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Abstract Activity recognition is gaining a lot of interest
given its direct use in applications like ambient assisted liv-
ing and has been empowered by the increasing ubiquity of
sensors (e.g., clothes, smartphones, watches). The machine
learning approach to activity recognition consists on finding
the signatures characterizing the activities to be recognized,
with the hope of identifying them (pattern matching) within
the stream of sensor data. The finding of those signatures
can be very complex, thus many approaches deal with the
streams of sensor data by segmenting them into sections or
“time-windows”, before processing them by a feature extrac-
tion procedure. The problem then concerns the association of
features to class labels. In this paper,we propose the use of the
GammaGrowingNeural Gas algorithm to unsupervisely dis-
cover templates in a recording containing gestures performed
by a person in a home environment. The system is able to do
vector quantization from the time-series of data coming from
one accelerometer, and finds salient patterns (e.g., templates)
in the signal. These templates integrate information not only
from single time-windows but do consider the recent his-
tory of the incoming signal (e.g., multiple time-windows).
Those templates are then associated to activity classes by
supervised learning. Our experiments show that the result-
ing performance is better than previous benchmarks of the
same database.
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1 Introduction

Activity and context recognition has become a prolific field
in the last years due to the increasing availability of portable
and embedded sensors (Lara et al. 2012; Sagha et al. 2011;
Stiefmeier et al. 2008). Smartphones, watches, glasses and
even clothes can be endowedwith sensing capabilities allow-
ing the identification of the activities being performed and the
inference of the context in which they are realized. There are
many potential applications for activity recognition: home
applications like ambient assisted living (Hondori et al.
2012), industrial applications like human-computer interac-
tion and video surveillance (Stiefmeier et al. 2008), and activ-
ity life loggingwith its applications in health, sports andwell-
being (Rawassizadeh et al. 2013). Our application domain
being ambient assisted living, we have oriented our litera-
ture review towards the domains of health and elderly assis-
tance. For instance, Amft and Tröster (2008) used a variety
of on-body sensors to perform dietary monitoring and there-
fore help patients with their nutrition. They used multiple
modalities (accelerometers, microphones and electromyo-
grams) to detect various activities like chewing, swallow-
ing, drinking, cutting, eating soup. Hondori et al. (2012) pre-
sented a system that helpsmonitor various dining activities of
post-stroke patients using a Kinect camera and accelerom-
eters. Kepski and Kwolek (2012) built a system that uses
the Kinect and a single accelerometer to perform fall detec-
tion. Our overall motivation is the use of activity recogni-
tion to help people with memory problems. We envision, for
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instance, the development of a log1 of high-level daily activi-
ties (e.g., eating, cleaning, drinking, reading) where a person
can browse what he/she has done during the day or week.
Such a system can help people by acting as a cognitive com-
pensation system, and at the same time, given that memory
loss can be frustrating, it can provide a positive feedback
letting them remember their recent activities (Browne et al.
2011).

The traditional approach to build an activity recognition
application implies a lot of training effort. The processing
chain (Bulling et al. 2014) of the sensor data starts with
the sensor data acquisition: a stream of sensor samples is
obtained; the sensor data stream is then preprocessed: typ-
ical transformations are calibration, de-noising, or sensor
level data fusion. Then, the data stream is segmented into
sections. A common type of segmentation technique is the
sliding window. To characterise these raw data and reduce
their dimensionality, features are computed on the identi-
fied segments. A classifier, trained at design-time, maps the
feature vector into a pre-defined set of output classes (e.g.,
activities).

We can distinguish two main approaches to the charac-
terisation of the input signals. The first approach consists
on using information from a single time-window, while the
second approach consists on using information extracted
from subsequent multiple time-windows, in the form of time
series. In this work, we start by presenting an overview of
these two approaches. We present the advantages and dis-
advantages, as well as a literature review of recent works
having used both methods. The central contribution of this
paper is the introduction of the application of a time-series
vector quantization algorithm, called the Gamma Growing
Neural Gas algorithm (γ -GNG), within the standard activ-
ity recognition chain. The advantage of using this tech-
nique is that it allows us to deal with multiple subse-
quent time-windows of the stream of sensor data, thus con-
veying more information to the machine learning classi-
fiers.

