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Abstract
Segmentation of sensor data for parameter extraction is one of the most important facets of studies on
human Activities of Daily Living (ADL) identification and classification. There are no meaningful details in
literature on sensor data segmentation for feature extraction. The use of inappropriate segmentation approach
will result in the extraction of features without discriminant power, which would cause classification algorithms
to yield meaningless results. We empirically investigated the optimal segmentation approach using short-
term time series monitoring sensor data acquired with a bi-axial accelerometer. The investigation entailed
the development of Matlab software codes for sensor data pre-processing, segmentation, and feature
extraction. Classifier building was based on Machine learning algorithms. The results show that sliding
window segmentation techniques are generally effective. The window length impacts significantly on the
classification accuracy and the strength of the impact depends on how much (in %) the windows overlap
during segmentation.

accuracy. This is because the use of inappropriate
segmentation approach will result in the extraction
of features without discriminant power, which would
cause the classification algorithm to yield meaningless
results. According to (Pietka, 1988), no classifier of
whatever sophistication will give reasonable results
with features that have no discriminant power.

The aim of the work presented in this paper is to
empirically investigate measured human ambulation
and activity sensor data segmentation approaches
in order to determine the optimal window period
and percentage window overlap that when used to
partition the data for feature extraction results in the
highest event classification accuracy for different
classifiers. The research study will also investigate
the relationships between classification accuracy
window period, and percentage window overlap.

The rest of the paper is organised as follows: section
II presents the literature review along two main axes,
sensor-based data acquisition and segmentation
techniques; Section III details the investigation
methodology; Section IV presents the experimental
results; and the discussion and conclusion are given
in Section V.

1.0 Introduction

Human ambulation and activities are often
automatedly monitored in buildings and other
environments for various reasons including abnormal
behaviour, fall, and accident detection, recognition,
and classification for timely and appropriate
intervention. Timely event detection and prompt
response could: minimise damage; be life saving; and
give stakeholders sense of security and confidence.
Consequently, automated monitoring of subjects
using wearable and/or fixed (environment placeable)
sensor-based devices has been the subject of
research studies. A review of the literature highlighted
significant details on most aspects of ambulation and
activity events detection and classification studies
including: monitoring techniques, sensor placement,
data processing, and classification techniques. The
literature failed to highlight such details on one of the
most important aspects of the study, sensor data
segmentation for feature extraction. In order to
perform event detection, recognition, and
classification, acquired sensor signals (sensor data)
are processed to extract features to be used as inputs
to classifiers. Segmentation is one of the data
processing stages and is in general very important
with respect to feature extraction and classification
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1.1 Literature Review
1.1.1 Sensor-Based Data Acquisition
Signals can be acquired at different sampling rates.
The sampling process is depicted in Figure 1. The
analog signal, x(t), is periodically measured every T
seconds, such that time is discretized in units of the
sampling interval T: t = nT, n = 0, 1, 2, . . ., N, which
results in a stream of samples (Orfanidis, 2010).

Figure 1: The sampling process [Í±«®½»: (Orfanidis,
2010)].

The sampling process represents a chopping
operation on the original signal, ̈ (¬), with sampling

frequency given as (1/ )º Ì .  The question then is:

how should the sampling frequency, º

, be chosen

so as to ensure that signal variations are captured
and information loss avoided? Sampling theorem
provides a quantitative answer to the question as
given by (Orfanidis, 2010). The basic requirement
is that the sampling interval, Ì must be small enough
so that signal variations that occur between samples
are not lost, but not too small to cause over sampling
(too many samples with buried information). Also,
Ì must not be too large that too few samples are
obtained which may lead to loss of information. This
simply means that a fast varying signal needs to be
sampled at a high sampling rate, whereas a slow
varying signal needs to be sampled at a lower rate.

Sampling theorem states that for accurate
representation of a signal, ̈ (¬), by its time samples,
¨(²Ì), two conditions must be satisfied:

The signal, ̈ (¬), must be band-limited. That is,
its frequency spectrum must be limited to contain
frequencies up to some maximum frequency, say
º
max

, and no frequencies beyond that.
The sampling rate, º

s
, must be at least twice the

maximum frequency, º
max

. That is, 2 maxº º

(minimum sampling rate, referred to as the Ò§¯«·¬

rate) and 1
2 max

Ì º .

