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Abstract

Assistive robotic devices –such as robotic
wheelchairs– need environment information to
ensure safe navigation. In the field of envi-
ronment recognition, range sensors (such as Li-
DAR and ultrasonic systems) and artificial vi-
sion devices are widely used; however, these
sensors depend on environment constraints
(such as lighting variability or color of objects).
In this work we propose a sound-based ap-
proach to enhance the environment recognition
process. Our proposal is based on a neural net-
work implementation which is able to classify
up to 15 different environments, with accuracy
rates ranging from 84% to 93%. This classifi-
cation can later be used to constrain assistive
vehicle navigation in order to protect the user.
In this work, we include real experimentation
(carried out at UFES ’s campus –Brazil–) and
statistical validation of our proposal.

1 Introduction

Assistive vehicles are aimed at improving user’s motion
capabilities. Regardless of the mode in which the ve-
hicle is driven (i.e., autonomous, semi-autonomous or
non-autonomous [Bastos et al, 2013]), it must be able to
interact with the user and with the surrounding environ-
ment. In this context, the vehicle should use the envi-
ronment information it acquires to perform actions as-
sociated with navigation procedures. These procedures
are aimed at helping the user to accomplish the desired
task. Nevertheless, the vehicle’s behaviour is restricted
by the environment characteristics.

Indoors and outdoors navigation strategies require
different design approaches, sensors and vehicles with
special characteristics in order to interact with the
environment. Thus, the type of environment deter-
mines the nature of the navigation strategy, and solving
the environment recognition problem becomes the first

stage before implementing navigational schemes. Sev-
eral approaches have been presented in the scientific
literature to solve the problem of environment recog-
nition for mobile robot’s navigational systems. For
example, [Hasegawa et al, 2010; Kanda et al, 2010;
Sugiura et al, 2007] use omnidirectional images for envi-
ronment recognition and learning, where, after process-
ing successive readings, the system is able to determine
obstacles, free paths-ways and store in memory a cat-
alog of the visited places. Also, using artificial vision
systems, [Okazaki et al, 2007] presents a stereo vision
system that is able to recognize irregular ground for mo-
bile robot navigation awareness; in [Jia et al, 2007] an
RFID aided stereo vision system is used for obstacle de-
tection and environment recognition; and in [Mitsuhashi
and Kuroda, 2011], a monocular vision system is used
to find correspondences between acquired images and
stored ones for environment classification. Despite the
fact that vision systems are widely used for environment
learning and recognition, they are restricted to lighting
conditions and indoor environments, as the ones shown
in the previously mentioned works. In order to face this
problem, LiDAR systems are used instead.

The use of range laser sensors is not only focused on
solving indoors problems, but also outdoors and indus-
trial applications. For example, [Zhuang et al, 2013] uses
a 3D range laser system for modeling, classification and
tracking of moving objects in indoor dynamic environ-
ments; in [Nishimoto et al, 2007] a similar approach is
presented, where a LiDAR system is also used for indoors
classification. In [Tongtong et al, 2011], the LiDAR sys-
tem is used to classify and learn ground characteristics in
outdoors, whereas [Bakambu et al, 2006] uses the same
sensor for a rover localization in natural environments.

Within the same context, localization and mapping
problems, strongly related to environment classifica-
tion and recognition, have been tackled in the last few
decades using SLAM (Simultaneous Localization and
Mapping) algorithms. It is worth mentioning that SLAM
algorithms are mainly focused on concurrently estimat-
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ing the map of the environment and the robot’s position
within such a map, as it navigates interacting with the
environment [Guivant and Nebot, 2002; Kumar et al,
2004; Guivant et al, 2000]. The information acquired by
the SLAM algorithm can then be used for environment
recognition and classification [Guivant and Nebot, 2002;
Auat Cheein and Carelli, 2011].

Some approaches in assistive vehicles also consider
environment learning and SLAM, as the ones previ-
ously presented by the authors [Bastos et al, 2013], in
which a robotized wheelchair maps the environment as
it navigates and uses such information for safe path
planning and control. However, motion control ac-
tions for assistive vehicles usually do not take into ac-
count the environment information, instead, they are
focused on the vehicle per se (i.e., the dynamic and
kinematic problem) and on the user-vehicle relation
as a single dynamic model [De la Cruz et al, 2012;
Auat Cheein et al, 2011].