The article is organized as follows. Section 2 describes
recent related works in the field, emphasizing on whether
they use information from single time-windows or frommul-
tiple time-windows to infer the activities they want to recog-
nize. Section 3 presents a detailed explanation of the γ -GNG
algorithm approach for template discovery in time series.
Section 3.1 describes the algorithm itself and Sect. 3.2 the
experimental setup we used to analyse the behaviour and the
performance of the algorithm. The results and discussion of
the tests are given in Sect. 3.3. Finally, Sect. 4 presents our
conclusions.

1 A collection of snapshots of the person or images of an avatar per-
forming the activity.

2 Related work

The activity recognition approaches related to our work can
be classified in two groups: (i) techniques that use infor-
mation from single time-windows of the sensor data, and
(ii) techniques that use sequences of data containing the
recent history of the input signals. Table 1 presents a list
of recent works in the field of activity recognition, classified
into the aforementioned categories. In the following, we will
briefly describe the advantages and disadvantages of both
approaches.

The first approach considers only sensor data from a given
period of time and does not take into account the information
of what has just happened. This approach is computationally
cheap and has been successfully exploited on the recognition
of simple activities (Delachaux et al. 2013). However, a sin-
gle time-window cannot fully characterise the activity that is
being performed and in most cases, other sources of infor-
mation (sensors) are needed to identify a particular activity
from a plurality of different activities. Moreover, the size of
the time-window from which features are computed plays
an important role in the classification results. For short time-
windows, this approach is equivalent to infer the activities
or gestures performed by a person from his/her posture. For
long time-windows, this approach produces good results only
if the targeted activity is uniform within the window, and the
features computed from the window capture the dynamics of
the activity within this period of time (e.g., frequency domain
features).

The second approach considers sequences of multiple
time-windows, which is more complex than using informa-
tion from a single window. For instance, the optimal dura-
tion of the time-windows from where features are com-
puted, which are the most informative features, and the opti-
mal length of the sequences are open questions. Moreover,
the techniques for comparing sequences are computationally
expensive.However, there are some advantages of taking into
account the recent history of the signal as input to the clas-
sifiers. Given that more information is used to characterise
the activities, often less sensors and features2 are needed to
obtain the same results (Satizábal et al. 2013).

One straightforward and very widely used approach for
processing time series is templatematching. The goal of tem-
plate matching is to detect some salient patterns in the time
series, and to use these detections to infer the occurrence of
a particular activity. A set of templates representing these
activities is therefore needed. These templates can be cre-
ated in a synthetic manner or, in a more adaptable way, they
can be extracted from the signal itself using clustering tech-
niques. For instance, Satizábal et al. (2013) explored the use

2 Since a longer portion of the signal is available, no features character-
izing the dynamics of the signal within long time-windows are needed.
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Table 1 Recent works on
activity recognition classified
according to whether they use
information from a single
time-window or sequences of
data containing the recent
history of the signals

