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Abstract—In this paper we present a methodology for monitoring of human activities in home using audio recordings captured from
mobile phone. Specifically, after estimating a large set of audio features, unsupervised clustering is performed in order to extract
feature subspaces. Human activity sound models were trained using different combinations of these subspaces. The best performance
92.46% was achieved using a neural network classifier.
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I. INTRODUCTION
Over the last decade the achievements in areas such as artificial intelligence, social robotics, sensors, statistical signal
modeling and machine learning have resulted to the development of autonomous monitoring systems. Monitoring systems are
mainly used in applications which promote private/social security, i.e. surveillance systems, or health and well-being. Monitoring
systems can roughly be divided into outdoors and indoors, based on the area of application.
Indoors monitoring systems are becoming more and more popular, mainly due to the fact that the ageing population is
growing and thus systems that will be able to monitor elders within their homes in order to prevent risks and manage their health
status are now essential. Except the ageing population, monitoring systems are also used for the general population in order to
provide well-being by analyzing everyday activities and behaviors.
Human activity monitoring is based on data acquisition from a number of sensors, which are processed and analyzed in order
to detect specific human activity patterns, such as cooking, eating, walking, showering, flushing etc. The detected human activity
events as well as their time and duration log files are further processed in order to understand the affective status of the subject,
his/her personal hygiene and everyday habits. Adaptive and personalized behavior models can be developed based on this
information which can be on a continuous 24/7 basis. Also, the human activity detectors can be used for detecting hazardous
situations, e.g. human body fall, or abnormal situations and subsequently activate an alarm or inform the care-giving person or
directly warn the subject him/herself.
For the data acquisition several sensors and modalities have been used. Data acquisition can be performed either using one
type of sensors or using multimodal input channels, which are afterwards typically fused on model or decision level.
One of the most popular type of sensors for human activity monitoring is accelerometers [1, 2, 3, 4, 5, 6]. They are used to
measure acceleration along a sensitive axis [7] and are quite popular in monitoring human activities related to body movements
such as fall detection. When monitoring human activities, the drawback of accelerometer-based monitoring is that they are
restricted to human body movements and cannot detect activities with less significant body movement such as singing or
watching television.
Other sensors that have been used for human activity monitoring are wearable heart rate [8, 9] and body temperature [10, 11],
vibration sensors (geophones) [12] and force sensing resistors embedded in the insole of shoe [13].
Video-based human activity monitoring is the most widely-used modality [14, 15, 16, 17]. Video-based monitoring allows the
detection of silhouettes and objects as well as their position and movements. It is a non-intrusive modality for human activity
monitoring since, in the general case, it is not wearable. The main disadvantage of video modality is the low performance when
the illumination is not high, i.e. during night monitoring. For such cases, although infrared sensors have been proposed [18],
audio-based monitoring of human activities is a solution.
Sound recognition has been proposed in several studies for monitoring of indoor human activities. In [19] the authors have
used cepstral audio features (MFCCs) and hidden Markov models (HMMs) to recognize activities within a bathroom. In [20] the

authors are using cepstral features and Gaussian mixture models (GMMs) as a classifier to discriminate the sound activities. In
[21] a non-Markovian ensemble voting classification methodology is proposed for the recognition of several home activity
sounds. The concept of indoor sound activity simulation was introduced in [22]. In [23] the authors presented a sound-source
localization methodology for monitoring in-home activities. The advantage of audio-based monitoring is that can operate equally
well in low-illumination conditions and can - in the general case - detect an indoors event, even when barriers such as walls
interject, which would be a problem in the case of video modality.
Except single-mode sensors several studies have been done using heterogeneous sensors, such as in [24] where audiovisual
and medical sensors were used, in [25] where video and laser scanner were deployed, in [26] where video and accelerometers
were combined and in [18] where physiological sensors, microphones and infrared sensors were used. Finally, in [27] the fusion
of audio information with accelerometers improved the automatic classification accuracy of physical activities.
In this paper we present a methodology for recognizing sounds produced by human activities in home using a mobile phone
microphone. The methodology is based on time and frequency domain audio parameterization algorithms and uses subspaces of
the multidimensional feature space during the classification step, which are extracted with respect to the discriminative ability of
each of the audio parameters.
The remainder of this paper is organized as follows. In Section 2 we present the proposed methodology for indoors home
activity recognition using audio features subspaces. In Section 3 we present the experimental setup and in Section 4 the evaluation
results are described. Finally, in Section 5 we conclude this work.
II. SOUND RECOGNITION OF INDOORS HUMAN ACTIVITY USING AUDIO FEATURES SUBSPACES
The proposed methodology for sound recognition of indoors human activities is based on the use of a large number of widelyused time and frequency domain based audio parameterization algorithms in order to exploit the different temporal and spectral
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patterns of sounds produced by human activities in home, as described in Section 1. In particular, during the training phase of the
methodology short-time analysis of the audio signal is applied by pre-processing and audio parameterization (feature extraction).
Unsupervised clustering of the feature vector space is applied using the decomposed audio signals and feature subspaces are
defined. For different groups of subspaces one classification model is built using training data with known sound labels. In the
test phase, each unknown audio signal is decomposed to a sequence of feature vectors using the time-domain and frequencydomain feature extraction algorithms used in the training phase and each feature vector is processed by a feature subspace
dependent classification model to assign a sound label to each audio frame. The concept of the proposed methodology is
illustrated in Figure 1.
As can be seen in Figure 1, during the training phase a training set of audio data with known sound labels (annotated time
intervals per human activity sound type) is used. The set of training audio signals is initially preprocessed. Pre-processing consists
of constant length frame blocking and constant time-shift between successive frames. The training audio signals are thus
decomposed to a sequence of short-time frames xi , with 1 ≤ i ≤ I . After pre-processing each audio frame, xi , is used as input
to a number of audio parameterization algorithms. Here we consider N time and frequency domain audio parameterization

