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Resumen 
 
El Reconocimiento de Actividades Humanas es un área de investigación emergente, cuyo 
objetivo principal es identificar las acciones realizadas por un sujeto analizando las señales 
obtenidas a partir de unos sensores. El rápido crecimiento de este área de investigación dentro de 
la comunidad científica se explica, en parte, por el elevado número de aplicaciones que están 
surgiendo en los últimos años. Gran parte de las aplicaciones más prometedoras se encuentran en 
el campo de la salud, donde se puede hacer un seguimiento del nivel de movilidad de pacientes 
con trastornos motores, así como monitorizar el nivel de actividad física en pacientes con riesgo 
cardiovascular. Hasta hace unos años, mediante el uso de distintos tipos de sensores se podía 
hacer un seguimiento del paciente. Sin embargo, lejos de ser una solución a largo plazo y gracias 
a la irrupción del teléfono inteligente, este seguimiento se puede hacer de una manera menos 
invasiva, haciendo uso de la gran variedad de sensores integrados en este tipo de dispositivos. 
 
En este contexto nace este Trabajo de Fin de Grado, cuyo principal objetivo es evaluar nuevas 
técnicas de extracción de características para llevar a cabo un reconocimiento de actividades y 
usuarios así como una segmentación de aquellas. Este reconocimiento se hace posible mediante 
la integración de señales inerciales obtenidas por dos sensores presentes en la gran mayoría de 
teléfonos inteligentes: acelerómetro y giróscopo. Concretamente, se evalúan seis tipos de 
actividades realizadas por treinta usuarios: andar, subir escaleras, bajar escaleras, estar sentado, 
estar de pie y estar tumbado. Además y de forma paralela, se realiza una segmentación temporal 
de los distintos tipos de actividades realizadas por dichos usuarios. Todo ello se llevará a cabo 
haciendo uso de los Modelos Ocultos de Markov, así como de un conjunto de herramientas 
probadas satisfactoriamente en reconocimiento del habla: HTK (Hidden Markov Model Toolkit). 
 
Palabras clave: Reconocimiento de Actividades Humanas, Modelos Ocultos de Markov, 
Teléfono Inteligente, Actividades Cotidianas, Cuidado de la Salud, Acelerómetro, Giróscopo, 
Señales Inerciales, Cepstrum, Extractor de Características. 
 

Summary 
 
Human Activity Recognition (HAR) is an emerging research field with the aim to identify the 
actions carried out by a person given a set of observations and the surrounding environment. 
The wide growth in this research field inside the scientific community is mainly explained by the 
high number of applications that are arising in the last years. A great part of the most promising 
applications are related to the healthcare field, where it is possible to track the mobility of 
patients with motor dysfunction as also the physical activity in patients with cardiovascular risk. 
Until a few years ago, by using distinct kind of sensors, a patient follow-up was possible. 
However, far from being a long-term solution and with the smartphone irruption, that monitoring 
can be achieved in a non-invasive way by using the embedded smartphone’s sensors. 
 
For these reasons this Final Degree Project arises with the main target to evaluate new feature 
extraction techniques in order to carry out an activity and user recognition, and also an activity 
segmentation. The recognition is done thanks to the inertial signals integration obtained by two 
widespread sensors in the greater part of smartphones: accelerometer and gyroscope. In 
particular, six different activities are evaluated walking, walking-upstairs, walking-downstairs, 
sitting, standing and lying. Furthermore, a segmentation task is carried out taking into account the 
activities performed by thirty users. This can be done by using Hidden Markov Models and also 
a set of tools tested satisfactory in speech recognition: HTK (Hidden Markov Model Toolkit). 
 
Keywords: Human Activity Recognition (HAR), Hidden Markov Models (HMMs), 
Smartphone, Activities of Daily Living (ADL), Healthcare, Accelerometer, Gyroscope, Inertial 
Signals, Cepstrum, Feature Extraction. 
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Chapter 1: Introduction 
 

1.1 Introduction 
 
Human Activity Recognition (HAR) is an emerging research field with the purpose to identify 
the activities carried out by a person given a set of observations and the surrounding environment. 
This field has experienced a wide growth within the scientific community in the last years due to 
the high number of promising applications such as healthcare [1,2], smart homes, ubiquitous 
computing, ambient assisted living, surveillance, security [3,4,5], manufacturing [6], as well as 
the interest shown by government and commercial organizations. 
 
Inside the healthcare area, the HAR has a substantial number of applications from fall detection 
in patients with movement disorders such as akathisia, chorea and Parkinson’s disease to 
gathering information about the gait and posture, metabolic energy expenditure and monitoring 
physical activity [7].  
 
Monitoring user’s activity and generating daily, weekly and monthly activity reports indicating 
the overall physical activity level may help to fight against diseases. Some of these are the major 
causes of death in the developed countries like type II diabetes, obesity, cancer and stroke and 
also represents a high medical expenditure. 
  
Moreover, according to the World Health Organization [8] and United Nations [9] last reports, 
by 2050 all major areas of the world will have nearly a quarter or more of their populations aged 
60 or over, with 2.1 billion of elderly persons all over the world. Together with other global 
problems such as the nursing shortage and the financial crisis arise the urgent necessity of 
automated monitoring systems to aid the healthcare industry justifying the existence and the huge 
growth of the HAR field. 
 
The smart homes allow these elderly and disabled patients a continuous health and well-being 
supervision while they perform Activities of Daily Living (ADL) at home. These new homes 
incorporate new multimodal technologies such as environmental sensors, user interfaces, 
computing devices and actuators that guarantee an accurate supervision and a fast response in 
hazardous situations. A suitable response is particularly important when monitoring people with 
frailty or chronic diseases like Parkinson or Alzheimer’s disease [10].  
 
HAR can be performed by using information obtained from various types of sensors depending 
on its location: on body, object-placed or ambient sensors. 
 
Environment sensors like video cameras are a traditional method extensively used whose main 
advantage is the possibility to register not only images but also acoustic events assisting in the 
detection and description of human activity [11, 12, 13, 14]. For instance, in a hospital 
environment, these sensors can remind a doctor or a nurse to perform certain tests prior a surgical 
operation. Also, they are very useful in a factory environment, where they can monitor the 
worker’s activities and if they were done in a safety way. 
 
Notwithstanding, this kind of sensors has several disadvantages: they raise privacy issues, often 
needs an infrastructure support, depends on lighting conditions and requires the individual being 
recorded to remain within the field of view of the camera. In addition, the extraction of features 
from the recorded images requires complex hardware. 
 
Wearable sensors not only solve the infrastructure problem of the environment sensors, but also 
allow the measure of body signals (e.g. physiological, motion, location) [15, 16, 17]. Different 
approaches present different adaptations of motion sensors in different body parts such as the 
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Accelerometer Gyroscope 

waist, wrist, sternum, chest and thighs; achieving a good classification performance [18, 19, 20, 
21]. 
 
Unfortunately, this kind of activity recognition is not feasible for long-term monitoring due to the 
user discomfort while wearing several sensors and wires, and also the necessity of sensor 
repositioning after dressing. Furthermore, these sensors have drawbacks for elderly or Alzheimer 
patients since they might forget to wear or to recharge the energy-limited battery embedded in 
them. 
 
Feature extraction for HAR depends strongly on the type of sensors used to develop the 
monitoring system. Some authors suggest the use of Histograms of Oriented Gradients (HOG) 
[22] for object detection in video processing. Additionally, the acoustic signal feature extraction 
processing obtained by microphones differs from other common features extraction systems [23].  
 
Thus, the real revolution in HAR could not have been possible without the introduction of the 
smartphone to the greater part of the world's population. It is estimated that, by the end of 2016, 
there will be 2 billion smartphones consumers worldwide [24]. 
 
On the one hand, these devices allow the non-invasive integration of many sensors - like dual 
cameras, microphones, GPS sensors, light sensors, accelerometers and gyroscopes- in a very 
reduced area. This solves the problems related to the infrastructure requirements or the patient 
cooperation in order to place the sensors in the correct position. In addition, by using smartphone 
the data acquisition is faster since the processing unit and sensor are in the same gadget. On the 
other hand, the use of the smartphone instead several independent sensors cause a long-term price 
reduction. 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 1: Accelerometer and Gyroscope coordinates system 

Furthermore, their relative computing power, their capability to send and receive data, the online 
computation, the wide range of connectivity options, and the nearly ubiquitous use in our society 
make them the perfect candidate for Human Activity Recognition, bringing new research 
opportunities for human-centred applications. In these applications, the user is the main source of 
information and the phone is the first-hand sensing tool. 

 
Recently the researchers have taken advantage of the embedded tri-axial accelerometer for the 
purpose of activity recognition; some additional results have been presented in [25, 26, 27, 28, 
29] 
 
Although, the major improvements are related to topics such as activity modelling, feature 
extraction, standardizing performance evaluation metrics and providing public data for evaluation 
[30], some researchers are working hard for reducing the accelerometer dependant position along 
subjects’ bodies. For instance, in one essay [31], the authors propose using Kernel Discriminant 
Analysis (KDA) for minimizing the within-class variance. 
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Despite of the rapid growth of the studies in this field, such as using different kind of sensors, 
classification algorithms and different feature extraction systems, there are several short term 
challenges:  
 

1. Recognizing concurrent activities: since people are able to do several activities at the 
same time, we have to use different approaches to characterized each of them and to 
achieve a good activity error rate. 

2. Recognizing interleaved activities: because the majority real-life activities are 
interleaved, it is primordial to achieve a good activity segmentation error rate in order to 
characterize each activity in isolation.  

3. Reducing interpretation ambiguity: due to several activities share similar movements we 
have to characterized each one unequivocally. 

4. In the case of Smart Houses, more than one resident can be present at the same time, so 
we have also to achieve a good user error rate in order to identify the person who carried 
out the activity [32]. 

 
Overall, it’s supposed that the expansion and further investigations about Human Activity 
Recognition will lead many promising new biomedical applications and better life quality for 
elderly and sick people and also for everybody. 
 

1.2 Objectives 
 
This Final Degree Project (FDP) arises due to all the reasons described in the previous section, 
and its main target is to evaluate new classification and feature extraction techniques using inertial 
signals obtained thanks to the smartphone’s accelerometer and gyroscope. With the help of 
Hidden Markov Models (HMMs) we are going to classify six different physical activities: 
walking, walking-upstairs, walking-downstairs, sitting, standing and lying using well-known 
techniques commonly used in speech recognition. 
 

 
Figure 2:Activities to be recognized 

The FDP main contribution to the HAR field, is the improvement of the feature extraction module, 
using frequency-based features widely used in speech processing; obtaining activity, user and 
activity segmentation values that overcome baseline error rates. Because accelerometer and 
gyroscope signals are not studied extensively we have to deal with new approaches for extracting 
useful features for the HAR problems already studied in speech recognition. We have considered 
two Cepstral techniques in order to perform the features extraction: Mel Frequency Cepstral 
Coefficients (MFCC) and Perceptual Linear Predictive Cepstral Coefficients (PLP). The main 
purpose of this work can be summarized as follows: 
 
To beat an activity and user recognition, and activity segmentation error rate obtained from 
common feature extraction techniques, using two new feature extraction techniques: MFCC and 
PLP. 
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1.3 Methods and Materials  
 
In order to draft this work, the following activities have been carried out: 
 

1. State of the art: reading scientific articles with the aim to have a general vision of the 
current research lines and the different procedures used to improve the performance. 

2. Installing and software configuration: In this FDP the GNU-OCTAVE (version 3.8.2) 
[33] interpreted language was used with several packages to obtain different measures 
from the signals. Also a command interpreter based on Perl was installed. 

a. Packages: 
i. tsa (version 4.2.7): described as ‘Stochastic concepts and maximum 

entropy methods for time series analysis’, this package includes 
functions such as autocorrelation, or autoregressive models. 

ii. statistics (version 1.2.3): which brings additional statics functions  
iii. image (version 2.2.2): implements feature extraction features 
iv. Other packages: such as general or signal which provide additional 

useful functions. 
b. Command Interpreter: ActivePerl. 

3. Study of Hidden Markov Models (HMMs) as a classifier algorithm. 
4. Making a set of experiments with the purpose of breaking an error rate (provided by a 

baseline experiment) in activity and user recognition, and also in activity segmentation. 
5. Analysis of the results and comparisons among the different experiments in order to 

determine the best system configuration. 
6. Writing the report. 

 
Furthermore, a research speech recognition toolkit called HTK (Hidden Markov Model Toolkit) 
will allow us to perform inertial analysis, HMM training, testing and results analysis by providing 
us a set of library modules and tools. Some expressions, system setting and functions will be 
described using the HTK documentation: HTKBook [34] 
 
Finally, this FDP is based on Rubén San-Segundo’s studies. Many assumptions and setting 
configurations are taken directly from his research articles. For that reason, his investigations are 
mentioned along the different chapters in order to explain several aspects such as the number of 
HMM states or the Gaussian Mixtures used [35, 36, 37]. 
 

https://www.gnu.org/software/octave/
http://www.activestate.com/activeperl
http://htk.eng.cam.ac.uk/docs/docs.shtml


Chapter 2: State of the Art 

 - 5 - 

Chapter 2: State of the Art 
 
Human Activity Recognition (HAR) can be seen as a pattern recognition problem, where a system 
extracts features from sensors signals, generates a model for each activity and classify next 
activities based on these models. Usually, the activities to be recognized are common daily 
activities such as walking, jogging, walking-upstairs, walking-downstairs, sitting, standing, 
driving, bicycling, running, aerobic dancing and so on. 
 