U wore by the user, A in the
ambient and O embedded in
objects

References Class Application Sensors

Hartmann and Link (2010) ii Industry U

Lukowicz et al. (2010) – Home U

Roggen et al. (2010) i Home U + O

Xue and Jin (2010) i – U

Aggarwal and Ryoo (2011) ii Survey A

van Kasteren et al. (2011) ii Home O

Kasteren et al. (2011) ii Home O

Sagha et al. (2011) i Home U

Baños et al. (2012) i Fitness U

Chen et al. (2012) – Survey –

Hondori et al. (2012) i Home U + A

Kepski and Kwolek (2012) i Home U + A

Lara et al. (2012) i Home U

Nguyen-Dinh et al. (2012) ii Home U

Baños et al. (2013) i Fitness U

Chavarriaga et al. (2013) i – U

Delachaux et al. (2013) i Home U + A

Leppanen and Eronen (2013) i – U

Ni et al. (2013) – Home A

Rawassizadeh et al. (2013) i Life-log U

Rebetez et al. (2013) i Home U

Satizábal et al. (2013) ii Home U

Shotton et al. (2013) i – A

of a semi-supervised approach for finding gesture “finger-
prints” that are further used as templates to perform gesture
spotting. They used a two-step approach in which (i) the
incoming sequences are grouped in an unsupervised manner
to find good candidates to gesture templates, and (ii) the can-
didates are evaluated in a supervised manner by comparing
themwith the ground truth (i.e., labels in the database). In the
first step, they used clustering techniques to find a set of tem-
plate candidates in an unsupervisedmanner. They adapted the
clustering algorithm (i.e., k-medoids) by embedding diverse
distance measures to compare the sequences. They evaluated
the performance of the resulting classifiers using the Euclid-
ean distance, the dynamic time warping (DTW) distance and
the longest common subsequence (LCSS) distance, and con-
cluded that the best results were obtained using the DTW
distance, and running the algorithm several times with dif-
ferent sequence lengths. The DTW distance has shown to be
robust to small local variations in the speed of the sequences,
thus allowing the comparison of time series that are similar
but locally out of phase, at the expense of being computa-
tionally expensive.

The approach we propose in this contribution belongs
to this latter category but, contrary to more conventional
methodologies, it allows to compare longer signal segments

using a shorter buffer size. Moreover, for the test we per-
formed, it yields better results even using a less computa-
tionally expensive distance measure (i.e., weighted Euclid-
ean distance instead of DTW).

3 Unsupervised template discovery

In this section we present a vector quantization approach for
finding repetitive patterns within a time series (templates).
The proposed approach has a memory with variable resolu-
tion that allows the buffer to store longer segments of the
signal at the expense of the accuracy of the comparisons.

The approach we describe here is based on the use of a
well-known vector quantization neural network in which a
memory has been added. This memory allows the network
to keep information about the history of the signal (context),
and to find prototypes that take into account the temporal
context of it.

3.1 The Gamma Growing Neural Gas algorithm

The Gamma Growing Neural Gas (γ -GNG) algorithm was
proposed by Estévez and Hernández (2011) as a new
approach for processing data sequences that are temporally or

123



2438 H. F. Satizábal, A. Perez-Uribe

(a)

(b)

Fig. 1 Example of the distribution of prototypes generated by the
Growing Neural Gas algorithm. a The dataset, b the resulting distri-
bution of prototypes

spatially connected e.g., words, DNA sequences, time series.
It merges the standard GNG algorithm (Fritzke 1995) with
a context descriptor based on a short term memory structure
called Gamma filter (de Vries and Principe 1992; Principe
et al. 1993). This subsection explains some generalities of
the two main components of the γ -GNG algorithm i.e., The
GNG algorithm and the Gamma filter, and how these com-
ponents build the algorithm.

3.1.1 The Growing Neural Gas algorithm

The GNG (Fritzke 1995) is an incremental neural network
model which performs vector quantization and topology
learning. The algorithm starts with two nodes and incremen-
tally builds a network of prototypes by adding units using a
competitive Hebbian learning strategy. New prototypes are
added in regions where the error counter of each node is high.
Old edges between nodes are broken if their age is higher than
a threshold, and the resulting isolated nodes are deleted. The
resulting structure is a graph of prototypes that reproduces the
topology of the input dataset by keeping the distribution and
the dimensionality of the data. Figure 1 shows an example of
the resulting prototypes after applying the GNG algorithm to
a synthetic dataset.