The folding or Nyquist frequency, 2
º , defines the

cutoff frequencies of the low-pass analog filters
required for the pre-processing of the acquired
sensor data. The values of º

max
 and º


 depend on the

application. For example, the typical º
max

 and º

 value

for sampling audio, speech, and biomedical signals
are given as [20KHz, 40KHz], [4KHz, 8KHz], and
[1KHz, 2KHz] respectively (Orfanidis, 2010). Also,
according to Karantonis »¬ ¿´. (2006) and Bianchi
»¬ ¿´ò (2010), all measured body movements are
contained within frequency components below 20
Hz and in walking, 99% of the energy is contained
below 15 Hz. This implies º

max
 and º


 value pair of

[20Hz, 40Hz] for human motion.  Hence, the sensor
data used for this study, which was originally sampled
at 76.25Hz, were re-sampled at 40Hz.

1.1.2 Segmentation Techniques
Segmentation is one of the critical stages of sensor
data processing for feature extraction. The choice
of segmentation technique impacts significantly on
the discriminant power of extracted features and
subsequently, on events classification results.
Features without discriminant power would cause
even the best classification algorithm to yield
meaningless results (Pietka, 1988). Also,
segmentation not only influences the classification
outcome, but has considerable impact on
computational complexity (Tröster, 2011). The
segmentation problem is stated as: given a time
series, Ì, partition Ì into segments (windows) that
are internally homogeneous with respect to the
application.

Segmentation techniques include: Fixed-size Non-
overlapping Sliding Window (FNSW) (Tröster,
2011; Keogh »¬ ¿´òô 2001; Keogh and Smyth,
1997); Fixed-size Overlapping Sliding Window
(FOSW) (Tröster, 2011; Keogh »¬ ¿´ò, 2001; Keogh
and Smyth, 1997); Top-Down (ToD) (Keogh »¬ ¿´ò,
2001; Keogh and Smyth, 1997; Himberg »¬ ¿´ò,
2001); Bottom-UP (BUp) (Keogh »¬ ¿´., 2001;
Keogh and Smyth, 1997); Sliding Window And
Bottom-up (SWAB) (Keogh »¬ ¿´ò, 2001; Keogh
and Smyth, 1997); Symbolic Aggregate
approXimation (SAX) (Tröster, 2011); String
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On one hand, the use of window-based
segmentation techniques, for activity classification
studies, has been criticized by (Gjoreski, Gams and
Chorbev, 2010) because, according to the authors,
the technique does not facilitate the recognition of
every single movement a person makes, so that every
instance cannot be classified, but only a group of
instances can be classified together. The authors
asserted that short duration activities, like going down
and standing up cannot be recognized, because the
approach requires bigger sample windows for the
classification of longer duration activities.
Furthermore, (Keogh, »¬ ¿´., 2001) stated that from
a data mining perspective, sliding window techniques
generally produce poor results. On the other hand,
(Casale, Pujol and Radeva, 2011) asserted that
feature extraction based on FOSW segmentation
technique is effective.

Though these segmentation techniques have been
studied by different researchers, their effectiveness
in relation to human ambulation and activity events
classification has not been addressed by research,
to the best of the authors’ knowledge. The aim of
the work presented in this paper is to investigate the
optimal sliding window segmentation approach, with
respect to ambulation and activity events
classification from sensor data, based on varying
window sizes/periods and percentage window
overlap. Optimal, in this context, refers to the
approach that when used to partition human
ambulation and activity sensor data for feature
extraction results in the highest events classification
accuracies. The work is focused on the two
segmentation approaches conventionally used in
literature, FNSW and FOSW.