Nowadays, the different solutions can be classified based on several criteria. The first one is based 
on the kind of sensor used, their location (on body, object-placed or ambient sensors) and the type 
of signals measured (e.g. inertial or vision-based). The second one is related to the modelling 
principle, which can be data- or knowledge-driven depending on whether the HAR models are 
built given pre-existing datasets or from exploitation of prior knowledge regarding a particular 
domain. The third one is the learning approach, which can be either supervised, semi-supervised 
or unsupervised, and the last one, according to the classification algorithms used.  
 
Several Machine Learning approaches have already been applied to activity recognition. Some 
authors have used simple heuristic classifiers, [38, 39] while others have employed more 
automatic methods including Naïve Bayes [40], Markov Chains [41], Decision Tress [42], 
Support Vector Machines (SVMs) [43, 44], Bayesian Networks and Neural Networks [45]. Other 
researchers have also used WEKA learning tool to reduce the noise present in phone-collected 
accelerometer data and to compare the accuracy rates of several machine learning approaches: 
C4.5 Decision Trees, Naïve Bayes, k-Nearest Neighbour and Support Vector Machines; 
concluding that vertical and horizontal features are more relevant for activity recognition than 
magnitude features alone, since those ones have better recognition accuracy. Likewise, this kind 
of studies proves that different algorithms recognize activities with different accuracy depending 
on factors such as the shape of the signal, the kind of the magnitude collected, the existence of 
extreme changes in acceleration and the previous activities. From a survey published in the World 
Academy of Science, Engineering and Technology the most popular algorithms are Decision 
Trees, k-Nearest Neighbour, Naïve Bayes, SVM and Neural Network. Also, the popular 
evaluation methods are n-fold cross validation, precision and recall measures, F-measures and 
accuracy.  
 
As mentioned above, there are three different learning approaches (supervised, semi-supervised, 
unsupervised). Although most researchers use supervised classification algorithms in which they 
are trained with labelled samples to generate classification model, Brent Longstaff et al. 
introduced algorithms using semi-supervised and active learning methods [46]. They employed 
two semi-supervised learning methods: self-learning and co-learning. Self-learning labels and 
classifies unlabelled data using one classifier depending on a confidence level. If the confidence 
level of the prediction is high enough, the data will be labelled with the prediction. Unlike Self-
learning, Co-learning uses multiple classifiers to classify unlabelled data. The main advantage of 
this kind of learning is that less manual labelled data is required, hence there exists an economic 
resource saving. Unsupervised algorithms are also being developed, for instance authors in [47] 
used Continuous Hidden Markov Models (CHMMs) which not required labelled data. The latest 
development inside the supervised learning methods consists of implementing the algorithms in 
smartphones rather than workstations. Another alternative is based on the idea of generating the 
classification model by executing the algorithm at a workstation and bring back the model into 
smartphones for classification of input data. 
 
Another recently approach is the combination of various types of sensors. In [48], authors 
combine the smartphone accelerometer paired with a chest sensor. The researchers used C4.5, 
CART, SVM, Multi-Layer Perceptron and Naïve Bayes classification algorithms with 24 subjects 
achieving an accuracy over 98%. 
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While some studies reveal that small duration activities are better modelled with Neural networks, 
Neuro-fuzzy systems and C4.5 some others achieve better results with a well pruned decision tree 
[49]. 
 
All of this classifiers have to respond to the current challenges: a high dimensional characteristic, 
detection of no relevant actions (i.e. Null class) and model generalization for dealing with unseen 
data. Thus robust methods are required.  
 
Nevertheless, when classifying temporal sequences, a successful modelling strategy are Markov 
chains. Simple activities can be modelled accurately as Markov Chains. However, complex or 
unfamiliar activities are often difficult to understand and model owing to these chains require 
specific knowledge of the application, this is, when working with a patient with a specific 
sickness, the researcher have to be an expertise in the area to build and fit the model. Fortunately, 
observing signals being generated from complex or unfamiliar activities can be utilized to 
indirectly build a Hidden Markov Model of the activity. Despite this model is not widely used, 
HMMs are recognized as one effective technique for activity classification, because they offer 
dynamic time warping, have clear Bayesian semantics and well-understood training algorithms. 
However, Hidden Markov Models have some other disadvantages: difficulty in representing 
multiple interacting activities, strict independence assumptions on the observations and the 
necessity of a significant training are some of them. 
 
Hidden Markov Models have been used successfully in various recognition systems, such as 
computer vision-based HAR, or speech recognition. 
 
Some authors proposed a two-layer HMM to build an ADLs recognition model that could 
represent the mapping between low-level sensor data and high-level activity based on a binary 
sensor [50].  Using 2-layer HMM allowed them to reduce time complexity of probabilistic model, 
and also the number of hidden states. In the first layer, the object location data were used to predict 
the activity class, while in the second one the sequence data was utilized to determine the exact 
activity. 
 
Other recently study [51], has taken advantage of the Kinect device to recognize human activity 
using 3D positions of body joints. 
 
To conclude with this chapter, this work is focused on developing a supervised Human Activity 
Recognition and segmentation approach that makes use of smartphone’s inertial sensors 
(accelerometer and gyroscope) using Hidden Markov Models. 
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Chapter 3: Feature Extraction 
 

3.1 Pre-processing 
 
Raw data from sensors often contain many useful hidden information and, also, noise. Thus, it is 
necessary a good data pre-processing. 
The inertial signals collected by the smartphone are the following ones (in where –XYZ is used 
to denote 3-axial signals in the X, Y and Z directions):  
 

Name Time Frequency 
Body Acc (XYZ) 1 1 

Gravity Acc (XYZ) 1 0 
Body Acc Jerk (XYZ) 1 1 

Body Gyro (XYZ) 1 1 
Body Gyro Jerk (XYZ) 1 0 
Body Acc Magnitude 1 1 

Gravity Acc Mag 1 0 
Body Acc Jerk Mag 1 1 

Body Gyro Mag 1 1 
Body Gyro Jerk Mag 1 1 

 
Table 1:Time and frequency domain signals obtained from the smartphone sensors 

Thanks to the accelerometer and gyroscope, we are able to collect tri-axial linear acceleration and 
angular velocity signals. Since inertial signals depends strongly on the type of activities to 
recognize, the sampling frequency have to be chosen conscientiously. 
Basically all measured body movements are contained within frequency components below 20 
Hz, and 99% of human body motion energy is even contained below 15Hz. According to Nyquist-
Shannon Theorem, a sampling frequency over 30 Hz is enough for capturing the relevant 
information. In this work, the sampling rate was established in 50 Hz to ensure a complete signal 
registration. The time signals were sampled in fixed-width sliding windows of 2.56 sec and 50% 
overlap (128 samples per frame with an overlap of 64 samples).  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 3: Structure of a frame 
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The most suitable window length and overlap values were obtained according to Ruben’s 
investigations; where authors discovered how increasing the window length from 64 to 128 
samples results in a rapidly error rate decreases due to signals are better estimated. Thus a frame 
contains more information about the performed activity. Conversely, decreasing the window 
length, lead to an increase of the error rate because samples from different activities can be 
included in the same frame.  
 
On the other hand, if we look how changing overlap affects our system, by reducing it, the results 
get worse since there are movements or activity transitions that are not properly modelled. By 
increasing the window overlap, the results do not vary much because there are not fast activities 
which requires an extremely temporal resolution. 
 
Also, this window size is mainly justified for the following reasons: 
 

• The step frequency of an average person walking is within [90, 130] steps/min, that is, a 
minimum of 1.5 steps/sec 

• Considering the previous aspect, a full walking cycle (two steps) is preferred on each 
window sample. A full walking cycle is taking under two seconds. 

• People with slower step frequency such as elderly and disabled should also benefit from 
this method. It was supposed a minimum speed equal to 50% of average human cadence. 

 
After sampling, a pre-processed for noise reduction was done with a median filter and a 3rd order 
low-pass Butterworth filter with a 20 Hz cut-off frequency. A second Butterworth low pass filter 
was used to split into gravitational and body motion components the acceleration signal obtained 
by the smartphone. Because of the gravitational force nature, it has only low frequency 
components. Therefore, a 0.3 Hz cut-off frequency filter was used. A set of additional signals 
were also obtained by calculating from the tri-axial signals the Euclidean magnitude and time 
derivatives (jerk 𝑑𝑑𝑑𝑑/𝑑𝑑𝑑𝑑). 
 

Figure 4:Filtering Process 

Finally, a Fast Fourier Transform (FFT) was applied to some of the time domain signals obtaining 
their correspondence in the frequency domain. 
 
From every frame or window, a vector of features was obtained by calculating variables from 
time and frequency domains of the inertial signals.  
 
Every accelerometer generates three signals (x, y, z), so the features were obtained considering 
all of them independently or combined. This aspect makes smartphone-based HAR a high-
dimensional machine learning problem, so it is important also to maintain the feature vector size 
under a reasonable value. 
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Finally, as occurs in speech processing area, the inertial signals from accelerometer have been 
generated by human physical movements and they both share relevant information in the 
frequency domain and energy concentration in low frequencies (although they have different 
frequency range). 
 

Kind of Signal Frequency (Hz) Time (s) Overlap (s) Samples 
Voice 8000  0.016 0.008 128 

Accelerometer 50 2.56 1.28 128 
 

Table 2: Comparisons between voice and inertial signals 

Overall, 17 different signals were acquired and can be seen in the following section. 
 

3.2 Feature Extraction Analysis 
 
Suitable features will improve the classification process, reducing the amount of time and memory 
required. 
Vector of features includes the measures shown in Table 3. 
 

Function Description 
mean Mean Value (for each axis) 
std Standard deviation (for each axis) 

mad Median absolute value (for each axis) 
max Largest values in array 
min Smallest value in array 
sma Signal magnitude area 

energy Average sum of the squares 
iqr Interquartile range 

entropy Signal Entropy 
arCoeff Autorregresion coefficients 

correlation Correlation coefficient between two signals. 
maxFreqInd Largest frequency component 
meanFreq Frequency signal weighted average 
skewness Frequency signal Skewness 
kurtosis Frequency signal Kurtosis 

energyBand Energy of a frequency interval within the 64 
bins of the FFT of each window 

angle Angle between two vectors 
 

Table 3: List of measures for computing feature vectors 

The main features used by researchers can be gathered into four categories: 
 

1) Magnitude-based features: features based on the magnitude values of sensors. These 
features were the raw values of sensors. Measures like mean, std, mad, max, min, iqr are 
englobed in this category. 

2) Frequency-based features: features based on the sensors frequency values, computed by 
using FFT. 

3) Correlation features: between the signal in different axis  
4) Other features: new features not often used, such as autoregressive coefficients and signal 

magnitude area. 
 

To get a general sense of the functions represented in the table, some are described briefly below: 
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Autoregressive Coefficients: The AR model is used to model the time series signals of the 
different activities and is represented by the following expression: 
 

𝑦𝑦(𝑑𝑑) = 𝑐𝑐 + �𝑑𝑑(𝑖𝑖)𝑦𝑦 (𝑑𝑑 − 𝑖𝑖) + 𝜀𝜀(𝑑𝑑)
𝑝𝑝

𝑖𝑖=1

 

 
Where 𝑑𝑑1 … …𝑑𝑑𝑝𝑝 are the model parameters, 𝑝𝑝 the order of the model, 𝑐𝑐 is a constant and 𝜀𝜀 (𝑑𝑑) the 
output correlate error. The order of an AR model refers to the number of past values of 𝑦𝑦(𝑑𝑑) used 
to estimate the current value of 𝑦𝑦(𝑑𝑑) [52]. The autorregresion coefficients have a Burg order equal 
to 4 in our case. 
 
Correlation: By analysing the autocorrelation, we measure the statistical relationship between 
two or more signals. The correlation was done among all axis (X-Y, X-Z, Y-Z). 
 

𝜌𝜌𝑥𝑥𝑥𝑥 =
𝑐𝑐𝑐𝑐𝑐𝑐 (𝑥𝑥,𝑦𝑦)
𝜎𝜎𝑥𝑥𝜎𝜎𝑥𝑥

=  
𝜎𝜎𝑥𝑥𝑥𝑥
𝜎𝜎𝑥𝑥𝜎𝜎𝑥𝑥

 

 
Signal Magnitude Area: In order to distinguish between static vs. dynamic activities the signal 
magnitude area (SMA) is used since it gives us an idea of the quantity variation. It expression in 
the discrete domain and considering a 3-axis signal is: 
 

𝑆𝑆𝑆𝑆𝑆𝑆 =
1
𝑁𝑁
�� |𝑑𝑑𝑏𝑏𝑏𝑏𝑏𝑏𝑥𝑥 𝑥𝑥

𝑁𝑁

0

| +   � |𝑑𝑑𝑏𝑏𝑏𝑏𝑏𝑏𝑥𝑥 𝑥𝑥

𝑁𝑁

0

| +  � |𝑑𝑑𝑏𝑏𝑏𝑏𝑏𝑏𝑥𝑥 𝑧𝑧

𝑁𝑁

0

|� 

 
A good way to measure the location and variability of the dataset is using Skewness and Kurtosis 
measures. 
 
Skewness: is a measure that represents the asymmetry of the probability distribution of a random 
variable about its mean. This value can be negative; if the tail on the left side of the probability 
density function (PDF) is longer than the right side; positive if the tail on the right side is longer 
than the left side, or undefined if one side of the PDF is longer than the other one but thinner. For 
univariate data 𝑌𝑌1,𝑌𝑌2, … ,𝑌𝑌𝑁𝑁 the formula of the Skewness is: 
 

𝑏𝑏1 = ∑ (𝑌𝑌𝐼𝐼−𝑌𝑌�)3/𝑁𝑁𝑁𝑁
𝑖𝑖=1

𝑠𝑠3
  (1) 

𝐵𝐵1 =  �𝑁𝑁 (𝑁𝑁−1)
𝑁𝑁−1

 ∑ (𝑌𝑌𝐼𝐼−𝑌𝑌�)3/𝑁𝑁𝑁𝑁
𝑖𝑖=1

𝑠𝑠3
 (2) 

 
Where 𝑌𝑌� is the mean, 𝑠𝑠 the standard deviation and N the number of data point. And adjustment 
for sample size is presented in (2) 
 
Kurtosis: This measure gives an idea of how close a distribution is to a Gaussian, that is, if the 
data are heavy-tailed or light-tailed. Datasets with high kurtosis tend to have heavy tails whereas 
low kurtosis tend to have light tails. 
 