As it can be seen in Fig. 1, the distribution of prototypes
inserted by the GNG algorithm keeps the distribution and
dimensionality of the input data. Hence, each one of these
prototypes represents one small region in the input space,
and adding more prototypes makes the quantization more
precise.

3.1.2 The Gamma filter

The γ -GNGmodel is a merge of the GNG algorithm (Fritzke
1995) and a memory based on the Gamma filter (de Vries
and Principe 1992; Principe et al. 1993). The whole γ -GNG
network, as well as each one of its prototypes, keeps a record
of the recent history of the incoming signal. This record is
called the “context” of the signal.

y(n) =
K∑

k=0

ωkck(n)

ck(n) = βck(n − 1) + (1 − β) ck−1(n − 1)

(1)

The Gamma filter (de Vries and Principe 1992) is defined
in the time domain as it is shown in Eq. 1. Where c0(n) ≡
x(n) is the input signal, y(n) is the filter output, w0, ..., wK ,
β are the filter parameters and K is the order of the filter.
The β ∈ (0, 1) parameter provides a mechanism to decouple
depth (D) and resolution (R) from filter order. Depth mea-
sures how far into the past the memory stores information,
thus a low memory depth can hold only more recent infor-
mation. Resolution indicates the degree towhich information
concerning the individual elements of the input sequence is
preserved. The mean memory depth for a Gamma filter of
order K is shown in Eq. 2, and its resolution is shown in
Eq. 3.

D = K

(1 − β)
(2)

R = 1 − β (3)

Each node i of the γ -GNG model has a vector prototype
wi ∈ �d computed using the GNG algorithm (vector quan-
tization). Additionally, each node i in the network has a set
of contexts C = {ci1, ci2, ..., ciK }, cik ∈ �d , k = 1, ..., K .

Moreover, given a sequence entry x(n), the best matching
unit, In , is the neuron that minimizes the distance criterion
shown in Eq. 4. The parameters αω and αk, k ∈ {1, 2, ..., K }
control the relevance of the different elements i.e., αω is the
weight of the position and αk is the weight of the context.

di (n) = αω‖x(n) − ωi‖2 +
K∑

k=0

αk‖ck(n) − cik‖2 (4)

To compute the recursive distance 4, a context descriptor
is required in the different filtering stages. The K context
descriptors of the network are defined as shown in Eq. 5.
Where cIn−1

0 ≡ ωIn−1 and at n = 0 the initial conditions

cI0k ,∀k = 1, ..., K are set randomly, where K is the filter
order.

ck(n) = βcIn−1
k + (1 − β)cIn−1

k−1 ∀k = 1, ..., K (5)
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Because the context construction is recursive, it is rec-
ommended that αω > α1 > α2 > · · · > αK > 0, other-
wise errors in the early filter stages may propagate through
higher-order contexts. An example of how to compute these
αi parameters is shown in Eq. 6.

αi = K + 1 − i
∑K

k=0(k + 1)
, i = 0, ..., K (6)

Notice that Eqs. 4 and 6 represent a weighted Euclidean
distance where the older context descriptors have less weight
than the more recent ones. This distance measure works well
for short length vectors, otherwise it could be worth to use a
more specialized distance measure like dynamic time warp-
ing (Satizábal et al. 2013).

Summarizing, these are the modifications in the γ -GNG
model compared to the original GNG algorithm:

– Besides their positions, each unit in the network has K
vectors of context descriptors ck , where K is the order of
the filter.

– The ck context descriptors of the network are computed
using Eq. 5.

– Best matching units are found using Eq. 4.
– The position and context of winner and neighbouring
units are modified using the constants εw and εn of the
original algorithm.

The detailed description of the algorithm is given in
(Estévez and Hernández 2011). For the sake of exemplifi-
cation, we run a test of the γ -GNG algorithm over a dataset
captured from a table tennis training session. The dataset
contains the acceleration and angular speed captured with an
inertial measurement unit3 (IMU) located at the right wrist
of one of the players. Figure 2a shows the signature of two
strokes: forehand and backhand.