2.0 Investigation Methodology

This section details the empirical procedure. The bi-
axial accelerometer sensor data from  (Bao and
Intille, 2004), used for the investigation were
collected based on the simulation of the human
ambulation and activities of daily living, ©¿´µ·²¹,
·¬¬·²¹, ©¿´µ·²¹Ý¿®®§·²¹×¬»³, ¬¿²¼·²¹Í¬·´´,
´§·²¹Ü±©², and ½´·³¾·²¹Í¬¿·®, by 20 different
participants. The monitoring sensor-based devices
were placed on five different body positions. The
investigation was undertaken in two main steps as

Matching (SM) (Tröster, 2011); Reference-based
Windowing (RbW) (Chu,1995); Dynamic
Windowing (DWin) (Kozina, Luštrek and Gams,
2011); and Variable-size Sliding Window (VSW)
(Ortiz, Olaya and Borrajo, 2011). The sliding
window techniques (FNSW, FOSW and SWAB)
are said to be online capable, while ToD and BUp
are not online capable. The details, with algorithms,
of the approaches, FNSW, FOSW, ToD, BUp, and
SWAB, are given by (Keogh »¬ ¿´ò, 2001; Keogh
and Smyth, 1997). Ortiz, Olaya and Borrajo (2011)
introduced another method of fixed size windowing
that entails dynamically adjusting the window size
based on special frames in the sensor data. This is
based on the assertion that different events have
different time frames. (Gjoreski, Gams and Chorbev,
2010) suggested that the extraction of different
sensor features should be based on different window
sizes. This will imply different levels of classifier
computational complexity for different events to be
classified.

Though these segmentation techniques have been
studied by different researchers with respect to
specific classification scenarios, there is no standard
window size/period and windowing technique.
Different researchers use different window sizes/
periods for the same or different windowing
techniques. For example, (Casale, Pujol and
Radeva, 2011) used 1s windows, while (Preece,
Goulermas and Kenney, 2009) used 2s windows
based on their short ADLs in their research and
because they achieved only a minimal gain in
classification accuracies with features from a 3s
window. (Lovell, Wang, and Ambikairajah, 2007)
used 2.56s windows, (Maurer, Smailagic and
Siewiorek, 2006) extracted features from 4s data
buffers, (Parkka and Cluitmans, 2010) used 5s
windows, and (Bao and Intille, 2004) reported the
use of 6.7s windows. Ortiz, Olaya and Borrajo
(2011) reported the use of larger windows.
According to Ortiz, Olaya and Borrajo (2011),
classification errors in event recognition are due to
inappropriate segmentation resulting from poor
window size selection. The window could be too
short and not cover the span of an activity, or the
window could actually overlap two different
unrelated activities. This could lead to the extraction
of suboptimal features.
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follows.
i. FNSW: A set of ²ã32 different window periods,

ranging from 0.5s to 24s, was used for the
investigation, such that the signal samples are
streamed through the segmentation algorithm 32
different times, and each time, segmentation was
based on a different fixed window size. A set of
³ã16 features, using eight (8) different feature
metrics, were extracted from each window and stored
in a Feature Vector Table (FVT). The FVT was used
to generate the classifier training and evaluation
datasets. In effect, the size of each of the 32 feature
matrices generated from this step is given

by, x Í ³Ô·
, where, Íãtotal number of signal

samples, and Ô
·
ãÎxÌ

·
 (Î is the sampling rate of the

signal (40Hz in this context), and Ì
·
is the ·¬¸ window

period, 1,...,· ² ). Essentially, the row size (which

corresponds to the total number of windows)
depends on the window period, Ì

·
.

ii. FOSW: This step is basically the same as step
1, except that the windows overlap during
segmentation. A set of percentage overlap values,
Ðã(25, 50, 75, 90), were used for the investigation,
and for each overlap value, Ð

·
(·ã1 to 4)ô step 1 is

repeated. In effect, this step yielded one hundred
and twenty eight feature matrices. The size of each
matrix, which depends on the window period and
the Percentage Overlap Value, ÐÑÊ, is given by:

100( )
Ð¶

Í

Ô·

ÐÑÊ ³
    ...1

All data segmentation and feature extraction was
undertaken in the Matlab software environment.
Essentially, a total of one hundred and sixty FVT
matrices were generated. At each step, the generated
FVT was used to perform a Classification Task
(CT), resulting in five sets of 32 different CTs.
Classification tasks were undertaken in the Weka
software environment. The eight (8) feature metrics,
Root Mean Square (ÎÓÍ)ô ³»¿²ô Signal Magnitude
Area (ÍÓß)ô Signal Vector Magnitude (ÍÊÓ)ô
»²»®¹§ô »²¬¸®±°§ô ÚÚÌ°»¿µô ¿²¼ Standard
Deviation (ÍÌÜ), were chosen for feature extraction
because of their perceived discriminant powers, with
respect to the target events. Hence, each FVT
consists of rows of feature vectors of the form Ê ã