In this work, we present a sound-based environment
recognition system for several scenarios: static, dynamic,
crowded, empty, with presence of cars, among others.
This data can later be used to constrain the maximum
speeds that an assistive vehicle can reach according to
the environment information, with focus on the user’s
safeness. The main advantage of this approach is that
it offers an accurate environment classification stage for
the assistive vehicle’s navigation. The approach shown
in this work should be used as a complement to vision
or LiDAR based environment recognition approaches.

This paper is organized as follows: Section 1.1,
presents related work in sound-based environment de-
tection; in Section 2 we present the general architecture
of the proposed system, along with the training results of
the different networks and rules for constraining vehicle
navigation. In Section 3 we show experimental results
and further validation of the system with a spatial clas-
sification at UFES’s campus; finally, in Section 4, we
present the conclusions of our work.

1.1 Related Work

Environment classification using sound is complex due
to the unstructured nature of the audio data. Different
approaches have been proposed in order to recognize and
label a vehicle’s surroundings (e.g., as a street, hallway
or park) through the extraction of different time and
frequency domain features [Muhammad and Alghathbar,
2009; Chu et al, 2006; Hwang and Lee, 2012]. Other
studies aim towards the identification of specific sound
sources, rather than environments, such as [Stoeckle et
al, 2001; Toyoda et al, 2004; Yadav et al, 2013], and the
same ideas can be used in other applications, such as
digital audio forensics [Obaid and Almazyad, 2011].

Feature extraction is a key aspect of the environ-

ment recognition system. In systems with a classifier
that admits a numerous amount of inputs, the mag-
nitude of FFT (Fast Fourier Transform) of the sound
signal can be used directly as a feature [Stoeckle et
al, 2001], but does not offer remarkable results, es-
pecially considering it neglects temporal variations of
the spectrum. In this same line, MFCC (Mel Fre-
quency Cepstral Coefficients) are widely used with ac-
ceptable results [Chu et al, 2006; Hwang and Lee, 2012;
Chu et al, 2009] due to their ability to accurately rep-
resent the envelope of a power spectrum, while reducing
the feature vector significantly. Similarly, LPC (Linear
Prediction Coefficients) are also used [Chu et al, 2006;
2009], and are particularly useful in applications involv-
ing voice identification and compression. However, these
coefficients alone do not contain information regard-
ing temporal variations of the spectrum; in fact, LPC
asumes the signal is WSS (Wide-Sense Stationary) if the
purpose is to synthesize voice correctly. Thus, ∆ MFCC
and ∆ LPC have been used to incorporate information
regarding the temporal variations of the previously men-
tioned features [Chu et al, 2009], but this increases the
feature vector size significantly. Additionally, MPEG-
7 audio low level descriptors can be used as features
[Obaid and Almazyad, 2011], along with others such as
Zero-crossing rate [Muhammad and Alghathbar, 2009;
Chu et al, 2006]. In [Chu et al, 2009], matching persuit
is used for feature extraction and shows best results in
combination frequency-domain features such as MFCC.

Another key aspect is the classifier, the selection
of which directly affects the performance of the sys-
tem. Some operate better than others depending on the
number of input features, the complexity of the model
required to separate the data, the processing power
available or the application. Common classifiers for
sound based environmental recognition are HMM (Hid-
den Markov Models) [Hwang and Lee, 2012] and GMM
(Gaussian Mixture Models) [Chu et al, 2006; 2009], how-
ever, these classifiers require careful parameter selection.
Another frequently used classifier is K-NN (K–Nearest
Neighbours) [Chu et al, 2006; Hwang and Lee, 2012;
Chu et al, 2009] due to its simplicity and speed. A mod-
ified K-NN classifier is used in [Obaid and Almazyad,
2011]. Comparisons between methods have been made
[Chu et al, 2006; 2009] showing slightly better results
for GMM depending on the nature of the classification,
with K-NN outperforming others in training speed. Ad-
ditionally, Artificial Neural Networks (ANN) can also be
used to classify the data. In [Baritelli and Grasso, 2008;
Stoeckle et al, 2001], the architecture of the network
included only one hidden layer, whereas [Toyoda et al,
2004; Yadav et al, 2013] used two or more. In [Toyoda
et al, 2004], advantages of artificial neural networks such
as simplicity and speed compared to HMM are stated, in
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addition to the difficulty of generating a perfect database
to cover all types of environmental sounds.