𝑏𝑏1 = ∑ (𝑌𝑌𝐼𝐼−𝑌𝑌�)4/𝑁𝑁𝑁𝑁
𝑖𝑖=1

𝑠𝑠4
  (3) 

 
Angle: To estimate the angle, additional vectors are obtained by averaging the signals in a signal 
window sample. These are Gravity Mean, Body Acc Mean, Body Acc Jerk Mean, Body Angular 
Speed Mean, Body Angular Jerk Mean. 
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The baseline feature extraction module obtains vectors combining these time and frequency based 
measures. Overall, a total of 561 features are extracted to describe each frame (every 1.28 sec). 
 

3.3 New Feature Extraction Analysis Approach 
 
Nowadays different approaches are being used on feature extraction areas such as speaker and 
speech recognition and also biometric systems that can be apply satisfactorily in HAR.  

3.3.1 Mel Frequency Cepstral Coefficients (MFCC) 

The first new proposal will be MFCC (Mel Frequency Cepstral Coefficients). This is a popular 
algorithm commonly used in speech processing, which main principle is concentrating the 
analysis resolution on low frequencies. For that reason, a Mel scale is used against a linear scale, 
specifying linearity up to 1000 Hz and logarithmic above that value. 
 

 
 

Figure 5: Mel Scale 

MFCC algorithm is used in speech recognition systems due to human speech perception is more 
sensitive at lower frequencies than 1000 Hz. 
  
In order to compute MFCC a six step process is considered initially: 
 

1. Pre-Emphasis: a pre-emphasis is carried out to amplify higher frequencies. This step is a 
compensating way for the rapid spectrum of speech decaying.  

2. Hamming Windowing: for reducing the local effect of Fourier Transforms computing.  
3. FFT (Fast Fourier Transform). 
4. Frequency Warping: energy of frequency bands are computed considering triangular 

filters with Mel distribution to ensure more resolution in lower frequencies. 
5. Energy Band Logarithm: computes the logarithm of the frequency band energies. 
6. Discrete Cosine Transform. 

 
For the system evaluation some of this steps are varied along the set of experiments carried out, 
in order to adapt the feature extraction strategy to inertial signals. Firstly, the number of Cepstral 
coefficients which are extracted from every inertial signal at every window is changed. This 
provide us comparisons between different feature vector lengths, which is useful to find the 
optimum coefficient value.  
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Secondly, an analysis of the impact of adding time derivatives to the MFCC parameters is taking 
into account. Signal derivatives can provide information about the signal evolution, therefore the 
adapted MFCCs are complemented with delta (∆) and delta-delta (∆∆) coefficients. Only the first 
and second derivatives (∆MFCC and ∆∆MFCC) will be considered along this FDP due to relevant 
information is included in both the static and dynamic characteristic of a signal.  The delta 
coefficients are computed using the next formula extracted from HTKBook: 
 

𝑑𝑑𝑡𝑡 =  
∑ 𝑛𝑛 (𝐶𝐶𝑡𝑡+𝑛𝑛 −  𝐶𝐶𝑡𝑡−𝑛𝑛)𝑁𝑁
𝑛𝑛=1

2∑ 𝑛𝑛2𝑁𝑁
𝑛𝑛=1

 

 
Where 𝑑𝑑𝑡𝑡 is a delta coefficient at time 𝑑𝑑 computed in terms of the corresponding static coefficients 
𝐶𝐶𝑡𝑡−𝑛𝑛 to 𝐶𝐶𝑡𝑡+𝑛𝑛; and 𝑁𝑁 depends on a configuration parameter called ‘DELTAWINDOW’ which was 
fixed to 9. When calculating delta-delta (or acceleration) coefficients, the same formula can be 
applied by varying the configuration parameter for ‘ACCWINDOW’. Since delta coefficients 
relies on past and future speech parameter values, some modifications are needed at the beginning 
and the end of the speech. The default behaviour is to replicate the first or last vector as needed 
to fill the regression window. 
 
The following table summarized the relation between the number of MFCCs, the vector size and 
time derivatives: 

 
Table 4: Relation between coefficients and vector size 

Due to the fact that nine different signals have been considered (tri-axial gravitational and body 
motions and gyroscope signals); the final vector size is obtained by the following expression: 
 

𝑉𝑉𝑉𝑉𝑐𝑐𝑑𝑑𝑐𝑐𝑉𝑉 𝑆𝑆𝑖𝑖𝑆𝑆𝑉𝑉 = (𝑁𝑁º 𝑐𝑐𝑜𝑜 𝐶𝐶𝑉𝑉𝑝𝑝𝑠𝑠𝑑𝑑𝑉𝑉𝑑𝑑𝐶𝐶 𝐶𝐶𝑐𝑐𝑉𝑉𝑜𝑜𝑜𝑜𝑖𝑖𝑐𝑐𝑖𝑖𝑉𝑉𝑛𝑛𝑑𝑑𝑠𝑠 + 𝑁𝑁º 𝑐𝑐𝑜𝑜 𝐷𝐷𝑉𝑉𝑉𝑉𝑖𝑖𝑐𝑐𝑉𝑉𝑑𝑑 𝐶𝐶𝐶𝐶
+ 𝑁𝑁º 𝑐𝑐𝑜𝑜 𝑆𝑆𝑉𝑉𝑐𝑐𝑐𝑐𝑛𝑛𝑑𝑑 𝐷𝐷𝑉𝑉𝑉𝑉𝑖𝑖𝑐𝑐𝑉𝑉𝑑𝑑 𝐶𝐶𝐶𝐶) ∗ 𝑁𝑁º 𝑐𝑐𝑜𝑜 𝑆𝑆𝑖𝑖𝑆𝑆𝑛𝑛𝑑𝑑𝐶𝐶𝑠𝑠 

 
Thirdly, the pre-emphasis coefficient is another parameter studied. In inertial signals, the 
frequency range is smaller compared to speech, so the possible advantage of using it, or not have 
been analysing in this FDP. 
 
Fourthly, as was said previously, Mel scale is used for obtaining more resolution in lower 
frequencies. This allows us to compute frequency band energies. The number of these bands are 
also varied with the purpose to see how it affects the final error rate. Because of speech and inertial 
signals share a similar energy distribution in lower frequencies, this scale can be applied to HAR 
by modifying some original formula aspects for adapting it to inertial signals. 
A formula designed to fit speech signals is: 
 

𝑆𝑆𝑉𝑉𝐶𝐶 (𝑜𝑜) =  2595 log(1 + 𝑜𝑜
700� ) 

 
This is, a formula designed for the 8000 Hz sampling frequency. When considering a 50 Hz 
sampling frequency an adapted Mel Scale formula is proposed: 
 

Nº of 
Coefficients 

Cepstral Vector 
Size (MFCC) 

Derived Cepstral Vector 
Size (∆MFCC) 

Double Derived Cepstral 
Vector Size (∆∆MFCC) 

5 45 90 135 
10 90 180 270 
15 135 270 405 
20 180 360 540 
25 225 450 675 
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𝑆𝑆𝑉𝑉𝐶𝐶𝑎𝑎𝑏𝑏𝑎𝑎𝑝𝑝𝑡𝑡𝑎𝑎𝑏𝑏(𝑜𝑜) =  16.22 log(1 + 𝑜𝑜
4.375� ) 

 
Finally, the process is fixed as: 
 

1. Hamming Window 
2. Fast Fourier Transform 
3. Frequency Warping: Mel Scale 
4. Discrete Cosine Transform 

3.3.2 Perceptual Linear Prediction (PLP) 

The second new feature extraction method will be PLP (Perceptual Linear Predictive Cepstral 
Coefficients) which is based on the magnitude spectrum of the analysis window. This method 
arises thanks to the combination of derived Cepstral coefficients with LPC (Linear Predictive 
Coding), in which each sample of the speech signal is conveyed as a linear combination of the 
previous samples; allowing the signal characterization by the coefficients of the difference 
equation. LPCC (Linear Predictive Cepstral Coefficients), is another algorithm widely extended 
to extract features in speech signals, which used LPC parameters and their regression coefficients 
to describe energy and frequency spectrum of sound frames.  As an analogous way of MFCC, in 
PLP the Bark Scale is used. 
 

 
 

Figure 6: Bark Scale 

Also, a similar process is used to compute PLP coefficients: 
 

1. Hamming Windowing: For reducing the local effect of Fourier Transforms computing. 
2. FFT (Fast Fourier Transform) 
3. Frequency Warping: A Bark distribution is used instead of Mel scale. 
4. RASTA filtering: A band-pass filter is employed on the time series of each coefficient 

from the spectral analysis. This band-pass filter removes the fast and slow changes of the 
signal, keeping only the changes that are relevant to the segmentation task. Each 
coefficient is filtered independently in log scale, which allow the use of different settings 
for filtering every feature. The filter used is an IIR band pass filter for all time trajectories 
given by the following transfer function: 
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𝑃𝑃 (𝑆𝑆) =  0.1 𝑆𝑆4  
2 + 𝑆𝑆−1 − 𝑆𝑆−3 − 2𝑆𝑆−4

1 − 0.94𝑆𝑆−1
 

 
5. Equal loudness curve: It is the equivalent step of pre-emphasis in MFCC. This process 

tries to compensate the unequal sensitivity of human hearing across frequency. 
6. Amplitude Compression: It is the equivalent step of Energy Band Logarithm in MFCC. 

The compression is performed by taking the cubic root of the intensity. 
7. Inverse Discrete Fourier Transform (IDFT). 
8. Linear Predictive Cepstral-based Recursion. 

 
For the system evaluation some of this steps are varied along the set of experiments carried out. 
These experiments can be shown in Chapter five. As occurs in MFCC, the number of Cepstral 
coefficients which are extracted from every inertial signal at every window is changed. Also, the 
delta and delta-delta coefficients are incorporated to the analysis, in the same way as MFCC in 
Table 4. 
Furthermore, the RASTA filtering is fixed or removed to analyse the impact of using it.  
Conversely to which happens in MFCC, the Equal loudness curve is not varying since it’s 
behaviour is closely to Pre-emphasis nor the number of bands used. 
 
A modified formula is taking into account to adapt the frequency scale just as it occurs in MFCC: 
 

𝐵𝐵𝑑𝑑𝑉𝑉𝐵𝐵 (𝑜𝑜) =  13 arctan(0.00076𝑜𝑜) + 3.5 arctan((𝑜𝑜 700� )2) 

𝐵𝐵𝑑𝑑𝑉𝑉𝐵𝐵𝑎𝑎𝑏𝑏𝑎𝑎𝑝𝑝𝑡𝑡𝑎𝑎𝑏𝑏(𝑜𝑜) =  0.08125 arctan(0.1216𝑜𝑜) + 0.021875 arctan(�𝑜𝑜 4.375� �
2

)  
 
Finally, the process is fixed as: 
 

1. Hamming Windowing 
2. FFT 
3. Frequency Warping: Bark Scale 
4. RASTA Filtering 
5. Inverse Discrete Fourier Transform 
6. LPC- based Cepstral Recursion 

 
Both features, MFCC and PLP, are based on frequency domain. The main reason for using them 
instead of traditional feature extraction systems is that they allow us to reduce the vector size 
considerably, overcoming the baseline performance and therefore the computation time. 
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Chapter 4: Hidden Markov Models 
 
According to Rabiner’s and Juang’s article published in 1986 [53] a Hidden Markov Model 
(HMM’s) is a: “doubly stochastic process with an underlying stochastic process that is not 
observable (it is hidden), but can only be observed through another set of stochastic processes 
that produce the sequence of observed symbols”. 
 
Basically a HMM is a Markov model, this is, a stochastic process that satisfy the Markov property: 
any information about the history of the process needed for future inferences must be reflected in 
the current state not on the sequence of events that preceded it; but with unobserved states. This 
assumption is represented in the following expression: 
 
Markov Property: 

ℙ( 𝑋𝑋𝑛𝑛+1 = 𝑥𝑥 | 𝑋𝑋1 = 𝑥𝑥1, 𝑋𝑋2 = 𝑥𝑥2, … ,𝑋𝑋𝑛𝑛 = 𝑥𝑥𝑛𝑛) =  ℙ( 𝑋𝑋𝑛𝑛+1 = 𝑥𝑥 | 𝑋𝑋𝑛𝑛 = 𝑥𝑥𝑛𝑛) 
Also, a Markov model can be seen as a finite state machine which changes state once every time 
unit and each time t that a state j is entered, generating a feature vector Ot thanks to a probability 
density. A scheme that describes a HMM configuration case is presented in Figure 7. 