The objective of the test is to show how the γ -GNG algo-
rithm is able to detect these two strokes from the whole set of
strokes executed by the player during the training session.4

After running the algorithm we computed the activation of
the nodes within the window of time where the strokes were
executed, i.e., [−0.6, 0.6] seconds. The activation of a given
γ -GNG node or prototype occurs when the history of X, Y
and Z angular speeds captured by the sensor is very simi-
lar to the multi-dimensional time series of angular speeds
represented by that node. Figure 2b shows the frequency of
activation of the nodes in the network during the strokes,

3 The IMU includes a three-axial accelerometer and a three-axial gyro-
scope sampled at 102.4 Hz.
4 The dataset contains the execution of other strokes e.g., forehand and
backhand topspin, forehand and backhand block.

computed by counting the activations of each unit in the net-
work around the moment of impact with the ball. The higher
the frequency of activation of a node, the darker the pixel dis-
played for the corresponding node index. As it can be seen
from Fig. 2b, the γ -GNG nodes 46, 37 and 22 are the ones
that are more frequently activated during the execution of a
forehand gesture, and that the γ -GNG nodes that are more
frequently activated during the execution of a backhand ges-
ture are different (i.e., they are the nodes 33, 40, and 45). This
shows that it is possible to find nodes that are frequently acti-
vated during the execution of a given gesture and not during
the execution of other gestures (or activities).

A similar example is shown in Fig. 3. In this case we run
the γ -GNG algorithm over a dataset gathered from a person
performing typical gestures of daily living activities. The
dataset included some features (i.e., mean and angle) com-
puted from the acceleration signal of the wrist of a person.

Figure 3 shows two chunks of the signal, and the corre-
sponding sequence of activation of nodes. Notice that nodes
26 and 47 get activated near the middle and near the end of
the gesture, respectively.

3.2 Experimental setup

This section describes the steps we carried out to test how
the γ -GNG behaves in the task of finding gesture/activity
templates. The tests are not complete in the sense that the
diversity of activities performed by a person is huge, and it
is very difficult to test all of them. However, we observed the
behaviour of the algorithm while varying its parameters to
better asses the implications they may have in our applica-
tion. The whole description of the experiment is detailed in
Table 2.

3.2.1 Dataset

The OPPORTUNITY dataset for human activity recogni-
tion from wearable, object, and ambient sensors is a dataset
devised to benchmark human activity recognition algo-
rithms (classification, automatic data segmentation, sensor
fusion, feature extraction, etc.). The original OPPORTU-
NITY dataset was acquired from 12 subjects while they were
performing morning activities and includes 72 sensors of 10
modalities in 15 wireless and wired networked sensor sys-
tems in the environment, objects and the body (Roggen et
al. 2010). However, only a subset of this dataset contain-
ing the recordings of 4 people is available from the UCI
machine learning repository (Bache and Lichman 2013). For
each one of the 4 subjects there are five daily activity sessions
(ADL) and one drill sessionwhich has about 20 repetitions of
some pre-defined actions. We decided to use only one sensor
located on the right lower arm (RLA), and we computed two
features from small windows of time:
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Fig. 2 a Signature of two different table tennis strokes. The IMU was
located in the right wrist of a right-handed table tennis player. The dif-
ferent repetitions of the strokes where synchronized around themoment
of impact with the ball (time = 0).Dotted lines represent the median and

the continuous lines represent the first and third quartile. b Frequency
of activation of the units in the γ -GNG network. The frequency was
computed by counting the activations of each unit in the network around
the moment of impact with the ball

−
1.