Our proposal is a system that classifies different fea-
tures with proven effectiveness in audio recognition (e.g,
MFCC, LPC, zero-crossing, etc.) using neural networks
for the detection of specific sounds (cars and people).
The resulting classification can be used to modify speed
constraints in the vehicle for safe navigation. The sys-
tem must be capable of recognizing the sound sources
even if they present overlap, thus we propose a divide-
and-conquer approach in which different neural networks
classify simultaneously the sound data, each detecting
specific environment characteristics.

2 General System Architecture

The classification approach proposed in this work is
oriented to describe the environment surrounding the
robotic assistive vehicle via sound processing, as op-
posed to labeling the location (e.g., a hallway, a street,
or a park). This provides more accurate information
of the important aspects of the environment. In this
work, we selected as relevant environmental character-
istics the presence of people and automobiles, detecting
their proximity, and in the case of people, also estimating
the amount of people nearby.

2.1 Environment Classification

The system is designed to classify the following scenarios:

• Proximity of people: No people, people nearby, peo-
ple far from the assistive vehicle.

• Amount of people: No people, few people, many
people.

• Proximity of cars: No cars, cars nearby, cars far
from the assistive vehicle.

Given the subjective nature of this classification, in
order to maintain consistency between measurements,
we set the following rules:

• For amount of people, 1 to 4 people are considered
few people and 5 or more are considered many peo-
ple.

• For people proximity, 3 meters or less is considered
close, 3 to 20 meters is considered far, and any fur-
ther is classified as no people in the training set.

• For proximity of cars, 5 meters or less is considered
close, 5 to 40 meters is considered far, and any fur-
ther is classified as no cars in the training set.

Proximity of people is relevant for vehicle navigation,
as people are potential obstacles and we must take pre-
cautions to avoid collisions. The number of people in
the surrounding environment is just as relevant, consid-
ering that we must assume higher probability of trajec-
tory changes if we are navigating in an environment with

many people present. The proximity of cars is relevant
as automobiles are possible threats to the patient in the
assistance vehicle, but the amount of cars is not as im-
portant, given that the vehicle will not be navigating
through streets (and by extension, around cars) as it
will through, for example, hallways and side-walks.

Eliminating all redundancies, the total number of pos-
sible environments the system can classify is 15.

2.2 Data Collection

For a realistic approach, the audio samples captured for
training and validation of the system were chosen with
overlap of the previously mentioned characteristics (e.g.,
environments with people nearby and cars far away, no –
or few– people and cars nearby) as well as with the sound
characteristics present on their own. All data was col-
lected from the Universidade Federal do Esṕırito Santo
– Brazil – campus at different times and locations, dur-
ing the course of several days. The data was labeled
as it was recorded following the premises mentioned in
Section 2.1.

We used a Thermaltake omnidirectional microphone
–shown in Fig. 1– and recorded 669 samples, each 5
seconds long and sampled at 16 KHz, 16 bits. All data
had their mean value subtracted.

Figure 1: Thermaltake omnidirectional microphone.

2.3 System Architecture

A basic diagram of the complete system architecture is
presented in Fig. 2. Both the user and the robotic assis-
tance vehicle form a closed loop with the environment.
In this work we have focused on the latter, which extracts
data from the environment via sensors (in this case, au-
dio) for ultimately modifying movement and navigation
constraints.

Audio Feature Extraction

Feature extraction is a critical part of building a robust
classification system. We selected a wide range of fea-
tures from the time and frequency domain to use as in-
puts for the neural network classifier. For calculating the
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Figure 2: General system architecture.

features, we divided each 5-second audio sample into 30
ms frames, each multiplied by a Hanning window. All
FFTs calculated are of 512 points.

Our approach is to combine the use of time-domain
and frequency-domain features. Frequency-domain fea-
tures are accurate at characterizing sound sources, how-
ever, the calculation of FFTs implies a time-frequency
compromise, and long window sizes deprive us of details
regarding the evolution of the spectrum over time. We
take this into account by calculating the variation of our
frequency-domain features as well as their average val-
ues. Dividing in frames gives us the required temporal
resolution, along with an accurate spectral representa-
tion of the captured sound.

We use MFCCs as features taking into account that
the network must detect the presence of human voices,
calculating 26 coefficients and using the first 13. For
this same reason, LPC coefficients are also used (9 co-
efficients). Additionally, we incorporate the use of clas-
sic time-domain features, such as Zero-crossing rate and
RMS (Root Mean Squared) value of the signal, and
frequency-domain descriptors such as spectral centroid
and spectral flatness.