<¨ÎÓÍô §ÎÓÍô x³»¿²ô §³»¿²ô ÍÓßô ÍÓÊô

¨»²»®¹§ô §»²»®¹§ô ¨§»²»®¹§ô ¨»²¬®±°§ô §»²¬®±°§ô

¨§»²¬®±°§ô ¨¿ª¹ÚÚÌ°»¿µô §¿ª¹ÚÚÌ°»¿µô ¨ÍÌÜô

§ÍÌÜ>, and each vector describes a subject’s
activity within that window period. The target events
for the study, as highlighted earlier, are walking,
sitting, walkingCarryingItem, standingStill,
lyingDown, and climbingStairs.

According to Bao and Intille (2004), “the selection
of features is a crucial task for good [event]
recognition performance”. In this context, since a
thorough investigation into the best possible set of
feature metrics is beyond the scope of this study,
the eight (8) feature metrics used were selected based
on literature. Ó»¿² has been used to: recognize the
events, sitting and standing (Farringdon »¬ ¿ ò́, 1999;
Jeong, Kim and Chung, 2007; Kawahara,
Kurasawa and Aoyama, 2005); discriminate
between periods of activity and rest (Veltink »¬ ¿´ò,
1996); and as input to classifiers (Gjoreski, Gams
and Chorbev, 2010; Kern, Schiele and Schmidt,
2007; Jin, Lee and Lee, 2007; Bao and Intille, 2004).
ÎÓÍ has been used to distinguish walking patterns
(Sekine »¬ ¿´., 2000); and as input to classifiers for
activity recognition (Gjoreski, Gams, and Chorbev,
2010; Chambers »¬ ¿´ò, 2002; Randell and Muller,
2000). Its metric is given by (Figo »¬ ¿´ò, 2010), for
of a signal, ¨

·
, that represents a sequence of ²

discrete values (¨
ï
ô ̈

î
ô ̈

í
ô›ô ¨

²
) as:

2 2 2 2...
1 2 3

¨ ¨ ¨ ¨²
È

ÎÓÍ ²     ...2

ÍÓß has been used to distinguish between periods
of activity and rest in order to identify when the
subject is mobilizing and undertaking activities, and
when immobile (Karantonis »¬ ¿ ò́, 2006; Bianchi »¬

¿´.ô 2010; Mathie »¬ ¿´ò, 2004; Bouten »¬ ¿´ò, 1997)
with metric:

| || |
²

¶ ¶

¶ ·

¨ §

ÍÓß
²

    ...3

Û²»®¹§ and Û²¬®±°§ have been used to discriminate
between types of activities (such as walking and
running) (Nham, Siangliulue and Yeung, 2008; Bao
and Intille, 2004). “The energy of the signal can be
computed as the squared sum of its spectral
coefficients normalized by the length of the sample
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window” (Figo »¬ ¿´ò, 2010). ÍÓÊ was used to
indicate the degree of movement intensity and as an
essential metric for fall detection (Karantonis »¬ ¿ ò́,
2006; Bianchi »¬ ¿´.ô 2010). Its metric given by (Figo
»¬ ¿´ò, 2010) as:

1 2 2 2

1

²
ÍÊÓ ¨ § ¦· · ·

² ·     ...4

ÍÌÜ has variously been used for activity recognition
(Kawahara »¬ ¿´ò, 2005); and as input to classifiers
(Gjoreski, Gams and Chorbev, 2010;
Chernbumroong, Atkins and Yu, 2011).