Figure 7: Left to right Markov model 

The elements that make up possible a HMM are the following ones: 
 
N = Finite number of states in the model. 
M = Number of observations 
𝑄𝑄 =  {𝑞𝑞1,𝑞𝑞2, … , 𝑞𝑞𝑁𝑁}, set of states. 
𝑉𝑉 = {𝑐𝑐1,𝑐𝑐2, … , 𝑐𝑐𝑀𝑀}, discrete set of possible observations 
𝑆𝑆 = �𝑑𝑑𝑖𝑖𝑖𝑖�,𝑑𝑑𝑖𝑖𝑖𝑖 =  ℙ �𝑞𝑞𝑖𝑖 𝑑𝑑𝑑𝑑 𝑑𝑑 + 1| 𝑞𝑞𝑖𝑖 𝑑𝑑𝑑𝑑 𝑑𝑑�, state transition probability distribution from state 𝑖𝑖 to 
state 𝑗𝑗. At each clock time 𝑑𝑑, a new state is entered based on this probability. 
𝐵𝐵 = �𝑏𝑏𝑖𝑖 (𝑐𝑐𝑘𝑘)�, 𝑏𝑏𝑖𝑖 (𝑐𝑐𝑘𝑘) = ℙ (𝑐𝑐𝑘𝑘  𝑑𝑑𝑑𝑑 𝑑𝑑 | 𝑞𝑞𝑖𝑖 𝑑𝑑𝑑𝑑 𝑑𝑑), observation probability distribution in state 𝑗𝑗 
𝜋𝜋 = {𝜋𝜋𝑖𝑖}, 𝜋𝜋𝑖𝑖 =  ℙ (𝑞𝑞𝑖𝑖  𝑑𝑑𝑑𝑑 𝑑𝑑 = 1), initial state distribution 
 
Then, the observation sequence is generated by following the steps below: 
 

1. Choose an initial state 𝑞𝑞1, according to a initial state distribution, 𝜋𝜋 (can not exist)  
2. Set t = 1 
3. Obtain 𝑂𝑂𝑡𝑡 , according to 𝑏𝑏𝑖𝑖 (𝑐𝑐𝑘𝑘)  in state 𝑑𝑑𝑖𝑖𝑖𝑖 at time t. 
4. Choose 𝑑𝑑𝑖𝑖𝑖𝑖+1  according to the state transition probability distribution for state 𝑑𝑑𝑖𝑖𝑖𝑖 
5. Set t = t +1. 
6. If t < T (length of the observation sequence) returns to step 3; otherwise terminate the 

procedure. 
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In order to represent a HMM we can use the compact notation 𝜆𝜆 =  (𝑄𝑄,𝑉𝑉,𝑆𝑆,𝐵𝐵,𝜋𝜋). If we want to 
evaluate the model, this is, calculate the probability of the observation sequence O, given the 
model 𝜆𝜆 we should calculate the joint probability that O is generated by the model 𝜆𝜆 moving 
though the sate sequence I. 
Firstly, the probability of the observation sequence is: 
 

ℙ (O|𝐼𝐼, 𝜆𝜆) = 𝑏𝑏𝑖𝑖1 (𝑂𝑂1)𝑏𝑏𝑖𝑖2 (𝑂𝑂2) … 𝑏𝑏𝑖𝑖𝑖𝑖 (𝑂𝑂𝑖𝑖) 
 
Secondly, the probability of a state sequence I is: 
 

ℙ (I| 𝜆𝜆) = 𝜋𝜋1𝑑𝑑𝑖𝑖1𝑖𝑖2𝑑𝑑𝑖𝑖2𝑖𝑖3 … 𝑑𝑑𝑖𝑖𝑖𝑖−1𝑖𝑖𝑖𝑖 
 
Taking into account both expressions, the probability we are looking for is the product of the 
above two terms: 
 

ℙ (O|𝜆𝜆) =  �ℙ (O|𝐼𝐼, 𝜆𝜆) ℙ(I|𝜆𝜆) = � 𝜋𝜋𝑖𝑖1𝑏𝑏𝑖𝑖1(𝑂𝑂1)
𝑖𝑖1,𝑖𝑖2,…,𝑖𝑖𝑖𝑖

 𝑑𝑑𝑖𝑖1𝑖𝑖2𝑏𝑏𝑖𝑖2(𝑂𝑂2) …𝑑𝑑𝑖𝑖𝑖𝑖−1𝑖𝑖𝑖𝑖𝑏𝑏𝑖𝑖𝑖𝑖(𝑂𝑂𝑖𝑖) 
𝐼𝐼

 

 
When we want to describe a HMM we have to define consciously the number of states, N, the 
number of observations, M, and the different probabilities densities, A, B, 𝜋𝜋. In our case, 
considering that in HTKBook the entry and exit states of a HMM are non-emitting, this is, there 
are not initial and final state probability distribution, hence 𝜋𝜋 = 0. 
 

ℙ (O|𝜆𝜆) =  𝑑𝑑𝑖𝑖1𝑖𝑖2𝑏𝑏𝑖𝑖2(𝑂𝑂2) … 𝑑𝑑𝑖𝑖𝑖𝑖−1𝑖𝑖𝑖𝑖𝑏𝑏𝑖𝑖𝑖𝑖(𝑂𝑂𝑖𝑖) 
 
Furthermore, there are six HMMs, one for each activity with a left-to-right topology. 
 
As it was done with the window length and the overlap, the number of states for each HMM is 
fixed following the Ruben’s researches. Considering only the validation set, an experiment was 
carried out by increasing the number of states. San-Segundo, demonstrates that when increasing 
the number of states, the error rate decreases, but also the number of HMM parameters increases 
and more data is needed for HMMs training. When the number of parameters increases without 
increasing the data to train the models, there is one point where recognition results begin to worse 
due model parameters are underestimated. The authors found a suitable number of parameters for 
our analysis depending on the type of recognition. 
 
The number of states for user recognition remains in three states, whereas the number of states 
and Gaussian mixtures varies between activity recognition and segmentation. In the first case, 
activity recognition, seven states and eleven Gaussian mixtures are used. In activity segmentation 
eight states and ten Gaussian mixture are considered. 
 
As it was said at the beginning of the chapter, a HMM is characterized for having the state 
sequence hidden. In this point of the explanation, we could wonder how given the observation 
sequence 𝑂𝑂 =  𝑂𝑂1,𝑂𝑂2, … ,𝑂𝑂𝑡𝑡 could we find an optimal state sequence that fits and explains this 
observation sequence, that is, ‘uncover’ the hidden part of the model. 
 
To achieve this optimal state sequence, we have to find the single best path with the highest 
probability, i.e. to maximize ℙ (O|𝐼𝐼, 𝜆𝜆). This can be done with a dynamic programming algorithm 
called Viterbi Algorithm. 
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4.1 Viterbi Algorithm  
 
A well understood technique used in speech recognition is the Viterbi algorithm, which have 
demonstrated its applicability to speech recognition. This dynamic programming algorithm finds 
the best path through a matrix where the vertical dimensions represents the states of the HMM 
(𝑑𝑑𝑖𝑖𝑖𝑖) and the horizontal represents the frames of the activity (time). A graphic description of this 
matrix is shown on Figure 8.  

 
Figure 8: Viterbi sequence path 

This figure, symbolizes the same model repeated and compared against every possible 
observation, showing every possible path that generates the final observation sequence. Each state 
has two possible options: remain in the same state or move forward to the next state. Also, for 
each state an accumulate probability is stored and compared against the others.  
 
Viterbi algorithm is essentially used to test the system and provide answer to the following 
questions: Which is the probability that the sequence X is generated by the model Y? or Given the 
observation sequence O how we choose a state sequence I which best explains the observations? 
 
Once a HMM is trained, a file to be recognized is entered inside the system and aligned. This file 
is compared among every HMM model as shown in Figure 9. 
 
 

 
 

Figure 9: Aligning process 

A different likelihood is obtained for every HMM. The highest probability means that the system 
has recognized the entered file as a certain class. For instance, looking at the example above, the 
file entered is assigned to walking-upstairs class due to its higher likelihood. 
 
The mathematical method under this algorithm is briefly described below. 
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First of all, it is necessary to define a variable that stores the best score (i.e. highest probability) 
along a single path at time 𝑑𝑑 which accounts for the first t observations and ends in state 𝑖𝑖𝑡𝑡: 
 

 𝛿𝛿𝑡𝑡(𝑖𝑖) = max
𝑞𝑞1,𝑞𝑞2,…,𝑞𝑞𝑡𝑡−1

[𝑞𝑞1 𝑞𝑞2  … 𝑞𝑞𝑡𝑡  = 𝑖𝑖, 𝑂𝑂1 𝑂𝑂2 …𝑂𝑂𝑡𝑡 | 𝜆𝜆] 

 
 𝛿𝛿𝑡𝑡+1(𝑗𝑗) = [max

𝑖𝑖
𝛿𝛿𝑡𝑡 (𝑖𝑖)𝑑𝑑𝑖𝑖𝑖𝑖] ∗  𝑏𝑏𝑖𝑖  (𝑂𝑂𝑡𝑡+1) 

 
To retrieve the state sequences an array is needed 𝜓𝜓𝑡𝑡(𝑗𝑗). This variable stores the argument which 
maximizes  𝛿𝛿𝑡𝑡+1(𝑗𝑗) in every time t and for each state j. 

 
1) Initialization 𝛿𝛿1(𝑖𝑖) =  𝜋𝜋𝑖𝑖𝑏𝑏𝑖𝑖(𝑂𝑂1) 1 ≤ 𝑖𝑖 ≤ 𝑁𝑁 

 
 𝜓𝜓𝑖𝑖(1) =  0 

 
 

2) Recursion 𝛿𝛿𝑡𝑡(𝑗𝑗) =  max
1≤𝑖𝑖≤𝑁𝑁

�𝛿𝛿𝑡𝑡−1(𝑖𝑖)𝑑𝑑𝑖𝑖𝑖𝑖�𝑏𝑏𝑖𝑖(𝑂𝑂𝑡𝑡) 2 ≤ 𝑑𝑑 ≤ 𝑇𝑇 
  1 ≤ 𝑗𝑗 ≤ 𝑁𝑁 
   
 𝜓𝜓𝑡𝑡(𝑗𝑗) = argmax

1≤𝑖𝑖≤𝑁𝑁
�𝛿𝛿𝑡𝑡−1(𝑖𝑖)𝑑𝑑𝑖𝑖𝑖𝑖� 

 

2 ≤ 𝑑𝑑 ≤ 𝑇𝑇 

  1 ≤ 𝑗𝑗 ≤ 𝑁𝑁 
 

3) Termination 𝑃𝑃∗ =  max
1≤𝑖𝑖≤𝑁𝑁

[𝛿𝛿𝑖𝑖(𝑖𝑖)] 
 

 

 𝑞𝑞𝑖𝑖∗ = argmax
1≤𝑖𝑖≤𝑁𝑁

[𝛿𝛿𝑖𝑖(𝑖𝑖)] 

 

 

4) Path (state sequence) 
backtracking 

𝑞𝑞𝑡𝑡∗ =  𝜓𝜓𝑡𝑡+1(𝑞𝑞𝑡𝑡+1∗ ) t = T-1, T-2, …, 1 

 
At the beginning,  𝛿𝛿1(𝑖𝑖) is equal to zero since the initial probability (𝜋𝜋𝑖𝑖) is zero. Then,  𝛿𝛿1(𝑖𝑖) =
𝑑𝑑𝑏𝑏𝑖𝑖𝑏𝑏0(𝑂𝑂1). Also 𝜓𝜓𝑖𝑖(1), since there is no previous value stored in the array.  
 
At the second, 𝛿𝛿𝑡𝑡(𝑗𝑗), is achieving by taking the maximum over all possible previous state 
sequences, where 𝛿𝛿𝑡𝑡−1(𝑖𝑖) refers to the previous Viterbi path probability from the previous time 
step, 𝑑𝑑𝑖𝑖𝑖𝑖 refers to the transition probability from previous state qi to current state qj and 𝑏𝑏𝑖𝑖(𝑂𝑂𝑡𝑡) 
refers to the state observation likelihood of the observation symbol Ot given the current state j. 
 
At the third step, a new variable is used to store the best score, P*.  Finally, in the fourth step the 
optimum state sequence is stored in 𝑞𝑞𝑡𝑡∗. 
 
Returning to the HMM description, another relevant aspect is: How can we adjust the model 
parameters to maximize the probability of the observation sequence ℙ (O|𝜆𝜆)?. 
 
This, can be achieved by using an iterative procedure such as the Baum-Welch re-estimation 
algorithm. 
 

4.2 Baum- Welch Re-Estimation Algorithm 
 
By using Baum-Welch (BW) the parameters of every model 𝑑𝑑𝑖𝑖𝑖𝑖 and 𝑏𝑏𝑖𝑖(𝑂𝑂𝑡𝑡) can be determined 
automatically by using a set of training examples corresponding to a particular activity, hence 
BW is used to train the HMM. An example of its performance is showing in Figure 10. 
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Figure 10: Baum-Welch process 

At the beginning of the process, the number of observation are equitably distributed among all 
states. After training with a model, a new estimation is done and the number of observations for 
each state is updated. The maximum number of iterations is fixed by the user. When the difference 
between one step and the previous is minor than a setting value the re-estimation process stops. 
For modelling the output distribution 𝑏𝑏𝑖𝑖(𝑂𝑂𝑡𝑡) Gaussian mixtures are employed. The mean and 
variance of every Gaussian are the parameters of the model. The main steps of this algorithm are: 
 

1. Initialize all Gaussian distributions with the mean and variance along the whole dataset. 
2. Calculate the forward and backward probabilities for all states j and times t. 

 
The forward variable can be defined as the probability of the partial observation sequence 
(until time t) and state qi at time t, given the model λ: 
 

𝛼𝛼𝑡𝑡(𝑖𝑖) =  ℙ (𝑂𝑂1 𝑂𝑂2 …𝑂𝑂𝑡𝑡 , 𝑖𝑖𝑡𝑡 = 𝑞𝑞𝑖𝑖  | 𝜆𝜆) 
 
The backward variable can be defined as the probability of the partial observation 
sequence from t +1 to the end, given state qi at time t and model λ: 
 

𝑏𝑏𝑡𝑡(𝑖𝑖) =  ℙ (𝑂𝑂𝑡𝑡+1 𝑂𝑂𝑡𝑡+2 …𝑂𝑂𝑖𝑖 , |𝑖𝑖𝑡𝑡 = 𝑞𝑞𝑖𝑖 , 𝜆𝜆) 
 

3. For each state j and time t, use the probability Lj (t) and the current observation vector Ot 
to update the accumulators for that state. 

