm still classified every situation as save
to drive on.

4.2 ESN

The ESN has been tested many more times than
the TDNN. Not only have we run two different ver-
sions of the ESN, but we also tried to determine
the optimal connectivity parameters. As expected
there were big differences in performance between
the different connectivity settings.

The optimal connectivity parameter values for
the first ESN (with the runs appended) can be seen
in Table 3, the confusion matrix for the run with the
best performance is in Table 4. Tables 5 and 6 show
the same for the second ESN (that was trained for
all runs separately). It can be seen that the second
ESN generated better results than the first one, as
the top five from Table 5 are all better than the
best from Table 3. Although the best run (Table 6)
seemed to classify most cases as safe to drive on,
the ESN seemed to be a little less troubled by the
unbalancedness of the dataset than the TDNN.

The same tests have of course been done with
the shorter dataset, and the results of the first ESN
can be seen in Table 7. The confusion matrix of the
best run can be seen in Table 8. Although the short
dataset is more balanced than the long one, the
performance of the first ESN has not improved with
the short dataset. The performance of the second
ESN is shown in Table 9. The confusion matrix of
the best run is in Table 10. The second ESN too
had better results with the long dataset than with
the short, but with the short dataset still performed

Table 3: first ESN performance for different parameter
settings with the long dataset

run Cin C Cout correct % incorrect %
2 0.1 0.1 0.5 59.61% 40.39%
20 0.9 0.1 0.5 57.38% 42.62%
14 0.5 0.5 0.5 55.32% 44.68%
21 0.9 0.1 0.9 55.37% 44.63%
9 0.1 0.9 0.9 54.46% 45.54%
3 0.1 0.1 0.9 54.44% 45.56%
22 0.9 0.5 0.1 52.63% 47.37%
16 0.5 0.9 0.1 51.87% 48.13%
1 0.1 0.1 0.1 44.88% 55.12%
8 0.1 0.9 0.5 44.32% 55.68%
18 0.5 0.9 0.9 42.79% 57.21%
5 0.1 0.5 0.5 42.57% 57.43%
26 0.9 0.9 0.5 41.46% 58.54%
27 0.9 0.9 0.9 40.86% 59.14%
7 0.1 0.9 0.1 37.97% 62.03%
23 0.9 0.5 0.5 36.82% 63.18%
12 0.5 0.1 0.9 30.18% 69.82%
15 0.5 0.5 0.9 27.85% 72.15%
19 0.9 0.1 0.1 20.62% 79.38%
10 0.5 0.1 0.1 17.01% 82.99%
25 0.9 0.9 0.1 16.80% 83.20%
11 0.5 0.1 0.5 14.84% 85.16%
13 0.5 0.5 0.1 14.80% 85.20%
17 0.5 0.9 0.5 7.94% 92.06%
6 0.1 0.5 0.9 7.04% 92.96%
24 0.9 0.5 0.9 6.61% 93.39%
4 0.1 0.5 0.1 6.13% 93.87%

better than the first ESN.

4.3 NBC

With the NBC we have only run two tests, the
confusion matrices for the runs with the long and
short dataset are shown respectively in Tables 11
and 12. As the percentage of correct classifica-
tions with the NBC is 89, 65 + 5.26 = 94.91% and
69.77 + 13.99 = 83.76% for the long and the short
dataset the NBC has generated the best results of
our experiments. A possible reason for this is dis-
cussed in the next subsection.
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Table 4: Confusion Matrix of the run with the best con-
nectivity settings for the first ESN with the long dataset

Desired Value
positive negative

Classification
positive 58.02% 4.35%
negative 13.76% 1.60%
unknown 20.24% 2.03%

Table 5: second ESN performance for different param-
eter settings with the long dataset