The main classifier of interest is the Support Vector
Machine (SVM), which is the most commonly used
classifier because of its high classification accuracy,
robustness (works when training examples contain
errors), better generalization (less overfitting), and
fast evaluation of learned target function (Zhang,
2012). Tomkun and Nguyen (2012) compared the
performance of SVM against that of three different
threshold-based algorithms and found that SVM
yielded the highest classification accuracy. Shan and
Yuan (2010) used the SVM to achieve a 100% pre-
impact fall classification accuracy, while experimental
results by Xi and Lee (2010), using SVM, showed
fast and high face detection rates even in cases when
a face is embedded in a complicated background.
Also Jantaraprim »¬ ¿´. (2012) used the SVM for
fall classification and obtained classification results
of up to 99.2% and 100% specificity and sensitivity
respectively. Its main disadvantage is that it often
requires long training time (Zhang, 2012). Other
classifiers used for the investigation are NaiveBayes,
KStar, MultiClassClassifier (MCC), AdaBoost,
Bagging, DecisionTree, ZeroR, J48, RandomForest,
and SingleLayerPerceptron (SLP). The classifiers
were built in Weka based on machine learning
algorithms and tested using 10 fold cross validation.

3.0 Experimental Results

As stated in section III, the investigation involved
one hundred and sixty different classification tasks
(Ý

Ì
ã160) with the FVTs generated based on

combinations of different segmentation techniques,
window periods, and percentage window overlap.
The experimental results, in terms of classification
accuracy, are shown graphically in Figures 2 - 4. A
set of 32 increasing window periods was used for

the investigation, in order to facilitate the drawing of
more robust conclusions, while the percentage
window overlap values were chosen to systematically
cover the window length within and around the
overlap value of 50% conventionally used (without
empirical justification) in literature.

Figure 2. Classification accuracies of NaiveBayes,
SVM, MCC, Bagging, Decision Tree, J48, and
RandomForest, for different window periods using
FNSW Segmentation Technique.

Figure 3. Classification accuracies of Kstar,
AdaBoost, ZeroR, and SLP for different window
periods using FNSW Segmentation Technique.

The Figures indicate that the classification accuracies
of the calssifiers based on FVTs derived using the
FNSW segmentation technique are only dependent
on the chosen window period, while those based
on FVTs derived using the FOSW segmentation
technique depend on both the chosen window period
and the percentage window overlap. Figure 2
indicates relatively good results for the classification
algorithms, NaiveBayes, Kstar, MCC, Bagging,
DecisionTree, J48, and RandomForest, while Figure
3 indicates relatively poor results for the classification
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Figure 4: Classification accuracies of SVM for
different window periods and percentage window
overlap using FOSW Segmentation Technique.

algorithms, Kstar, AdaBoost, ZeroR, and SLP.
Figure 2, on one hand, shows a minimum accuracy
value of 87.27% (from CT performed with the FVT
generated using FNSW segmentation technique with
24s window period using DecisionTree) and a
maximum value of 98.16% (from CT performed with
the FVT generated using FNSW segmentation
technique with 7s window using RandomForest).
Figure 3, shows a minimum accuracy value of
25.18% (from CT performed with the FVT
generated using FNSW segmentation technique with
1.5s window period using Kstar) and maximum value
of 78.30% (from CT performed with the FVT
generated using FNSW segmentation technique with
19s window using ZeroR). Figure 3 indicates
relatively poor results for the the classification
algorithms, AdaBoost and ZeroR, with a minimum
classification accuracy of 25.51% and maximum
accuracy of 65.97%.  Figure 3 suggests that the use
of Kstar, AdaBoost, ZeroR, and SLP classification
algorithms may not be ideal for projects requiring
high classification accuracies. In addition to relatively
poor performance, AdaBoost and ZeroR yield near
constant accuracies for all window periods, while
the accuracies of Star and SLP varied widely in an
almost zigzag form.

Figure 4 indicates better results for the SVM  based
on FOSW segmentation technique, with a maximum
accuracy of 98.38% (compared to 96.12% based
on FNSW segmentation technique) and minimum
accuracy of 96.97% (compared to 87.30% based

on FNSW segmentation technique).

4.0 Discussion

Results of the research study are encouraging. The
generation of one hundred and sixty Feature Vector
Tables (FVTs) facilitated the undertaking of the same
number of classification tasks, in order to draw more
robust conclusions. The results showed that sliding
window segmentation techniques are generally
effective for human ambulation and activity events
classification from sensor data, contrary to the
statement, by (Keogh »¬ ¿´ò, 2001), that they
generally produce poor results.