To take into account the variations of the previously
mentioned features over time, while keeping the total
number of features at a minimum, we use a Flux function
that calculates the average Euclidean distance between
two feature vectors (at two adjacent frames) as follows:

Flux = ||Xn −Xn−1||2 (1)

Evidently, for 1×1 feature vectors such as RMS value,
the flux is only the average difference between frames.

Table 1 summarizes all the features calculated. All
features are normalized to zero mean and unit variance
for training and validation.

Table 1: Audio Features
N◦ Feature

1-9 LPC coefficients (second to tenth)
10 Spectral Flux
11-13 Spectral Flatness (in three frequency bands)
14 Zero-crossing rate
15 RMS of audio signal
16-28 MFCC (first 13 coefficients)
29 Spectral Centroid
30 Flux of LPC coefficients
31 Flux of Spectral Flatness coefficients
32 Flux of Zero-Crossing rate
33 Flux of RMS
34 Flux of MFCC coefficients
35 Flux of Spectral Centroid

Artificial Neural Network Classifier

In order to classify the data we input the normalized fea-
tures into a series of neural networks. The idea is to use
a different neural network for each type of classification.
In this case, we train three ANNs: the first one classi-
fies the proximity of people, the second one classifies the
amount of people, and the third one the proximity of
automobiles.

All three neural networks have the same architecture.
Each is a feed-forward ANN with 35 neurons for the in-
put layer, 15 neurons in the hidden layer and 3 neu-
rons in the output layer. The three output neurons
correspond to each of the three possible classifications
in each case. Thus, for example, given an audio sam-
ple with the presence of cars nearby, ideally the ANN
in charge of classifying proximity of cars would deliver
an output O = [1, 0, 0], where the first element repre-
sents cars nearby, the second cars far, and the third no
cars. This allows us to measure the levels of ambiguity in
the classification and the confusion level of the network
(e.g, O = [0.33, 0.33, 0.33] would be a confused classi-
fication output as it detects the presence of each sce-
nario equally). For simplicity, in this work we selected
the highest output as the classification result; however,
when using this information for fusion with, for exam-
ple, vision based sensors, we must take into account the
ambiguity previously described to weigh this result ap-
propriately.

Training is performed using Levenberg-Marquardt
back-propagation [Moré, 1978] measuring performance
with the mean squared error and randomly dividing the
669 sample data set into training, validation and testing
sets.

The power of neural networks relies in the fact that
the system will automatically weigh the relevance of each
feature for the different environmental classifications it is
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trained for. For testing the accuracy of the classification,
we considered the average confusion matrix (along with
the standard deviation σ of the overall performance) for
each neural network after training the network 20 times,
with random selection of the training set, validation set
and test set. The average confusion matrix for each ANN
when classifying the test data is as follows (first row:
Target class, first column: Output class):

Table 2: Confusion Matrix for Car Proximity Neural
Network (CC: Cars close, CF: cars far, NC: no cars).

CC CF NC Accuracy(%)

CC 11.45 0.45 2.00 82.4
CF 0.60 20.6 0.95 93.0
NC 1.35 1.65 60.95 95.3
Total 93.0 (σ = 2.9)

Table 3: Confusion Matrix for People Proximity Neu-
ral Network (PC: People close, PF: People far, NP: No
people).

PC PF NP Accuracy(%)

PC 36.65 0.85 0.65 96.1
PF 1.50 24.60 2.50 86.0
NP 1.65 3.20 28.40 85.4
Total 89.7 (σ = 2.8)

Table 4: Confusion Matrix for People Quantity Neural
Network (MP: Many people, FP: Few People, NP: No
people).

MP FP NP Accuracy(%)

MP 30.15 3.10 1.20 87.5
FP 2.85 24.30 3.10 80.3
NP 0.50 4.95 29.85 84.6
Total 84.3 (σ = 3.6)

The testing results of Tables 2-4 show that the over-
all system performance is close to 90% of accuracy rate,
with the weakest network (people proximity) showing
an accuracy of 84.3%, and the best one (car proximity)
a 93.0%. Further analysis indicates that the network
performs best in the absence of overlap of different stim-
ulus, i.e, cars and people. However, the neural networks
are working in complete independence from one another
(they have no means of communication).