4. Use the final accumulator value to calculate new parameter values. 
5. If the value of ℙ (O|𝜆𝜆) for this iteration is not higher than the value at the previous 

iteration then stop, otherwise repeat the above steps using the new re-estimated 
parameters value. 

 
Before introducing the re-estimation formulas, two different variables are defined considering the 
forward and backward variables: 
 

𝛾𝛾𝑡𝑡(𝑖𝑖) = 𝛼𝛼𝑡𝑡 (𝑖𝑖)𝛽𝛽𝑡𝑡(𝑖𝑖)
ℙ(𝑂𝑂|𝜆𝜆)

 
 

The previous equation stands for the probability of being in state qi at time t given the observation 
sequence O and the model λ. 

 

𝜉𝜉𝑡𝑡  (𝑖𝑖, 𝑗𝑗) =  
𝛼𝛼𝑡𝑡 (𝑖𝑖) 𝑑𝑑𝑖𝑖𝑖𝑖  𝑏𝑏𝑖𝑖(𝑂𝑂𝑡𝑡+1)𝛽𝛽𝑡𝑡+1 (𝑗𝑗)

ℙ(O|𝜆𝜆)
 

 
The formula stands for the probability of a path being in state qi at time t and making a transition 
to state qj at time t +1 given the observation sequence O and the model λ. 

 
Finally, the re-estimation formulas are the following ones: 
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𝑑𝑑�𝑖𝑖𝑖𝑖 = �𝜉𝜉𝑡𝑡(𝑖𝑖, 𝑗𝑗)
𝑖𝑖−1

𝑡𝑡=1

� 𝛾𝛾𝑡𝑡(𝑖𝑖)
𝑖𝑖−1

𝑡𝑡=1

�  

 

𝑏𝑏�𝑖𝑖(𝐵𝐵) = � 𝛾𝛾𝑡𝑡(𝑗𝑗)
𝑖𝑖

𝑡𝑡=1,𝑂𝑂𝑡𝑡=𝑘𝑘

�𝛾𝛾𝑡𝑡(𝑖𝑖)
𝑖𝑖

𝑡𝑡=1

�  

 
The first equation expresses the ratio of the expected number of transitions from state qi to qj, 
divided by the expected number of transitions going out of the state qi whereas second expresses 
the ratio of the expected number of times of being in state j and observing symbol k divided by 
the expected number of times of being in state j. 
 
To conclude with this section, an additional improvement can be achieved by considering that not 
all activity sequences have the same probability, this is known as Activity Sequence Modelling 
(ASM). 
 

4.3 Activity Sequence Modelling 
 
An optional analysis which complements the feature vector is ASM. This analysis considers 
different probability depending on the previous activity performed. For instance, after sitting is 
more probable to standing than walking-upstairs.  

 
Figure 11: Activity signals. Kwapisz, J. R. Activity Recognition using Cell Phone Accelerometers 

In order to illustrate the use of ASM, the Figure 11 is shown. This figure represents the 
acceleration in each coordinate axis. It is reasonable to believe that after sitting a transition activity 
is done like standing, before walking-upstairs. Thus, the signal shape is more similar between 
sitting-standing, than sitting – walking-upstairs. 
 
There are several techniques to implement ASM, the most extended ones are: Graph-based and 
Statistically sequence modelling. The main drawback of this model is that it must be adapted to a 
specific application so a previous study is needed. 
 
In this FDP, we have considered the ASM. A further description of the improvements Error Rates 
using ASM will be shown in Results Section. 
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Chapter 5: Experiments 
 

5.1 Dataset 
 
This Final Degree Project has been developed using the public ‘Human Activity Recognition 
Using Smartphone’ dataset available at the UCI Machine Learning Repository [54]. The dataset 
contains the recordings of 30 subjects performing daily activities while carrying a waist-mounted 
smartphone (Samsung Galaxy SII). 
 
The experiments were carried out with a group of 30 volunteers within an age ranging from 19 to 
48 years. Every person performed six different activities: walking, walking-upstairs, walking-
downstairs, sitting, standing and lying. Moreover, each activity was performed twice with the 
smartphone in two different positions: on the first trial the smartphone was fixed on the left side 
of the belt and on the second trial it was placed according to the user preferences. In order to 
facilitate essay repeatability there was a separation of 5 seconds between each task, and every 
task were performed in laboratory conditions. 
 
The inertial sensors embedded in the smartphone (i.e. accelerometer and gyroscope) captured 3-
axial linear acceleration and 3-axial angular velocity at a constant rate of 50 Hz. Hence, the dataset 
obtained contains 13182 seconds of recording including 400 activity instances. For more 
information about how the records were obtained, the following link displays a video showing 
one of the participants performing the different activities [55].  
 
With the purpose of evaluating the system recognition and segmentation capabilities, all activities 
obtained from the same user were stored in the same file, defining a recording session. Altogether, 
there are 30 sessions, each one with an average number of 13.3 activities per session. 
  
Initially, the dataset was split into two subsets. The first one, which represented the 70%, was 
destined to generate the training data, and the second one, which represented the 30%, was used 
to test the data. Nevertheless, in order to improve the significance of the results, the 30 sessions 
were randomly divided into six subsets, performing a six-fold cross validation procedure. Four of 
them were employed for training the activity Hidden Markov Models (HMMs), another one for 
validation (tuning the system parameters) and the last subset for testing. This configuration was 
repeated six times in a Round-robin strategy, hence the results are average values obtained along 
the six-fold cross validation procedure. When the main goal is to evaluate the user and activity 
recognition, the system evaluation consists of 400 examples for each experiment, defining a 95% 
confidence interval of ± 2%. If we focus on activity segmentation, the 30 sessions (13182 sec) 
are used defining a 95% confidence interval of ± 0.4%. The difference between both confidence 
intervals is caused by the distinct number of samples, being greater in the segmentation case 
(10299 frames). 
 
Every session includes all the activities conducted by the same user, so all the activities from that 
user are included in the same subset. This distinction avoids the chance that a person-dependent 
characteristic could influence the activity recognition or segmentation. In addition, a very 
important feature of the dataset is the good balance between different activities, that is, the number 
of activities carried out by a user is similar to the other users. 
According to the authors, the dataset has the following features: 
 

Data Set 
Characteristics 

Number of 
Instances 

Number of 
Users 

Number of 
Activity 

Instances 

Seconds of 
Recording 

Multivariate, Time-
Series 

10299 30 400 13182 

https://archive.ics.uci.edu/ml/datasets/Human+Activity+Recognition+Using+Smartphones
https://archive.ics.uci.edu/ml/datasets/Human+Activity+Recognition+Using+Smartphones
https://www.youtube.com/watch?v=XOEN9W05_4A
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Table 5: Dataset Characteristics 

Note that the number of instances is the result of dividing the total session duration, 13182 
seconds, by the step between frames (see Section 3.1). 
 

5.2 Evaluation Metrics  
 
The n-fold cross-validation is a model validation technique that divides the dataset into N number 
of parts. Each of them consists of an equal number of samples from the original dataset. In this 
case, all sessions from five users are included in each subset. 
 
Our dataset has been split randomly in six subsets, four of them for training the pattern recognition 
model (N-2), one for tuning the parameters (validation) and the last one for testing. In addition, 
because there are thirty different sessions, a divisor number for N would be suitable in order to 
split the dataset in a balanced way. 

 
Figure 12: Cross validation and Round-robin Strategy 

The n-results from the fold are later averaged to produce a single estimation following a Round-
robin strategy. This technique consists of shifting, in each iteration, the test and validation subsets, 
like shown in Figure 12. Hence, the cross validation model used in this work is not performed 
with random subsets, but with a predetermined order. 
 
Evaluating the classification algorithm used for HAR is very important to determine if the 
employed algorithm is suitable or not. Thus, the evaluation metrics becomes especially relevant. 
Depending on whether we want to recognize activity, user or just perform activity segmentation, 
different metrics are used to measure the system performance.  
 
During system development, only the validation results were considered for tuning main system 
parameters. The final results were obtained by using the testing subsets, using the best system 
configuration defined in Subsection 5.3.1 over validation subsets. 
 
It is important to remark that every activity instance has been stored in an independent file and 
the objective is to recognize the activity stores in every test file. 
 
On one hand, the evaluation metric considered to recognize the activity is Activity Recognition 
Error Rate (ARER). It gives us an idea of the percentage of activity instances misclassified by the 
system: 

𝑆𝑆𝐴𝐴𝐴𝐴𝐴𝐴 (%) =  100 
𝑆𝑆𝑐𝑐𝑑𝑑𝑖𝑖𝑐𝑐𝑖𝑖𝑑𝑑𝑖𝑖𝑉𝑉𝑠𝑠 𝑤𝑤𝑉𝑉𝑐𝑐𝑛𝑛𝑆𝑆𝐶𝐶𝑦𝑦 𝑐𝑐𝐶𝐶𝑑𝑑𝑠𝑠𝑠𝑠𝑖𝑖𝑜𝑜𝑖𝑖𝑉𝑉𝑑𝑑  
𝑇𝑇𝑐𝑐𝑑𝑑𝑑𝑑𝐶𝐶 𝑑𝑑𝑎𝑎𝑐𝑐𝑎𝑎𝑛𝑛𝑑𝑑 𝑐𝑐𝑜𝑜 𝑑𝑑𝑐𝑐𝑑𝑑𝑖𝑖𝑐𝑐𝑖𝑖𝑑𝑑𝑖𝑖𝑉𝑉𝑠𝑠 

 

 
In a similar way, the User Recognition Error Rate (URER) tell us the percentage of users 
misclassified by the system: 
 

𝑈𝑈𝐴𝐴𝐴𝐴𝐴𝐴 (%) =  100 
𝑈𝑈𝑠𝑠𝑉𝑉𝑉𝑉𝑠𝑠 𝑤𝑤𝑉𝑉𝑐𝑐𝑛𝑛𝑆𝑆𝐶𝐶𝑦𝑦 𝑐𝑐𝐶𝐶𝑑𝑑𝑠𝑠𝑠𝑠𝑖𝑖𝑜𝑜𝑖𝑖𝑉𝑉𝑑𝑑 
𝑇𝑇𝑐𝑐𝑑𝑑𝑑𝑑𝐶𝐶 𝑑𝑑𝑎𝑎𝑐𝑐𝑎𝑎𝑛𝑛𝑑𝑑 𝑐𝑐𝑜𝑜 𝑎𝑎𝑠𝑠𝑉𝑉𝑉𝑉𝑠𝑠
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On the other hand, when the main target is to segment the whole session into activities, we use 
the Activity Segmentation Error Rate (ASER) defined as: 
 

𝑆𝑆𝑆𝑆𝐴𝐴𝐴𝐴 (%) =  100 
𝑇𝑇𝑖𝑖𝑎𝑎𝑉𝑉 𝑤𝑤𝑉𝑉𝑐𝑐𝑛𝑛𝑆𝑆𝐶𝐶𝑦𝑦 𝑐𝑐𝐶𝐶𝑑𝑑𝑠𝑠𝑠𝑠𝑖𝑖𝑜𝑜𝑖𝑖𝑉𝑉𝑑𝑑 (sec )

𝑆𝑆𝑉𝑉𝑠𝑠𝑠𝑠𝑖𝑖𝑐𝑐𝑛𝑛 𝑑𝑑𝑎𝑎𝑉𝑉𝑑𝑑𝑑𝑑𝑖𝑖𝑐𝑐𝑛𝑛 (sec)
 

 
As we can see, this metric evaluates the percentage of time wrongly assigned to an activity. 
 
If the main aim is to detect the initial and final times of a specific activity, we also use Precision 
and Recall. 
 
Precision is defined as the proportion of the True Positives against all the positive results (i.e. the 
time correctly assigned to an activity divided by the activity time detected by the system, 
including True Positives and False Positives). 
 

𝑃𝑃𝑉𝑉𝑉𝑉𝑐𝑐𝑖𝑖𝑠𝑠𝑖𝑖𝑐𝑐𝑛𝑛 =  
𝑇𝑇𝑃𝑃

𝑇𝑇𝑃𝑃 + 𝐹𝐹𝑃𝑃
 

 
Conversely, Recall is defined as the proportion of the True Positives compared to True Positives 
and False Negatives.  

𝐴𝐴𝑉𝑉𝑐𝑐𝑑𝑑𝐶𝐶𝐶𝐶 =  
𝑇𝑇𝑃𝑃

𝑇𝑇𝑃𝑃 + 𝐹𝐹𝑁𝑁
 

 
In this context, recall is defined as the time correctly assigned divided by the actually activity 
duration. It is also possible to average the Precision and Recall metrics through all activities. 
 
Finally, F-measure is not considered in this FDP since we are trying to reproduce the experiments 
conducted by Rubén San-Segundo. 
 

5.3 Results 
 
More than 75 experiments for each kind of study (activity, user, segmentation) have been 
performed in order to achieve the best recognition and segmentation error rates. Considering the 
new feature extraction techniques (MFCC and PLP already introduced in Chapter three) we have 
tried to identify which one is more suitable for Human Activity Recognition using inertial signals 
from a smartphone. 
 
Several variables for each Cepstral technique have been considered. In all cases, these variables 
have been analysed while varying the number of coefficients of the feature extractor.  
 