run Cin C Cout correct % incorrect %
14 0.5 0.5 0.5 83.60% 16.40%
25 0.9 0.9 0.1 67.45% 32.55%
20 0.9 0.1 0.5 65.11% 34.89%
26 0.9 0.9 0.5 61.21% 38.79%
23 0.9 0.5 0.5 60.28% 39.72%
27 0.9 0.9 0.9 59.93% 40.07%
16 0.5 0.9 0.1 59.51% 40.49%
1 0.1 0.1 0.1 53.29% 46.71%
24 0.9 0.5 0.9 50.62% 49.38%
9 0.1 0.9 0.9 50.20% 49.80%
13 0.5 0.5 0.1 48.89% 51.11%
10 0.5 0.1 0.1 44.07% 55.93%
6 0.1 0.5 0.9 38.77% 61.23%
18 0.5 0.9 0.9 37.80% 62.20%
22 0.9 0.5 0.1 35.67% 64.33%
4 0.1 0.5 0.1 34.95% 65.05%
21 0.9 0.1 0.9 33.71% 66.29%
8 0.1 0.9 0.5 31.82% 68.18%
5 0.1 0.5 0.5 27.37% 72.63%
12 0.5 0.1 0.9 21.13% 78.87%
7 0.1 0.9 0.1 21.07% 78.93%
19 0.9 0.1 0.1 23.27% 76.73%
15 0.5 0.5 0.9 19.16% 80.84%
11 0.5 0.1 0.5 17.72% 82.28%
2 0.1 0.1 0.5 4.74% 95.26%
3 0.1 0.1 0.9 4.71% 95.29%
17 0.5 0.9 0.5 0.39% 99.61%

Table 6: Confusion Matrix of the run with the best
connectivity settings for the second ESN with the long
dataset

Desired Value
positive negative

Classification
positive 83.55% 6.14%
negative 0.46% 0.05%
unknown 8.00% 1.80%

Table 7: first ESN performance for different parameter
settings with the short dataset

run Cin C Cout correct % incorrect %
21 0.9 0.1 0.9 51.66% 48.34%
22 0.9 0.5 0.1 49.99% 50.01%
3 0.1 0.1 0.9 47.49% 52.51%
14 0.5 0.5 0.5 46.67% 53.33%
2 0.1 0.1 0.5 46.45% 53.55%
20 0.9 0.1 0.5 44.95% 55.05%
26 0.9 0.9 0.5 44.11% 55.89%
9 0.1 0.9 0.9 43.82% 56.18%
18 0.5 0.9 0.9 43.07% 56.93%
16 0.5 0.9 0.1 42.72% 57.28%
5 0.1 0.5 0.5 42.00% 58.00%
8 0.1 0.9 0.5 42.00% 58.00%
1 0.1 0.1 0.1 40.10% 59.90%
15 0.5 0.5 0.9 37.32% 62.68%
6 0.1 0.5 0.9 36.88% 63.12%
27 0.9 0.9 0.9 36.34% 63.66%
7 0.1 0.9 0.1 34.79% 65.21%
17 0.5 0.9 0.5 30.89% 69.11%
19 0.9 0.1 0.1 26.29% 73.71%
24 0.9 0.5 0.9 20.76% 79.24%
25 0.9 0.9 0.1 19.84% 80.16%
23 0.9 0.5 0.5 19.34% 80.66%
11 0.5 0.1 0.5 18.40% 81.60%
12 0.5 0.1 0.9 16.14% 83.86%
13 0.5 0.5 0.1 16.04% 83.96%
4 0.1 0.5 0.1 15.00% 85.00%
10 0.5 0.1 0.1 9.03% 90.97%

Table 8: Confusion Matrix of the run with the best
connectivity settings for the first ESN with the short
dataset

Desired Value
positive negative

Classification
positive 42.99% 12.66%
negative 31.63% 8.67%
unknown 2.08% 1.98%
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Table 9: second ESN performance for different param-
eter settings with the short dataset