Vehicle Constraints

The above mentioned environment classification can be
used to constrain an assistive vehicle’s motion. As stated

in [Bastos et al, 2013], if the motion of the assistive ve-
hicle is driven by user efforts, then she/he must be able
to adequate such efforts for safe and collision risk free
navigation or maneuvering according to the environment
characteristics.

On the other hand, if the assistive vehicle performs au-
tonomously (or in a semi-autonomous mode), the system
should have implemented a set of restrictions in order to
prevent the user against undesired behaviours of the ve-
hicle (e.g., excessive speed or risky maneuvers), which
attempt against the user’s and the vehicle’s integrity.

With this scenario, we propose the implementation of
a set of motion constraining rules for the assistive vehicle
with the purpose of protecting the user from collisions.
To this end, we use the sound-based classification system
presented in the previous Sections. The results of this
work are aimed to be implemented on an assistive vehi-
cle such as the one previously developed by the authors
[Bastos et al, 2013], shown in Fig. 3.

Figure 3: Assistive vehicle: robotized wheelchair.

The kinematic model of the assistive vehicle can be
associated with a unicycle-like model [De la Cruz et al,
2012], shown in Eq. 2,

ẋt = Vt cos θt
ẏt = Vt sin θt
θ̇t = Wt

(2)

where xt, yt and θt are the pose of the vehicle at time in-
stant t; Vt is the traction speed and Wt is the rotational
speed. As can be seen, constraining the vehicle’s motion
implies constraining the control actions Vt and Wt. In
fact, the main objective is to restrict the maximum ve-
locities that the wheelchair can reach, despite its naviga-
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tion mode –i.e., autonomous, semi-autonomous or non-
autonomous [Bastos et al, 2013]–, according to the en-
vironment recognition process presented in Section 2.3.
Briefly,

1. The wheelchair’s maximum traction speed is
Vmax = 1 m/s and its maximum rotational speed is
Wmax = 45 degrees/s.

2. If the environment recognition stage determines
that the environment is crowded, then Vmax =
0.25 m/s and Wmax = 10 degrees/s. Thus, the
wheelchair is able to navigate with caution.

3. If the environment is lightly crowded, then Vmax =
0.5 m/s and Wmax = 20 degrees/s.

4. If the environment is people-free, then Vmax =
1 m/s and Wmax = 45 degrees/s.

5. If the wheelchair is very near cars, then Vmax =
0.25 m/s and Wmax = 10 degrees/s (it is able to
move with caution).

6. If the wheelchair is lightly close to cars, then Vmax =
0.5 m/s and Wmax = 20 degrees/s.

7. If the wheelchair is in an cars-free environment, then
Vmax = 1 m/s and Wmax = 45 degrees/s.

8. If an environment has associated two or more classi-
fications (e.g., the wheelchair is near cars in a place
lightly crowded), the values of Vmax and Wmax cor-
respond to the minimum values that they can reach
among all the current classifications.

9. A similar approach is applied to all classified envi-
ronments.

The proposed rules obey to human logic in similar sce-
narios: if we are in a crowded room, we walk with more
caution, avoiding rough movements; if we are approach-
ing an area with vehicles, we proceed carefully, especially
when our line of sight is obstructed. It is worth mention-
ing that the methodology used in this work for assigning
the wheelchair’s maximum speeds is a design criterion
and that these rules do not correspond to control laws;
instead, they impose restrictions upon said laws for safer
navigation.

3 Experimental Results

To evaluate and validate the classification results, we
chose 10 locations in UFES campus in Vitoria, Brazil
(Fig 4). In each place 5 samples – each 1 minute long –
with a sample frequency of 16 KHz and 16 bits of resolu-
tion were taken at different times during the day. After-
wards, these samples were introduced as an input to the
neural network, previously trained as was mentioned in
Section 2.3. Thus, we obtain a spatial environment clas-
sification of UFES’ campus, distinguishing zones where
people are conglomerated or where no people are present.

The same case for classification of vehicle activity.

A general description of the locations that were chosen
to take samples –listed according to the number specified
in Fig. 4 –is as follows:

1. In this place it is common to see a lot of people
together at certain hours of the day, away from any
street.

2. This point is near a street, where vehicles pass
through with certain frequency. The presence of
people is limited because it is a secondary street.

3. Like in location 1, a lot of people usually meet here,
but a parking lot is near from this site and it intro-
duces vehicles’ noise.