algorithms, M n , with 1 ≤ n ≤ N . For every audio frame, xi , each algorithm computes a feature vector,

vni ∈ℜdn , where d n
i

is the dimensionality of the features estimated by the n -th audio parameterization algorithm. All estimated feature vectors, vn ,
N

1 ≤ n ≤ N , are concatenated to a single feature vector, V i ∈ℜ D , with D = ∑ d n , representing the i -th audio frame. A
n =1

feature evaluation algorithm is afterwards applied to estimate the discriminative ability of each of the D features. The feature
evaluation scores are then processed by an unsupervised clustering algorithm and divide the feature dimensional space into K
subspaces, Ck , with 1 ≤ k ≤ K . For different sets of subspaces, sound models are trained using a classification algorithm. The
number of feature subspaces is manually selected. During the test phase the unknown audio waveform, y , is pre-processed and
parameterized as in training, i.e. is decomposed to audio frames, y j , with 1 ≤ j ≤ J , and afterwards to a sequence of feature
j

vectors, T . Using a subspace-dependent sound classification model, as developed during the training phase, an indoors human
activity sound label is assigned to each test audio frame, y j .
III. EXPERIMENTAL SETUP
In this section we describe the audio data used in the current evaluation, the audio features which were estimated and the
machine learning algorithms which were used for the clustering and classification steps.
A. Audio Data
The audio data were collected in typical home environment using a conventional mobile phone microphone. All audio data
were recorded at sampling frequency equal to 16 kHz with resolution equal to 16 bit per sample. In all recordings the distance of
the microphone (i.e. the mobile phone) from the sound source was approximately 1 meter. The types of home activities that were
recorded as well as their duration in seconds are tabulated in Table 1. At least 10 different audio recordings for each home activity
were done. All audio files were manually annotated using Praat software [28].
TABLE I.

LIST OF RECORDED HOME ACTIVITY SOUNDS AND THEIR DURATION IN SECONDS

Home Activity
Background silence
Door opening/closing
Door slamming

Duration (sec)
120.54
16.50
6.04

Door locking

16.28

Door knocking

15.78

Flushing

232.80

Tap water

340.54

Showering

83.36

Putting object on table

19.60

Switch on/off

6.38

Footsteps

163.42

Spraying

32.06

Vacuuming

237.92

Mixing with spoon

178.52

B. Audio Parameterization
The audio waveforms were decomposed to feature vectors using a wide range of well know and widely used time and
frequency domain audio parameterization algorithms. These are: the zero crossing rate (ZCR); the 12 first Mel frequency cepstral
coefficients (MFCCs) including the 0-th coefficient; the frame energy (E); 20 linear prediction coding (LPC) coefficients; the
harmonics to noise ratio (HNR); the minimum, maximum and mean sample value per frame; the 25, 50 (median) and 75%
percentiles of the per frame samples; the 64-bin spectral magnitude; the energy entropy; the spectral entropy, centroid, flux and
roll-off; the 12-first chroma coefficients. The total dimensionality of the feature space was D =123.
C. Unsupervised Clustering
The clustering of the feature space was performed on the basis of the discriminative ability of the audio features. We applied
feature ranking using the ReliefF algorithm [29], which evaluates the worth of a feature by repeatedly sampling an instance and
considering the value of the given feature for the nearest instance of the same and different class. Based on the feature ranking
scores we applied expectation-maximization (EM) clustering to 10 clusters.
D. Classification Algorithms
For the development of the home activities sound models we relied on a number of widely used in the area of audio processing
classification algorithms. These algorithms are: the naive Bayes algorithm (NB); the k-nearest neighbor classifier (KNN); the
C4.5 decision tree (C4.5); the support vector machines (SVM) using the sequential minimal optimization implementation and a
radial basis function kernel; the multilayer perceptron neural network with one hidden layer (NN). For the development of the
home activities sound models we relied on the WEKA software toolkit implementations [30].
IV. EXPERIMENTAL RESULTS
The home activity sound monitoring methodology presented in Section 2 was evaluated following the experimental setup
described in Section 3. In order to evaluate the performance of the proposed methodology we examined the percentage of
correctly classified audio frames. The audio dataset presented in Section 3 was modified by randomly selecting subset of the
audio frames for the sound types with extensive duration in order to be comparable with most of the other sound types during
classification. We followed a ten-fold cross validation setup, in order to avoid overlap between training and test datasets.
During the training phase we applied unsupervised clustering of the feature space to 10 feature subspaces, based on the
ReliefF feature evaluation scores. The number of the features per subspace are tabulated in Table 2.
TABLE II.