0
−

0.
5

0.
0

0.
5

1.
0

Drink from a cup

Prototype indexes

43 33 45 21 19 19 10 1 37 26 26 39 6 47 31 25 22 30 35 41 21 10 1 29 24 7 26 26 39 8 6 47 48 48 48 31 14 14 43 43 19 19 28 19 1 37 26 39 8 6 47 31 25 22 30 41 21 10 1 29 24 26 26 26 39 8 6 47 48 48 48 48

> > > > > > > > > > > >

Mean X
Mean Y
Mean Z
Angle X
Angle Y
Angle Z

Fig. 3 The n-dimensional time series is represented by a sequence of
prototypes. The horizontal axis shows the index of the prototype in
the network that best matches the signal at each time. Orange vertical

lines indicate the start (green triangle) and stop (red square) of four
occurrences of the gesture: “Drink from a cup”

(i) The average of the values within the window.
(ii) The angle of the best line segment fitting the data within

the window.

Additionally, we tested different window lengths overlapped
50 %.

3.2.2 Model parameters

We performed tests with different model parameters:

(i) Network size: f rom = 50, to = 500, step = 50.
(ii) Filter order: 1, 5, 10.
(iii) Resolution: 0.9, 0.5 (β: 0.1, 0.5).

The remaining parameters are shown in Table 3.5 They were
set according to previous tests.

5 See (Estévez and Hernández 2011) for the description of each para-
meter.
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Table 2 Steps in the experimental setupwe used for testing the γ -GNG
algorithm

Step 1: Run the γ -GNG algorithm on the whole dataset and
compute the weights and contexts of all the
prototypes in the network

Step 2: Compute the sequence of activation of the prototypes
in the network by feeding the whole dataset and
computing the BMU after each input sample

Step 3: Split the training dataset and the sequence of
activations in 5 parts to perform fivefold
cross-validation

Step 4: For each chunk i of data:

(a) Create a training and a validation dataset. The
training dataset is composed of all the chunks but
chunk i ; the validation dataset is hence chunk i

(b) Using the training data, compute the matrix of
probability P(g|a), where g ∈ G, is a particular
label (gesture) in the dataset, G is the set of labels,
a ∈ N is the activation of a particular prototype
and N is the codebook of the network

(c) Using the matrix of probability obtained in the
previous step, compute the sequence of most
probable labels for the sequence of prototypes
activations in training and in the validation dataset

(d) Using the activations obtained in the previous
step, compute the F-1 score for the training and
the validation dataset

Table 3 Parameters of the γ - GNG algorithm used in the experiments
with the OPPORTUNITY dataset

ε Best: 0.05 ε Neighbors: 0.005

λ: 1,000 amax : 100

α̃: 0.5 β̃: 0.01

α: as in Eq. 6

3.2.3 Supervised association of gestures to prototypes

The vector prototypes found by the γ -GNG algorithm are
located along the distribution of the input data. Given that
these prototypes have also been placed according to the local
history (context) of the signal, they can be considered as the
patterns or building blocks of it. However, for these proto-
types to be meaningful, they need to be linked to a particular
gesture or “ground truth”. We used a probabilistic approach
for assigning ground truth labels to each one of the prototypes
in the network during an initial training phase:

– We trained the neural network to find the set of prototypes
for the time series.

– Once the network is trained, we found the sequence of
prototypes that are activated6 when the dataset is fed into
the network. Figure 3 illustrates this transformation.

– Using a dataset with gesture/activity labels at each time,
we computed the probability P(g|a) of having a partic-
ular gesture/activity given the activation of a prototype.

– The matrix P(g|a) allowed us to infer which gesture the
user performed given the activation of each one of the
prototypes.

3.2.4 Performance assessment

Weevaluated the performance of thewholemethodology i.e.,
unsupervised discovery of templates and supervised associ-
ation to gestures, by computing the weighted average (over
all classes) F1-score (Rijsbergen 1979) in the task of clas-
sifying the activities in the Drill sessions (without the null
class.)7 The F1-score shown in Eq. 7 estimates how accu-
rately our approach classifies a particular activity as such.
Where, precision = tp

tp+ f p , recall = tp
tp+ f n , tp are the true

positives, f p are the true negatives, and f n are the false
negatives.

f (1) = 2 · precision · recall
precision + recall

(7)

3.3 Results and discussion

We tested the γ -GNG algorithm with different window
lengths, different features, different filter orders, and differ-
ent depths/resolutions. Table 4 shows these results.