Figure 2 specifically highlights the performance details
of SVM (the most commonly used classifier) with
respect to both FNSW and FOSW segmentation
techniques. The Figure indicates that the length (in
seconds) of the window period impacts significantly
on the classification accuracy of the classifier. Figure
2 indicates that the strength of the impact (in terms
of increased accuracy) depends on how much (in
%) the windows overlap during segmentation.
Beyond the peak window period, classification
accuracy deteriorates, for each window overlap
value (in %). The rate of deterioration seems to be
proportionally related to the window overlap value
(%) – see Figure 2.

Generally, in this context, maximum and minimum
classification accuracies of 99.61% and 87.27%,
respectively, were achieved with the set of seven
top performing classifiers, using the FNSW
segmentation technique.  Different classifiers yield
maximum performance accuracy at different window
periods, for both segmentation techniques as shown
in Tables 1 and 2. Table 1 highlights maximum
accuracy and optimal window period, for each
classifier based on FNSW segmentation technique.
Table 2 presents the optimal window periods and
the corresponding optimal window overlap (in %)
for each classifier based on FOSW segmentation
technique.

Essentially, Tables 1 and 2 constitute reference points
for researchers seeking to classify human ambulation
and activity events (such as walking,
walkingCarryingItem, and climbingStairs, sitting,
standingStill, lyingDown), using SVM and other
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Table 1: Maximum accuracy and optimal window
period based on FNSW.

Table 2: Maximum accuracy, Optimal window period
and % overlap based on FOSW.

classifiers. This clearly highlights the contributions
of the work presented in this paper, based on the
stipulated aims of the research work. That is, the
research work has:

determined the optimal segmentation approach
that when used to partition human ambulation and
activity sensor data, for feature extraction, results in
the highest activity classification accuracy using SVM
(the most commonly used classifier) and ten other
classifiers.

shown that, on one hand, a statistically significant
positive relationship exist between window period
(in seconds) and SVM classification accuracy (for
all window overlap values (in %)), up to the highest
peak window period of 12s, while a statistically
significant negative relationship exists between them,
beyond that.

5.0 Conclusion

Literature on human ambulation and activity events

Classifier Maximum 
Classific ation 
Accuracy

Optimal 
Window
Period

Naïve  Bayes 97.96 18
SVM 96.12 4.5
MCC 96.76 3
Bagging 97.28 18
Decision Tree 96.85 12
J48 97.00 8
RandomForest 98.16 7
KStar 78.30 1.5
AdaBoost 46.28 9
ZeroR 26.03 11
SLP 38.98 15

S/
No

Classifier Maximum 
Accuracy

Optimal 
Window 
Period

Window 
Overlap 
(%)

1 NaiveBayes 98.64 18 75
2 SVM 98.38 12 90
3 KStar 95.57 10 90
4 MCC 99.15 6 90
5 AdaBoost 46.07 11 50
6 Bagging 99.06 3 90
7 Decision Tree 98.02 5 90
8 ZeroR 26.02 18 25
9 J48 99.15 4 90
10 RandomForest 99.44 6 90
11 SLP 37.19 6.5 75

recognition and classification has highlighted
significant details on most aspects of research on
ambulation and activities monitoring for events
detection and classification including monitoring
techniques, sensor placement, and data processing
stages and methods. The literature failed to highlight
meaningful details on one of the most important facets
of such studies, sensor data segmentation for feature
extraction. The use of inappropriate segmentation
approach will result in the extraction of features
without discriminant power, which would cause
classification algorithms to yield meaningless results.
The optimal segmentation approaches that when
used to partition human ambulation and activity
sensor data, for feature extraction, will result in the
highest activity classification accuracy has been
empirically determined. This is in addition to the
determination of the relationships between activity
classification accuracy and window period, on one
hand, and percentage overlap value, on the other
hand. The results of the investigation show that
selection of appropriate segmentation window size
and classifier has a higher impact on the classification
accuracy. The results are encouraging and constitute
significant contributions to literature, in addition to
providing additional insights for researchers in the
field with respect to segmentation approach and
classifier selection. Future research will need to look
into the real time capabilities of the used segmentation
methods, to allow for timely emergency event
classification such as a fall.
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