The results have been divided into three subsets corresponding to different targets: 
 

1. Determining the best parameters configuration for MFCC and PLP. 
2. Comparing new feature extraction techniques (considering the best parameters 

configuration, obtained in the previous study) to common feature extraction techniques. 
3. Introducing delta, and delta-delta coefficients to evaluate how they affect the system 

performance. 
 
The baseline is formed by 561 time and frequency features, and it is introduced from the second 
subset. When determining the best parameters configurations, is not taken into account since we 
only are trying to fix the suitable parameters for the following studies, and not to compare feature 
extraction techniques (See Section 3.1). 
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5.3.1  Analysis of Cepstral features 

A total of four parameters have been modified in MFCC:  
• Usecmp: intensity cubic root compression and energy equalization (0 disable / 1 enable). 
• Pre-emphasis: amplify higher frequencies (0 disable / 1 enable). 
• Number of energy bands. 
• Number of Cepstral coefficients. 

 
An example of an activity recognition study considering these parameters is shown in Table 6.  
 
 
 
 
 
 
 
 
 
 
 

Table 6: Best MFCC activity parameter configuration 

Also, in Table 7 the equivalent study for PLP is shown. Here only one parameter has been taken 
into account, whether the RASTA filtering has been applied or not. The number of bands in the 
case of PLP is equal to 50 along this work. 
 
 

 

 

 

Table 7: Best PLP activity parameter configuration 

Similar to MFCC, for PLP the best results have been achieved with 180 Cepstral coefficients 
(equivalent to a 20 Cepstral coefficients x 9 signals) instead of 90 (10 Cepstral coefficients x 9 
signals) like in MFCC. In both tables the best number of parameters configuration have been 
considered.  
 

 
Figure 13: PLP vs. MFCC in activity recognition 
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90 
 (10 Cepstral coefficients 

x 9 signals) 

0 1 40 10,4 
0 0 40 8,3 
1 0 40 6,1 
1 1 40 11,9 
1 0 50 5,6 

PLP 
No. Cepstral Coefficients RASTA Filtering ER(%) 

180 0 3,9 
1 42,5 
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The PLP error rate values are better in any case when compared to MFCC. 
An important aspect to be considered is that the optimum configuration is when usecmp is enable 
and pre-emphasis disable regardless the number of bands. In this situation, the difference between 
using 40 vs 50 bands is only 0.5%. In some situations, the best results have been achieved by 
using 40 bands (see Table 8) and, in some others, by using 50. For that reason, the number of 
bands is not a relevant parameter configuration when considering a reasonable number of them 
(>40). 
 
In both, activity and user recognition, the best results have been achieved with 90 parameters 
when analysing MFCC. Whereas the suitable number of parameters in activity recognition using 
PLP were 180, and 90 for user recognition. 
 

Table 8: Best user parameter configuration 

 

 
Figure 14: PLP vs. MFCC in user recognition 

In Figure 14 a comparison between PLP and MFCC is shown. Despite of it happens in activity 
recognition, here the best result is achieved by using the MFCC analysis, although is not 
conclusive because the error rates are very similar. 
 
When analysing activity segmentation two situations must be considered, with and without 
Activity Sequence Modelling. 
 
In the upper side of Table 9 the best results for MFCC are shown. When no ASM is used, the 
suitable number of parameters is 180. Moreover, this result has been achieved with the same 
usecmp and pre-emph configuration as in activity or user recognition (1 and 0 respectively). 
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0 1 40 19,3 
0 0 40 20 
1 0 40 17,2 
1 1 40 20,6 
1 0 50 20,4 

PLP 
No. Cepstral Coefficients RASTA Filtering ER(%) 

90 0 17,9 
1 47,9 
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A different result arises when looking at the ASM error rate in MFCC, where the best result is 
achieved with an unusual usecmp and pre-emph configuration (0 and 0), although the differences 
are not statistically different. 
 

 

 
Table 9: Best activity segmentation configuration 

On the other hand, when the RASTA filtering is enable in PLP for activity segmentation the 
results are considerably better. Again, the number of parameters is not the same for the best 
configuration considering or not ASM. 
 

 
Figure 15: PLP vs. MFCC in activity segmentation 

Some conclusions for this first study are: 
 

1. The number of bands does not affect the system performance when considering a 
reasonable value (>40). 

2. Generally, the usecmp activation improves the results while pre-emphasis makes them 
getting worse. 
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3. The activity error rate is much lower than the user error rate due to the task difficulty. 
4. The use of ASM improves considerably the results in both Cepstral analysis. 
5. The RASTA filtering must only be carried out in activity segmentation due to it does not 

improve the discrimination capability of the system. 
 
From now on, the parameters configuration will be fixed as: 
 

Table 10: Best parameters configuration 

5.3.2 Comparison between common feature extraction techniques results 
against Cepstral techniques 

Considering the best parameters configuration shown in the previous section, we have done 
another study which answers the following question: Is it better to use Cepstral techniques, or 
simple time and frequency based features? 
 
According to the figures presented below, the answer to this question may depend on the type of 
study considered.  The next table summarized the results achieved. 
 

 Activity User Segmentation NO ASM Segmentation ASM 
Baseline 3.5 26.8 3.8 2.6 
MFCC 6.0 17.2 2.2 1.8 

PLP 3.9 17.9 1.5 0.7 
Table 11: Best error rates achieved 

 
Figure 16: Activity error rate 

In the horizontal axis of the figures the number of Cepstral coefficients is represented whereas in 
the vertical axis the error rate. When recognizing activities, neither MFCC nor PLP beats the error 
rate achieved by the baseline. In this situation (Figure 16), the PLP is more accurate than MFCC, 
achieving an error rate near to the baseline (3.9 vs 3.5 %).  
 
It is necessary to remind that, despite the error rate is not beaten, the vector size is much lower in 
both Cepstral analysis (180 coefficients for PLP and 135 for MFCC). Considering that the 
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baseline consists of 561 features, the number of parameters for the best PLP experiment is only 
90, a six times vector reduction. 
 
On the other hand, for user recognition, more promising results have been achieved, as it is shown 
on Figure 17. Both new feature extraction techniques achieve an error rate considerably lower 
than the baseline, being the MFCCs the one who gets better results (17.2%). The lower error rate 
for both feature extraction techniques is acquired using a number of coefficients equal to ten. 
 
 

 
Figure 17: User error rate 

In activity segmentation, the error rates using Cepstral features improve significantly the baseline, 
with and without ASM. 
 

 
Figure 18: Activity Segmentation error rate using PLP 
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Figure 19: Activity Segmentation error rate using MFCC 

 
For both figures, Figure 18 and Figure 19, the new techniques beat the baseline performance. In 
this situation, the number of Cepstral coefficients which provides the better results is 180 for PLP 
and MFCC. As it occurs in activity recognition, PLP shows better results than MFCC. 
 
Some conclusions for this second part are gathered: 

1. Activity recognition error rate is the only field in which Cepstral coefficients don’t 
overcome the baseline results. 

2. In activity recognition and also in segmentation the best results are achieved using PLP 
3. In user recognition, the MFCCs are the suitable option to overcome baseline marks. 
4. Cepstral based coefficients obtain better results for activity segmentation, specially PLP 

with RASTA filtering. 

5.3.3 Introducing delta coefficients 

The last study considered in this FDP is the introduction of delta coefficients for achieving a better 
system performance (see Section 6.1.1). We have introduced delta coefficients to the experiments 
who have got the best results. Table 12 shows the number of parameters for PLP and MFCC 
which are the best for each kind of study. 
 

 Activity User Segmentation NO ASM Segmentation ASM 
MFCC 90 90 135 45 

PLP 180 90 45 225 
Table 12: Best results considering the number of parameters 

Table 13 shows the best results for each study. It is important to highlight that the results without 
using delta coefficients are not the same than the best results shown in Table 11. The main reason 
is that we have first analysed the error rate for delta coefficients with and later we have studied 
its correspondence without deltas, despite this fact, the results are very closed between both tables. 
 

 Activity User Segmentation NO ASM Segmentation ASM 
Baseline 3.5 26.8 3.8 2.6 
MFCC 6.1 17.2 5.5 4.0 

PLP 3.9 17.9 1.8 1.0 
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MFCC ∆ 3.6 16.5 1.7 0.8 
PLP∆ 3.6 18.8 1.2 0.4 

MFCC ∆∆ 6.8 21.3 0.8 0.6 
PLP∆∆ - 21.3 0.9 0.4 

Table 13: Best delta results 

As it is demonstrated, in activity recognition the introduction of delta coefficients overcomes the 
normal results. On the other hand, delta-delta coefficients are not useful in this situation due to 
the error rate is slightly higher than normal MFCC, while increasing the vector size in three times. 

 

 
Figure 20: Activity error rate (deltas) 

 
When analysing the confusion matrix for the best activity recognition error rate, we see how the 
most percentage of activities misclassified by the system corresponds to walking activities. 
 

 Walking Walking-U Walking-D Sitting Standing Lying 
Walking 49 6 5 0 0 0 

Walking-U 0 75 2 0 0 0 
Walking-D 0 8 73 0 0 0 

Sitting 0 0 0 54 7 0 
Standing 0 0 0 0 60 0 

Lying 0 0 0 0 1 60 
 

Table 14: Confussion matrix of the best activity error rate 
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Despite of all the results achieved in user recognition are better than baseline results, the best 
results are provided by MFCC. Conversely to what it happens in activity, here PLP ∆ does not 
beat normal PLP results. 
 
 

 
Figure 21: User error rate (deltas) 

Only in activity segmentation the delta-delta addition seems to be useful. For PLP, using delta-
delta allows us to divide the error rate by two with and without ASM. In the case of MFCC, the 
division is still higher, the error rate is divide by seven approximately. The reason is that the 
RASTA filtering already performs a filter along consecutive frames, which decreases 
considerably the error rate. 
 
 

 
Figure 22: Activity Segmentation error rate (deltas) 
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Figure 23: Activity Segmentation error rate (deltas) 

Note, that the error rate results obtained with RASTA filtering without deltas (Figure 22) 
correspond to the error rate achieved with MFCC using delta coefficients. The reason, is that 
RASTA filtering includes information about consecutive frames in a similar way to delta 
coefficients. 
 
Some conclusions for this last study: 
 

1. The delta coefficients become useful when the main target is to segment activities (as 
occurs with RASTA filtering). In recognition, the differences are minimal and the vector 
size is higher. Moreover, they do not improve the discrimination capability, for that 
reason only should be employed in segmentation. 

2. When including delta-delta coefficients in recognition, the system reaches saturation, this 
is the reason why the error rate increases.  
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Chapter 6: Software and Tools 
 
This chapter describes the different evaluation scripts used in this Final Degree Project. With 
these scripts, we have been able to train and test the HMMs, align the different sequences, segment 
the activities and achieve the results. These results, have just been shown and explain in the 
previous chapter. 
 
To begin with, three different main scripts are used:  
 

1. features_extraction_TIME+FREQUENCY.bat  
2. features_extraction_MFCC.bat  
3. features_extraction_RASTAPLP.bat  

 
The first one, will provide an initial error rate which it is expected to be beaten by the next two 
scripts. The initial error rate is obtained with 561 features. But, as it was explained in Feature 
Extraction Section, this kind of size is unmanageable due to its higher computational cost; so it is 
expected that, when using MFCC or RASTAPLP, a better error rate will be achieved and also a 
vector size reduction. 
The main scripts structure is the following one: 
 

:: Feature Extraction Module 
:: Test 

cd "c:\EXP\SMARTPHONES\data\UCI HAR Dataset\UCI HAR 
Dataset\test\Octave" 
call fea2octave.bat 128 64 0 
C:\Octave\Octave-3.8.2\bin\octave-3.8.2.exe 
lanza_calcula_features_rastaplp.m 
.\reemplazar.exe csv2htk_XXXX.conf csv2htk.conf XXXX 1.28 
call csv2htk.bat 
copy /Y *.fea ..\..\..\..\..\features 

:: Train 
cd "c:\EXP\SMARTPHONES\data\UCI HAR Dataset\UCI HAR 
Dataset\train\Octave" 
call fea2octave.bat 128 64 0 
C:\Octave\Octave-3.8.2\bin\octave-3.8.2.exe 
lanza_calcula_features_rastaplp.m 
.\reemplazar.exe csv2htk_XXXX.conf csv2htk.conf XXXX 1.28 
call csv2htk.bat 
copy /Y *.fea ..\..\..\..\..\features 
 

:: HMM Module 
cd ..\..\..\..\..\scripts 
copy /Y ..\models\orig\180_7\* ..\models\orig\* 
call lanza_todo.bat 
 
copy /Y ..\models\orig\180_8\* ..\models\orig\* 
call lanza_todo_SEG_LM.bat 
call lanza_todo_SEG.bat 
copy /Y ..\test\seg*.txt D:\ 
 
copy /Y ..\models\orig\180_3\* ..\models\orig\* 
copy /Y ..\models\orig\180_3\usr\u* ..\models\orig\* 
call lanza_todo_USR_UBM.bat 
 

Script 1: features_extraction_RASTAPLP 
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The previous structure is shared among TIME+FREQUENCY (T+F), MFCC, and RASTAPLP 
scripts with the exception of the .m calls. One of the most important aspect of this script is the 
possibility of changing the window length and the number of HMM states. 
 
Inside the script, we can distinguish a two module structure: a feature extraction module, which 
is subdivided in a test and train part. These parts will compute and generate files, in which store 
the feature values. The second module will manage the files obtained in the first one to obtain a 
system error rate for time segmentation, user and activity recognition. An important aspect is that 
the files must have the appropriate format in order to be read by the HTK tools. 
 