As it can be seen in Table 4, using both features i.e., mean
and angle, yields the best results in terms of F1-score. How-
ever, using both features only produces aminor improvement
in the performance which was already high using the average
as feature.

Filter order has also a big influence on performance. This
result shows that, as expected, the size of the context (and
thus the size of the signatures) has a major influence on the
classification performance.However, since filter depth can be
modulated by parameter β, the length of the context (filter
order) does not have to be equal to the length of the gestures.
In our experiments parameter β was set to increase depth
1.111 and 2 times (i.e., β = 0.1 and β = 0.5) at the expense
of decreasing the resolution of the comparisons. One can see
in Table 4 that increasing depth (β = 0.5) produces a better
detection of the gestures and thus, higher values of F1-score.

6 We computed the best matching unit (BMU) for each point in the
dataset.
7 The performance of the detection of the null class was not evaluated
since this class is much more frequent in the dataset. The performance
of the system is overestimated if the null class is considered in the
evaluation of the weighted F1-score.
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Table 4 Cross-validation results for the drill session of subject S1
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Different filter orders (i.e., 1, 5, 10) and different beta values (i.e., 0.1 and 0.5) were tested. The colours represent the F1-score (without null class)
from 0 (blue) to 1 (red). The horizontal axis indicates the number of prototypes in the network, and the vertical axis indicates the size of the window
used for computing the features

Moreover, the size of the network (the amount of proto-
types, and thus the amount of patterns) influences the detec-
tion of gestures too. A bigger network (more complex) has
more accurate patterns, which produces better detections.
Thus, a higher complexity can yield better results, but can be
infeasible if the approach has to be implemented in a system
with low computational resources (e.g., mobile platforms).
Another interesting observation is that the number of units
that should have the network for reaching a given F1-score
changes with the size of the window from where features
were computed. If features are computed from larger win-
dows, less units are needed in the network. This result can be
explained by the fact that shorter windows generate longer
sequences (in terms of number of windows needed to cover
them) and thus, given that filter depth is fixed (i.e., filter order
and β), more prototypes are needed to cover the full variabil-
ity of the gestures.

After exploring different parameters for the filter, we con-
cluded that a filter depth of 20 (i.e., K = 10, β = 0.5)
gave the best results. Table 5 shows the F1-score after cross-

validation tests on the 4 subjects in the OPPORTUNITY
dataset.

As it can be seen from Table 5, the set of parameters
(window width and network size) that yields good results
is large. Moreover, the images suggest that comparable per-
formances can be reached adding more units to the γ -
GNG network or computing the features using larger time-
windows.

For the sake of comparison, we show in Table 6 the perfor-
mance obtained using other approaches to gesture recogni-
tion over the same dataset. Sagha et al. (2011) performed
a benchmarking of the dataset using different classifiers
processing data from single windows: linear discriminant
analysis (LDA), quadratic discriminant analysis (QDA), k
Nearest Neighbours (k-NN) and nearest centroid classifier
(NCC). Satizábal et al. (2013) proposed an approach that
compares sequences of windows based on the k-medoids
algorithmby embedding different distancemeasures: Euclid-
ean distance and the dynamic time warping (DTW) dis-
tance.
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Table 5 Cross-validation
results for the 4 subjects in the
OPPORTUNITY dataset

We fixed the filter depth to 20
(K = 10, β = 0.5). The colours
represent the F1-score (Without
null class) from 0 (blue) to 1
(red). The horizontal axis
indicates the number of
prototypes in the network, and
the vertical axis indicates the
size of the window used for
computing the features
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Table 6 Validation performance (weighted F1-score without null class) after applying different methods for recognizing gestures in the OPPOR-
TUNITY dataset