NUMBER OF FEATURES PER SUBSPACE AFTER UNSUPERVISED CLUSTERING

subspace

#features

1

6

2

9

3

7

4

8

5

27

6

4

7

44

8

5

9

7

10

6

The first subspace includes the most discriminative audio features, while the last subspace (10) includes the less discriminative
ones. The features which were clustered to belong to the first subspace are: the spectral entropy; the 0-th MFCC coefficient; the
HNR; the spectral roll-off; the 3-rd and 1-st MFCC coefficients. The features which were clustered to belong to the second
subspace are: the 4-th MFCC coefficient; the ZCR; the 7-th and 2-nd MFCC coefficient; the spectral centroid; the 12-th MFCC
coefficient; the 11-th and 6-th chroma coefficients; the 1-st LPC coefficient. The features which were clustered to belong to the
second subspace are: the 5-th, 11-th and 6-th MFCC coefficient; the energy entropy; the 2-nd LPC coefficient; the 8-th MFCC
coefficient; the minimum frame sample value. These results indicate that the most discriminative audio features are the spectral
entropy, the harmonics to noise ratio and the first 3 MFCC coefficients.
In a second step we investigated the performance of the classification algorithms presented in Section 3. The classification
accuracy, on audio frame level, for different number of subspace sets and for different classifiers is tabulated in Table 3. The best
achieved performance per classification algorithm is shown in bold.
TABLE III.

HOME ACTIVITIES SOUND RECOGNITION USING FEATURE SUBSPACE SOUND MODELS. ACCURACIES ARE IN PERCENTAGES

subspace
model

NB

KNN

C4.5

SVM

NN

C1

66.40

82.96

83.85

71.06

80.98

C1-2

78.32

87.76

87.27

83.60

88.81

C1-3

83.08

89.40

87.64

86.78

90.85

C1-4

83.30

89.44

87.71

87.64

91.75

C1-5

79.25

89.53

87.15

88.80

92.40

C1-6

75.38

89.54

87.07

88.85

92.46

C1-7

61.52

89.47

86.80

89.01

90.39

C1-8

59.04

89.46

86.93

89.03

88.71

C1-9

56.44

89.47

86.91

89.02

88.55

C1-10

55.01

89.47

86.74

89.02

88.45

As can be seen in Table 3, the best performance was achieved by the neural network, the k-nearest neighbor and the support
vector machines algorithm. In detail, the NN model achieved 92.46% accuracy for the subspace model C1-6 (i.e. for the first 6
subspace features, which have total dimensionality equal to 6+9+7+8+27+4=61), while the KNN model achieved 89.54%
accuracy also for the subspace model C1-6. The SVM model achieved home activities sound recognition accuracy equal to 89.03%
for the subspace model C1-8 (i.e. for the first 8 subspace features, which have total dimensionality equal to
6+9+7+8+27+4+44+5=110). The rest two classification algorithms NB and C4.5 achieved 83.30% and 87.71% respectively.
In all evaluated classifiers the subspace sound model methodology presented in Section 2, resulted to improvement of the
overall performance. Exception is the SVM algorithm, which did not achieve significantly better performance comparing to the
full feature space model (C1-10), due to the fact that SVMs circumvent the 'curse of dimensionality' [31]. The presented
methodology for modeling of the home activities sounds using feature spaces of lower dimensionality without sacrificing the
recognition performance can be used in real-life applications, such as on mobile applications were low computational complexity
during the operational (test) phase is a must.
V. CONCLUSION
Among other modalities, monitoring of human activities in home can be performed using sound recognition. The use of sound
for human activity monitoring is non-intrusive to the user and allows the monitoring of activities even during night, where typical
video monitoring systems are not accurate.
We presented a methodology for the monitoring of indoors activities using audio signal captured by conventional microphone
of a mobile phone. The methodology estimated audio feature subspaces by unsupervised clustering of the whole feature space and

models the human activities sounds using combinations of them. The experimental results indicated the validity of the
methodology for all evaluated algorithms. The best achieved performance was 92.46%, in terms of audio frame classification
accuracy, when using a neural network as classifier. We deem the presented methodology can support monitoring systems in
which the event detection is performed on a mobile device and thus low computational complexity is required.
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