run Cin C Cout correct % incorrect %
14 0.5 0.5 0.5 60.00% 40.00%
26 0.9 0.9 0.5 59.52% 40.48%
22 0.9 0.5 0.1 57.25% 42.75%
8 0.1 0.9 0.5 57.06% 42.94%
18 0.5 0.9 0.9 53.61% 46.39%
20 0.9 0.1 0.5 51.88% 48.12%
23 0.9 0.5 0.5 49.98% 50.02%
27 0.9 0.9 0.9 48.58% 51.42%
5 0.1 0.5 0.5 45.74% 54.26%
2 0.1 0.1 0.5 46.50% 53.50%
1 0.1 0.1 0.1 46.20% 53.80%
21 0.9 0.1 0.9 44.19% 55.81%
11 0.5 0.1 0.5 41.00% 59.00%
3 0.1 0.1 0.9 40.36% 59.64%
7 0.1 0.9 0.1 39.74% 60.26%
13 0.5 0.5 0.1 38.39% 61.61%
9 0.1 0.9 0.9 35.99% 64.01%
25 0.9 0.9 0.1 35.85% 64.15%
17 0.5 0.9 0.5 35.63% 64.37%
19 0.9 0.1 0.1 33.08% 66.92%
12 0.5 0.1 0.9 32.15% 67.85%
10 0.5 0.1 0.1 31.11% 68.89%
15 0.5 0.5 0.9 30.97% 69.03%
6 0.1 0.5 0.9 29.70% 70.30%
24 0.9 0.5 0.9 28.39% 71.61%
16 0.5 0.9 0.1 25.80% 74.20%
4 0.1 0.5 0.1 6.12% 93.88%

Table 10: Confusion Matrix of the run with the best
connectivity settings for the second ESN with the short
dataset

Desired Value
positive negative

Classification
positive 59.96% 19.52%
negative 0.12% 0.04%
unknown 16.62% 3.74%

Table 11: NBC Confusion Matrix with the long dataset

Desired Value
positive negative

Classification
positive 89.65% 2.52%
negative 1.04% 5.26%
unknown 1.33% 0.20%

Table 12: NBC Confusion Matrix with the short
dataset

Desired Value
positive negative

Classification
positive 69.77% 8.41%
negative 1.40% 13.99%
unknown 5.52% 0.91%

4.4 Discussion

Of all algorithms tested, the best results were, quite
unexpected, by the NBC with the long dataset.
The reason that the best results were generated
with the NBC is probably the unbalancedness of
our dataset. Contrasting the neural networks, the
learning process of a NBC is not dependent on a
balanced dataset as the number of occurrences of a
certain class does not change the probability that
an object belongs to that class given its features.
When a neural network, however, is presented more
instances of a certain class during its training, the
chance that the network would recognize an object
as belonging to that class rises.

Because a NBC does not need a balanced dataset
it would do better with a longer dataset, as it has
seen more examples and thus has a better estimate
of p(C|F1, . . . , FN ).

5 Discussion

In this section we summarize our experiment and
its results, discuss the practical value of our exper-
iments and give some suggestions for further re-
search.

5.1 Threshold Detection

In our experiments we tested several machine learn-
ing algorithms on their ability to determine if a
robot could keep driving, or had to stop, given
the data from its sensors. The tested algorithms
were a Time Delay Neural Network, two variants
of an Echo State Network and Naive Bayes Clas-
sification. As described in Section 4 the TDNN
got a high percentage of correct classifications, but
this was mostly due to the unbalancedness of our
dataset, as the network classified all points as safe
to drive on. The ESN seemed to deal much better
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with the unbalancedness of the dataset even though
it didn’t produce more correct classifications. Of
the two ESN’s we tested, the one where we trained
for each run separately and used the average of the
computed weights produced better results than the
one with all runs appended and trained at once.
The overall best results were from the NBC, this
is probably caused by the fact that NBCs are not
negatively affected by an unbalanced dataset.

5.2 Practical Value

In its current form, the TDNN would not be of any
practical value to solve the problem of threshold
classification, it might however perform better if it
is trained with a more balanced dataset. The ESN
too does not perform good enough to be of prac-
tical value yet. The NBC, however, does have the
best performance in our test and when trained with
more data it would probably improve.

5.3 Further Research

Further research could in the first place of course
be done with a more balanced dataset, however,
that would require some changes in the sensors of
the robot. The reason for this is that if sensors are
looking forward, there will almost always be more
data-points where the robot should drive on, be-
cause the robot should stop in front of the obsta-
cle but not as soon as the obstacle is detected. An
other option for additional research would be to use
a different time-delay. The Naive Bayes Classifica-
tion algorithm performed best in our tests, and it
might be improved by using more features from the
available data. Finally, it would be interesting to
see how the algorithms would do if they had more
information from more or different sensors.
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