6.1 Feature Extraction Module 
 
Both test and train submodules have a similar behaviour: the same function calls and scripts are 
executed. The only difference between them is the set of users used. 
 
At the beginning of the test and train submodules a script call is done: 
 

call fea2octave.bat 128 64 0 
 
fea2octave is a script which received three parameters as input arguments, the samples per frame, 
the samples overlap between frames and a flag value. 
 
This script computes and generates the nine different signals collected by the smartphone for each 
user specified in a list. The values are stored, mainly, in .txt files with the following name format: 
 

TEST0XXX_USR00XX_ETQ00XX_total_typeOfGravity_axis_test.txt (1) 
TEST0XXX_USR00XX _total_typeOfGravity_axis_test.txt (2) 

 
Considering the information obtained from the nine different signals for a certain test and user 
(1) a labelled file with .lab extension is generated. That .lab file, contains information about the 
kind of the activity performed by the user and the total duration of the activity. The aspect of the 
content stored in these files are: 
 

0.00 128000000.00 walking_upstairs 
 

Also, a TEST_USR_ETQ.lab file is built taking into account every labelled test by every user. 
 
In a similar way, considering the nine files that follows format (2), which collects all signals, 
another similar .lab file is generated. The main difference between both files is that whereas in 
the first one, only information about one activity and its duration is stored; in the second one, the 
information stored is related to all activities, the duration of each activity, and the sequence of all 
activities. An example is shown below: 
 

0.00 422400000.00 standing 
422400000.00 857600000.00 sitting 
857600000.00 1318400000.00 laying 

… 
 

As it can be seen, not only information about the activities is stored, but also segmentation 
information. 
 
A TEST_USR.lab file store the activities, with their duration, of the total amount of users specified 
in the list (9 for testing and 21 for training). Finally, a file, called TEST_TOTAL stores every test 
activity without taking into account the users who performed it. 
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After the fea2octave call, a script which computes the measures listed in Table 3 is executed. 
The executed script depends on the type of the analysis (T+F, MFCC and RASTAPLP). 
 
On the one hand, when RASTAPLP analysis is considered, the launched script is 
Calcula_features_rastaplp.m 

6.1.1 Calcula_features_rastaplp.m 

This script computes and generates .csv files in which store the features. Several functions, inside 
the script, are used for this purpose.  
 
At the beginning, the main function of the script is executed. This function reads the same list 
used in fea2octave. This list contains TEST_USR, and TEST_USR_ETQ information, thus only 
the test files specified by the list are used to extract and compute the .csv. After reading the list, a 
processing function is called. The .txt files generated with fea2octave are loaded in the 
processing function and manipulated in order to obtain Jerk and Magnitude signals.  
 
The next step is computing measures such as mean, energy, entropy, kurtosis or angle by several 
functions calling. Each feature is added to a vector, which is updated every time a new feature is 
calculated. At this point, the used of deltas or deltas-deltas should be configured by enabling or 
disabling the function ‘deltas(X, W)’. 
 
Deltas.m received two input arguments, X which stands for the feature vector, and W which 
stands for ‘DELTAWINDOW’ already explained in New Feature Extraction Approach Section. 
In our case, in order to configure deltas, the next code lines must be enabled: 
 

OUTPUT2= deltas (OUTPUT’, 9) 
OUTPUT = [OUTPUT OUTPUT2’] 

 
A similar code is used to configure deltas-deltas. 
 
The RASTAPLP coefficients are computed by another function called frastaplp3D (x, y,  
z). frastaplp3D is one of the most important functions inside the script. This function allows 
changing the number of bands (a parameter studied in the Results Section), whether the RASTA 
filtering is done or not, and the number of coefficients. 
 

function foutputRASTAPLP3D = frastaplp3D(x,y,z) 
 

sr=8000; 
num_cep=20; 
num_bands=50; 
rasta=1;  
 
limite = rows(x)-1; 
datax=x(1,1:64); 
  
for i=2:limite         
     datax= [datax x(i,1:64)];     
endfor  
datax= [datax x(limite+1,1:128)]; 

 
[mm, spec] = rastaplp(datax, sr, rasta, 4); 
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foutputRASTAPLP3D = mm'; 
 
datay=y(1,1:64);  
for i=2:limite      
     datay= [datay y(i,1:64)]; 
endfor  
datay= [datay y(limite+1,1:128)]; 

 
[mm, spec] = rastaplp(datay, sr, rasta, 4); 
foutputRASTAPLP3D = [foutputRASTAPLP3D mm']; 
 
dataz=z(1,1:64); 
for i=2:limite  
     dataz= [dataz z(i,1:64)]; 
endfor  
dataz= [dataz z(limite+1,1:128)]; 
 
[mm, spec] = rastaplp(dataz, sr, rasta, 4); 
foutputRASTAPLP3D = [foutputRASTAPLP3D mm']; 
 

endfunction 

 
RASTA filtering function 

The input parameters of the rastaplp function are specified in frastaplp3D. These are the 
number of samples, the sampling rate of samples, the computing of PLP and the model order. 
 

rastaplp (samples, sr, dorasta, modelorder) 
 
The sampling rate of samples (sr) remains constant in 8000, which corresponds to the voice 
frequency. Due to the software compatibility, the scripts are adapted to operate with vocal 
frequencies instead of inertial frequencies. For that reason, the window length and overlap values 
must be adapted by a lineal transform to comply with the requirements of inertial signals (see 
Table 2). An example of the changes that must be considered can be shown in MFCC filtering 
function. 
  
Also, by setting the dorasta value in 1, the RASTA filtering is carried out. At least, the 
modelorder value is varied along the experiments. Its value can be fixed into 5, 10, 15, 20, 15.  
 
On the other hand, when a MFCC analysis is done, the script launched is 
Calcula_features_mfcc 

6.1.2 Calcula_features_mfcc.m 

This script acts similarly to Calcula_features_rastaplp.m The only difference between 
them is the last function, which defines the Mel-frequency Cepstral coefficients analysis. 
Its implementation is:  
 

function foutputMFCC3D = fmfcc3D(x,y,z) 
 
sr=8000; 
num_cep=15; 
num_bands=40; 
limite = rows(x)-1;  
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datax=x(1,1:64); 
for i=2:limite         
     datax= [datax x(i,1:64)];     
endfor  
datax= [datax x(limite+1,1:128)]; 
 
[mm,aspc] = melfcc(datax, sr, 'maxfreq', 4000, 'numcep', 
num_cep, 'nbands', num_bands, 'fbtype', 'fcmel', 
'dcttype', 3, 'usecmp', 0, 'wintime', 0.016, 'hoptime', 
0.008, 'preemph', 0, 'dither', 0); 
foutputMFCC3D = mm';  
 
datay=y(1,1:64); 
for i=2:limite      
     datay= [datay y(i,1:64)]; 
endfor  
datay= [datay y(limite+1,1:128)];  
 
[mm,aspc] = melfcc(datay, sr, 'maxfreq', 4000, 'numcep', 
num_cep, 'nbands', num_bands, 'fbtype', 'fcmel', 
'dcttype', 3, 'usecmp', 0, 'wintime', 0.016, 'hoptime', 
0.008, 'preemph',0, 'dither', 0); 
foutputMFCC3D = [foutputMFCC3D mm']; 
 
dataz=z(1,1:64); 
for i=2:limite  
     dataz= [dataz z(i,1:64)]; 
endfor  
dataz= [dataz z(limite+1,1:128)]; 
 
[mm,aspc] = melfcc(dataz, sr, 'maxfreq', 4000, 'numcep', 
num_cep, 'nbands', num_bands, 'fbtype', 'fcmel', 
'dcttype', 3, 'usecmp', 0, 'wintime', 0.016, 'hoptime', 
0.008, 'preemph', 0, 'dither', 0); 
foutputMFCC3D = [foutputMFCC3D mm']; 
 

endfunction 
 

MFCC filtering function 

As occurs in RASTA, certain parameters inside the function are changed to achieve better results. 
On the one hand, the number of bands will be again studied and the number of Cepstral 
coefficients. On the other hand, three different aspects, not previously considered in RASTAPLP, 
will be considered in MFCC: the pre-emphasis the usecmp and the number of bands. 
 

- Pre-emphasis (preemph): setting to 1 or 0. 
- Usecmp: setting to 1 or 0. 
- Number of bands (nbands): setting to 40 or 50. 

 
Finally, the calcula_features_tiempo_frecuencia includes some frequency and 
time values that are not used in PLP and MFCC. Conversely, Cepstral analysis is not considered 
in this script. 
 
Returning to the main script structure a .conf file is generated after executing the following 
command: 
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.\reemplazar.exe csv2htk_XXXX.conf csv2htk.conf XXXX 1.28 
 
The aim of this code line is to generate a configuration openSMILE file which converts a comma-
separated file to binary HTK format and outputs to stdout. This is, adapting the extension format 
of the files generated by the function Calcula_features_rastaplp (.csv) to a readable 
HTK extension (.fea). 
 
After obtaining the desired files with the correct extension, they are copied in other directory 
called ‘features’: 

copy /Y *.fea ..\..\..\..\..\features 
 

This code line is the last one related to feature extraction module. 
 

6.2 Hidden Markov Models Module 
 
This module takes the greater part of the computational execution time. Here, we are able to 
change the vector size, the number of Gaussians and the HMM states. After the scripts execution, 
we obtain several files in where the final error rate is represented. Depending on the kind of test 
carried out different files are generated. In the case of user and activity recognition two different 
results and files are computed, one for the test subset and one for validation subset. Furthermore, 
these files contain interesting information such as the confusion matrix.  
 
When an activity segmentation analysis is performed, the files generated contain additional 
information such as other measures, precision and recall, and also the error rate considering ASM. 
 
Basically the HMM module is formed by two set of instructions, a copy of the models used to 
build the vector and several script calls.  
 
For each vector size, three models are created depending on the the number of states (i.e. 3 for 
user, 7 for activity, 8 for segmentation). Also, each model contains different kind of templates 
one for each user and one for each activity, a silence template and a short pause template. These 
templates are filled automatically while the scripts are running. All of these files are useful for 
initializing the mean and variance of the Markov models. For each intermediate state (no initial 
and final are considered) a mean and variance is filled with zero value (mean) and one value 
(variance) with the same number of parameters. For instance, a 180_7 model will have 180 values 
for each mean and variance (i.e. five means and five variances). 
These model copies, are done before launching the different scripts. Four total script calls are 
executed, one for activity and user recognition and two for segmentation: considering the 
language model and without considering it. All of these scripts shares a common structure: 
 

echo MU 2 {*.state[2-6].mix} > .\cfg\hhed_comands_0_0 
echo MU 4 {*.state[2-6].mix} > .\cfg\hhed_comands_0_1 
echo MU 11 {*.state[2-6].mix} > .\cfg\hhed_comands_0_2 
 
type .\cfg\lista1T.scp  .\cfg\lista2T.scp  .\cfg\lista3T.scp  
.\cfg\lista4T.scp > .\cfg\lista_train.scp 
type .\cfg\lista5VT.scp > .\cfg\lista_validation.scp 
type .\cfg\lista6VT.scp > .\cfg\lista_test.scp 
 
call train_final_RR.bat 
call test_hvite_RR.bat 1 
              …  
  
 
 

1 

2 

3 

http://audeering.com/research/opensmile/
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type ..\test\results_hvite_validation_1/2/3/4/5/6.mlf > 
..\test\results_hvite_validation_total.mlf 
..\bin\HResults.exe -p -d 1 -k *_%%%%%%%%%%%%%%_* -I 
..\labels\TOTAL_USR_ETQ.lab .\cfg\hmmlist 
..\test\results_hvite_validation_total.mlf > 
..\test\validation_results_total.txt 

 
Script 2: lanza_todo.bat extract 

From now on, we will describe lanza_todo.bat script which will provide us the activity error 
rate. As we can see, there is a first part (1) in which echo MU commands are executed. These 
commands allow the conversion from single Gaussian HMMs to multiple mixture component 
HMMs and utilizes HHEd script, explained in HTK Section. MU command increase the number 
of components in a mixture by doing a mixture splitting process. The number of final mixture 
components is repeatedly increased until the desired level of performance is achieved, hence it’s 
a way of HMM system refinement. In the Script 2, there are three Gaussian growing steps, thus 
three re-estimations. The general form of the MU command is: 
 

MU n itemList 
 

Where n corresponds to the new number of mixture components and itemList defines the 
actual mixture distributions to modify.  The splitting process affects to the heaviest mixture 
component. An example is shown below: 
 

MU 2 {*.state[2-6].mix} 
 

With the previous command, the number of mixture components in the output distribution for 
states two to six, of every model would be increased to 2 (in user recognition only state [2-2] and 
in segmentation [2-7]).  
 
The next two parts (2) (3) are related to the Round-robin strategy proposed at Evaluation Metrics 
Section. Three different lists with .scp extension are generated in each Round-robin: a train, 
validation and test lists. These lists are formed by the different activity subsets performed by an 
user. An example of the information contains in one list is: 
 

TRAIN0001_USR0001.fea 
TRAIN0003_USR0005.fea 
TRAIN0005_USR0007.fea 
TRAIN0007_USR0011.fea 
TRAIN0009_USR0015.fea 

 
After filling the list, two scripts are run. These scripts make use of several HTKtool for that 
reason, a briefly description of some of them are carried out. Moreover, the scripts are executed 
six times, just as was shown in Figure 12. 
 
On the one hand a description of the training process is done: 

6.2.1 Train_final_RR.bat 

Firstly, HCompV script is executed to initialize all the models, by calculating the average value, 
that have been previously located in the correct directory, thanks to the Script 1 instruction: 
 

copy /Y ..\models\orig\180_7\* ..\models\orig\* 
 

4 
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This script is useful, at the beginning, because it does not require labelled data. 
 