Classifier S1 S2 S3 S4

LDA† 0.34 0.26 0.33 0.19

QDA† 0.32 0.25 0.39 0.19

1-NN† 0.53 0.47 0.62 0.47

3-NN† 0.52 0.49 0.62 0.48

NCC† 0.30 0.21 0.29 0.15

k-medoids + Euclidean‡ 0.46 0.23 0.35 0.58

k-medoids + DTW‡ 0.59 0.51 0.5 0.51

γ -GNG (100) 0.64 0.74 0.46 0.69

γ -GNG (200) 0.77 0.76 0.67 0.73

γ -GNG (300) 0.79 0.80 0.73 0.75

γ -GNG (400) 0.82 0.81 0.73 0.77

γ -GNG (500) 0.80 0.80 0.77 0.78

Results marked with † where reported by Sagha et al. (2011). Results marked with ‡ were computed using the approach described by Satizábal
et al. (2013). Results of the γ -GNG algorithm were computed using as features the mean and angle of windows of 40 samples overlapped 50 %, a
filter depth of 20 and the parameters shown in Table 3

4 Conclusions

The general approach to activity recognition roughly con-
sists on identifying salient sensor data patterns that serve as
a “fingerprint” of each activity we want to recognize. One
normally looks for those patterns in the input signal after
segmenting it into sections or “time-windows”. Those pat-
terns are generally multidimensional: i.e., they correspond
to particular values of acceleration (and other measures) on
every axis, or particular feature values computed on the raw
sensor data. A computationally “cheap” approach has been
to identify those activity “fingerprints” within single “time-
windows”. However, when dealingwith complex activities, a
single time-windowcannot fully characterise the activity, and
more information is required. One can normally use several

sensors to attempt to enrich the fingerprints of the activities,
or consider multiple subsequent time-windows. This paper
starts by presenting an overview of recent approaches that
are based, whether on single time-windows or on sequences
of time-windows. It then presents the central contribution,
which is the application of a vector quantization algorithm
capable of exploiting multiple time-windows of sensor data
in activity recognition. This approach integrates the unsu-
pervised discovery of gesture templates (e.g., the activity
“fingerprints”) into the standard activity recognition chain.
The proposed methodology employs an unsupervised neural
network called the γ -GNG network which performs vector
quantization in feature and “context” spaces. This neural net-
work model keeps a track of the recent history of the signal
(“context”) by using a filter structure called the Gamma fil-
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ter. This filter is characterized by (a) an order, which defines
its complexity and the amount of time it is able to see into
the past of the signal, and (b) a parameter (i.e., β), which
can be used to modulate the depth of the memory, at the
expense of resolution. We performed a study of the parame-
ters of the γ -GNG algorithm, by analyzing the effect of those
parameters, i.e., the length of the windows, the network size
and the depth of the filter (by varying its order and resolu-
tion) on the performance of the model in the task of activity
recognition. These tests were performed using the OPPOR-
TUNITYdataset (Roggen et al. 2010),which is awell-known
benchmark in the domain. The results of our tests allowed
us to corroborate some straightforward relationships like the
effects of the filter order, and the size of network, on the
behaviour of the algorithm. Moreover, they allowed us to
analyse the less evident relationship between network size
and window length, and the effects of the parameter β on
the global performance of the system. Last but not least, they
allowed us to show that the use of the γ -GNG algorithm
for unsupervisely discovering gesture templates in the time
domain, enabled us to obtain the best reported performances
(to our knowledge) on the OPPORTUNITY benchmark. Our
approach reaches a F1-score close to 0.8, which is definitely,
much better than previous benchmarks on the same dataset
[i.e.,≈0.6 in (Satizábal et al. 2013) and≈0.6 in (Sagha et al.
2011)].
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