4. It is a quiet place, away from the noise of vehicles
because it is in the center of the campus. Further-
more, it is a place of low concurrence of people.

5. This place is away from any street, but is in a usual
pathway into the campus where people walk by reg-
ularly.

6. This point is near from an important external city
avenue, where a great amount of cars are circulating
at all times.

7. This point is relatively away from the streets, and
people usually meet here.

8. This place is near from a quiet street with few run-
ning cars. Moreover, it is away from any pathway.

9. Like location 8, it is near a somewhat busy street.

10. This point is an interior place in the campus, the
presence of cars is null, but it is near a pathway.
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Figure 4: Map of UFES campus with an indicator for
each place chosen to take samples.

In Table 5, the results of the classification for each lo-
cation are shown along with a view of the place where
the sound sample was acquired. In the bar-plots to the
left of each picture, we show the validation results of our
proposal. Labels 1, 2 and 3 refer the proximity of people
and/or vehicles surrounding the recording point (prox-
imity of people and proximity of cars neural networks),
where label 1 means that there is no presence of vehi-
cles or people; label 2 represents people and/or cars that
are far from the recording point; whereas label 3 implies
that people and/or cars that are close to the recording
point. In the case of the quantity of people neural net-
work, label 1 represents no presence of people; label 2
means people are present but in small numbers; label 3
implies people are present and in great number, as was
stated in Section 2.2.

From the classification results shown in Table 5, we
can distinguish zones with no regular human presence,
walking-by areas and social gathering points, in addition
to streets with different levels of traffic.

Locations 1 and 3 are known to be noisy, with great
presence of people and some cars. As can be seen in
Table 5 the classification is close to the observed reality.

Moreover, the results show that the system was sensible
to the parking place near location 3, because it gives a
greater percentage in the proximity of cars classification
than location 1, where streets and parking areas are far
away.

On the other hand, we can see more ambiguous results
in the classification of location 7, where the presence of
distant people wasn’t accurately detected, because the
sound of people speaking is masked by the background
noise of a street far from such location. This situation de-
picts the drawbacks in the recognition system: it shows
some misclassifications in cases where people are distant
and cars are present in the location.

Similarly, in the classification of location 6, the sys-
tem had difficulties distinguishing the proximity of vehi-
cles due to the great amount of constant traffic, hence
erroneously classifying cars far as cars close.

4 Conclusions

This work has presented a neural network-based environ-
ment recognition system for constraining assistive vehi-
cle navigation, by restricting its maximum speeds ac-
cording to the environment classification. To this aim,
15 types of environments were proposed, based on the
amount of people surrounding the vehicle, the proxim-
ity of such people and the presence (or not) of running
cars. To perform the classification, three neural networks
were trained to identify presence of people and automo-
biles by extraction of frequency and time domain fea-
tures from sound samples of the environment. Briefly,
our proposal has shown an accuracy rate of 93% when
recognizing proximity of cars within the environment; an
89.7% in the proximity of people case; and an 84.3% for
the case amount of people nearby the vehicle. To obtain
the mentioned results, we used 669 sound recordings of
5 seconds each, from different locations within the facil-
ities of UFES –Brazil–.

The purpose of the environment recognition process is
to constrain vehicle navigation, focused on protecting the
user of the assistive device. In cases where the detected
amount of people –or the proximity of running cars– sur-
rounding the vehicle represents a risk to the user, then
the maximum speeds that the vehicle can reach are au-
tomatically lowered. On the other hand, in cases where
no people or running cars are detected, then the control
system implemented on the vehicle allows it to reach
the maximum permissible speeds (both linear and rota-
tional).

As a future work, the authors plan to apply the pro-
posed environment recognition strategy in the facilities
of Universidad Técnica Federico Santa Maŕıa, Chile, in
order to enhance the acquired data set for further vali-
dation and improvement of the obtained accuracy rates
in the environment recognition process. The system
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Table 5: Classification results and pictures of the recording points.

Classification of location 1 Location 1 Classification of location 6 Location 6

Classification of location 2 Location 2 Classification of location 7 Location 7

Classification of location 3 Location 3 Classification of location 8 Location 8

Classification of location 4 Location 4 Classification of location 9 Location 9

Classification of location 5 Location 5 Classification of location 10 Location 10

will later be implemented and tested on the presented
wheelchair for real-time validation and fusion with vi-
sion sensor data.
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