Once HCompV has been run, HInit is executed six times, one for each activity, in order to 
finalised the initialization process. The results of each execution is stored at a .log file (this can 
be achieved by using the standard options -A -V -D –T –S –C, described in HTK Section). 
Before re-estimation, HHEd script modifies all activities models, establishing a different 
probability for all transitions. This can be done by using a .cfg file with the following structure: 
 

AT i j prob itemList (t) 
 
This file sets a transition probability (prob) from state i to state j for all loaded models defined 
by itemList. 
The resulting models are stored in another directory which will be used together with HRest.  
HRest command allow the parameter re-estimation. Just as occurs in HInit, it is executed once 
for each activity and store the output in the same .log file. 
After re-estimation, a cascade of operations with HHEd and HRest commands are carried out. 
These operations are made to rise the number of Gaussian mixtures and to re-calculate the 
transition probabilities each time that number is varied. The number of Gaussians varies from 
two, to four and eight. Lately, the final train models are stored in a new directory:  
models\hmm4\ 
 
Train_final_RR.bat is used in activity and segmentation (with and without LM), but in the 
case of user recognition, a different script called Train_final_USR_UBM.bat is used. There 
are not too much differences between them. In fact, the process is the same considering four 
differences: 
 

1. Due to user recognition has only three states and only one emitting state, the number of 
operations are fewer. For instance, there is only one HInit call instead of six and one 
HRest for each Gaussian step updates (re-estimation).  

2. Only one model called ‘universal base model’ (UBM) for the whole set of users is trained. 
It is preferable training a single model than many independent models, one for each user. 

3. The .lab file loaded is TOTAL_USR_ETQ.lab instead of TOTAL_USR.lab.   
4. An adaptation of the UBM is carried out for each user. The UBM is trained with the full 

dataset in order to avoid a model bad trained (few instances causing an underfitting). 
After the training process, a percentage variation is done for every user in order to adapt 
the universal model to a specific user. 
 

On the other hand, a description of the testing process is done: 

6.2.2 Test_hvite_RR.bat 

This script is composed by three parts: the creation of a grammar file, a validation analysis and a 
test analysis. 
Firstly, a grammar configuration file is created by launching HParse. This grammar .cfg file will 
be loaded together with the final model set created in train_final_RR.bat and also with a 
validation list. Furthermore, in order to make a robust system, a .log file is created with the 
recognition or segmentation results. After obtaining a results_hvite_validation_1.mlf 
file, HResults is launched, providing a validation_result_1.txt file. If instead of 
loading a validation list, a test one is considered, a results_hvite_1.mlf and 
test_result_1.txt file with the error rate will be generated. These scripts contain the test 
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and validation error rates for one Round-robin cycle, hence they must be executed five more times 
varying the subsets. 
 
The final Script 2 part (4) collects the six results_hvite_validation_X.mlf and 
results_hvite_X.mlf and generates validation_results_total.txt and 
test_results_total.txt, which are the files that include the error rates used in the Results 
Section. 
 
With the generation of these results files, the lanza_todo.bat script is finished. Now all the 
activity error rates have been computed. 
 
Returning to the Script 1, there are three more calls: 
 

call lanza_todo_USR_UBM.bat 
call lanza_todo_SEG.bat 
call lanza_todo_SEG_LM.bat 
 

These scripts will calculate the error rate for user, segmentation and segmentation with language 
model (ASM). The differences between activity and user have just been shown. Nevertheless, 
activity segmentation script structure (lanza_todo_SEG) is very closed to lanza_todo. The 
only difference between them is the grammar configuration file generated with HParse that will 
be used by HVite in the test script. 
To conclude this section lanza_todo_SEG, and lanza_todo_SEG_LM differs in that, 
whereas in the first one, every new activity can be preceded by anyone, in the second one, 
different probabilities are considered just as was explained in ASM Section. 
 

6.3 Hidden Markov Models Toolkit (HTK) 

6.3.1 Training 

HCompV: this script calculates the global mean and covariance of a set of training data. It is used 
to initialise the HMM parameters such as mean and covariance, which are set equal to the global 
data mean and covariance. Basically it takes the template mentioned in the previous section and 
fill it with the computed values. It can be used when no labelled training data are available. 
 
Definition: HCompV [options] [hmm] trainFiles 
Example of use: HCompV.exe -m -f 0.000001 -M ..\models\orig\ -S 
.\cfg\lista_train.scp ..\models\orig\sp 
 
Hmm is the name of the physical HMM whose parameters are going to be initialised using 
trainFiles. 
When –m option is enabled, HCompV updates all the HMM component: means and covariances. 
By disabling this option only covariances are updated. -f option create variance floor macros 
with values equal to 0.000001 times the global variance. –M store output HMM macro model in 
the specified directory without overwriting previous ones. By enabling –S the operating file list 
is indicated. 
Finally, this script will provide the initialisation of \models\orig\ which are used in HInit. 
 
HInit: a more detailed initialisation is carried out using HInit instead of HCompV. Firstly, 
HInit divides the training observation vectors equally amongst the model states and gives initial 
values for the mean and variance of each state. Secondly, HInit compute the maximum 
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likelihood state sequence using the Viterbi algorithm, already explained in Chapter four. Thirdly 
it reassigns the observation sequences to states and another iteration is done again to get better 
results. Unlike HCompV, HInit requires labelled data for initialisation. 
 
Definition: HInit [options] [hmm] trainFiles 
Example of use: HInit.exe -A -V -D -T 1 -m 1 -u mvw -l walking -I 
..\labels\TOTAL_USR.lab -M ..\models\hmm0 ..\models\orig\walking -S 
.\cfg\lista_train.scp -C .\cfg\hinit.cfg 
 
With this script, the means and variances of the given hmm are estimated using the data in 
trainFiles. 
On the one hand, -A -V -D –T –S –C are standard options to all scripts, that provide 
information about the output while executing the script. They create log files (-A) and trace values 
(-T), furthermore configuration settings are displayed (-D) and information related to tool version 
(-V). If it is desired to specify a script file another command is used (-S). The last standard option 
(-C) is used to specify a configuration file that specifies how the process is carried out. 
On the other hand, –m 1 command sets the minimum number training examples to 1. By enabling 
–u mvw median, variance and mixture weight are updating. -l is used for searching the training 
files which corresponds to string ‘walking’. Finally, with –I the TOTAL_USR.lab file is loaded. 
The rest of the commands acts similarly to HCompV. 
 
HHEd: it allows manipulating sets of HMM definitions. Its operating mode consists of loading 
a HMMs set, applying a sequence of editing operations and then outputting the transform set. The 
more common use of this script is to change the Gaussian mixture number, but there exists a huge 
number of distinct commands for this script.  
 
Definition: HHEd [options] edCmdFile hmmList 
Example of use: HHEd.exe –H ..\models\hmm0\walking -M ..\models\hmm1 
.\cfg\hhed_comands_0_0 .\cfg\hmmlist_sin_sp 
 
Where –H command loads the HMM for every activity. edCmdFile contains a sequence of 
commands that will edit the HMMs described in hmmList. 
Here the loaded models are those stored in \models\hmm0 and the new ones those stored in 
\models\hmm1. 
When copying all the models, after the training process, -w are used to save all models in a new 
file. 
 
HRest: is used to refine the parameters of existing HMMs using Baum-Welch method. 
The parameters re-estimation of a single HMM is done by using a set of observation sequences. 
For its performance, the HMM must been previously initialized commonly with HInit. An 
important feature of HRest is that only a single model re-estimation is done. When the re-estimation 
is carried out in the whole set of HMM a different script is used, called HERest. 
 
Definition: HRest [options] [hmm] trainFiles 
Example of use: HRest.exe -A -V -D -T 1 -m 1 -i 20 -u mvwt -v 0.000001 -
l walking -I ..\labels\TOTAL_USR.lab -M ..\models\hmm1 
..\models\hmm1\walking -S .\cfg\lista_train.scp -C .\cfg\hrest.cfg 
 
This script causes the parameters of the given hmm to be re-estimated repeatedly using the data 
stored in trainFiles. 
–i 20 sets the maximum number of re-estimation cycles to 20. –u command acts as in HInit, 
furthermore –u mvwt updates transition parameters. Also by fixing -v to 0.000001 any covariance 
component which falls below 0.000001, will be assigned a mixture weight equal to this value. The 
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standard options behave the same to HInit. 

6.3.2 Testing 

HParse: According to HTKBook ‘HParse generates word level lattice files for use with HVite 
from a text file syntax description containing a set of rewrite rules’.  Basically is a script based 
on network nodes which specifies rules in order to generate grammar configuration files. This 
script can be useful to describe the Activity Sequence Modelling (ASM). 
 
Definition: HParse [options] syntaxFile latFile 
Example of use: HParse.exe .\cfg\grammar.gra .\cfg\grammar.hvite 
 
HParse reads the rules established in syntaxFile and produce the output latFile, that will 
be used in HVite. 
 
Hvite: this script implements Viterbi recogniser. It will match an activity file against a 
network of HMMs and will output a transcription for each. 
 
Definition: HVite [options] dictFile hmmList testFiles 
Example of use: HVite.exe -T 00004 -n 6 6 -w .\cfg\grammar.hvite -H 
..\models\hmm4\todos -S .\cfg\lista_validation.scp -p 1.0 -s 1.0 -i 
..\test\results_hvite_validation_%1.mlf -C .\cfg\hvite.cfg .\cfg\dic 
.\cfg\hmmlist 
 
HVite loads a single file and compares it to each testFile. hmmList contains a list of 
models included in the hmm files. 
–n 6 6 specifies the number of possible alternatives (i.e. a partial path from time 0 to time t) In 
this case the six better sequences will be calculated (we have six different activities). With –w 
the grammar file calculated with HParse is selected. Finally, with –p a penalty between units is 
fixed to 1 (the probability of transition between the last state of an activity to the first state of 
another activity). 
 

6.3.3 Analysis 

HResults: is a tool designed to evaluate the system recognition performance. This script uses 
dynamic programming to align two ‘transcriptions’ (activities) and then it counts the total error 
by considering substitution deletion and insertion errors. Moreover, it provides different 
evaluation metrics such as confusion matrix and also the global error rate, (100 – error) 
 
Definition: HResults [options] hmmList recFiles 
Example of use: HResults.exe -p -d 1 -k *_%%%%%%%%%%%%%%_* -I 
..\labels\TOTAL_USR_ETQ.lab .\cfg\hmmlist 
..\test\results_hvite_validation_%1.mlf 
 
HResults is applied to each recFiles, whereas, hmmList contain a list of all models for 
the hmm files. 
By enabling the –p command, a confusion matrix is shown at output. Whereas enabling –d 1 
command, only the most accurate result is considered and shown at output.  
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Figure 24, shows the process of training and testing the system with the scripts described above. 
It is also important to remark that there are several scripts included in HTK that have not been 
used here. For instance, HLEd, HLStats, HSLab constitutes some examples of scripts 
commonly employed in data pre-processing. Also HDMan and HDBuild are used for testing. 

 
 

Figure 24: Full recognition scheme 
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Chapter 7: Conclusions and Future Lines 
 
At the beginning of this work we proposed the use of Cepstral coefficients to overcome the 
baseline error rate results in all situations: activity and user recognition, and activity segmentation. 
As it was demonstrated in Chapter five only in user recognition and activity segmentation we 
obtained better error rates than the baseline. In activity recognition the results were very closed 
using Cepstral coefficients and using common feature extraction techniques but they were never 
beaten. However, considering the better results achieved in user recognition or activity 
segmentation, or just taking into account the considerable feature vector size reduction in activity 
recognition, we can conclude that the use of Cepstral techniques are suitable for Human Activity 
Recognition and segmentation.  Some other interesting conclusions are: 
 

1. Despite the similarities with speech recognition, some transformations (such as pre-
emphasis) are useless for inertial signals and they should be analysed before introducing 
them in an inertial analysis. 

2. The RASTA filtering and the use of delta, or delta-delta, coefficients are only suitable for 
activity segmentation since they do not improve the capability of distinguish user or 
activities. Hence, their use is not suggested when recognition is the main objective. 

3. The use of Activity Sequence Modelling is highly recommended since using it all the 
error rates for recognition and segmentation are better. 

 
The results directly derived from these conclusions are: 
  

1. We have reduced the user recognition error rate from 26.8% to 16.5% (approximately a 
40% reduction), and the vector size from 561 to 180 features. 

2. Also we have diminished the activity segmentation error rate from 5.2% to 0.4% while 
reducing vector size (561 vs. 405 features). 

3. The activity recognition error rate has increased slightly, from 3.5% to 3.6%, using 
Cepstral techniques but the vector size is lower (only 180 features). 
 

Finally, answering to the following question: 
 

Which Cepstral technique is better PLP or MFCC? 
 

We can answer that due to the small differences, it is risky to choose one of them considering the 
results obtained in this work. Further studies must be done in order to get a satisfactory answer to 
that question. 
 
Furthermore, additional studies can be considered from this work: 
 

a. A depth analysis of ASM while employing graph-based techniques instead of statistically 
sequence modelling. 

b. Combining MFCC with PLP features in a single analysis. 
c. Studying in more detail the effect of energy bands and keep varying its number in order 

to get more specific conclusions. 
 

To conclude with this work, I would like to enumerate the educational results I have acquired: 
 

1. I have learned the basics of Hidden Markov Models and their directly real applications. 
2. Also, I have learned how a dataset should be managed from pre-processing to the suitable 

strategy to split the data using different strategies such as Round-robin or cross validation 
3. I have learned in deep the GNU-Octave utility and its basic way of performance 

(installing packages)  
4. I have dealt with the fact of writing a full report in English. 
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