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Abstract Two serious problems affecting the implementation 

of Human Activity Recognition (HAR) algorithms have been 

acknowledged. The first one corresponds to non-informative 

sequence features. The second is the class imbalance in the 

training data due to the fact that people do not spend the same 

amount of time on the different activities. To address these 

issues, we propose a new scheme based on a combination of 

Principal Component Analysis (PCA), Linear Discriminant 

Analysis (LDA) and the modified Weighted Support Vector 

Machines (mWSVM). First we added the most significant 

principal components to the set of features extracted using 

LDA.  

This work shown that a suitable sequence feature set 

combined with the modified WSVM based our criterion 

classifier achieve good improvement and efficiency over the 

traditional used methods.  
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1   Introduction 

Human Activity Recognition (HAR) is one of the most 

important tasks in pervasive computing applications [1-4] 

because of its contribution to several related areas, e.g., 

surveillance-based security, context aware computing and 

ambient assisted living [5]. It is aimed to determine the user’s 

Activity Daily Living (ADL) such as cooking, brushing, 

sleeping, toileting and so on, using a set of fixed and wearable 

sensors readings. The ability to distinguish such activities is an 

essential step towards achieving activity-aware applications 

for real world settings. Advances and maturity in pervasive 

sensing technologies, microelectronics and (wireless) 

communication systems contributed largely to the 

development of automatic systems performing recognition of 

ADL tasks though development of cost and energy effective 

sensors. Strictly speaking, two types of sensors can be 

distinguished for ADL recognition task. The first relies on the 

use of wearable sensors (placed on a human body) to measure 

position, velocity and force [5]. Examples of activities that can 

be recognized using wearable sensors include walking, 

running and scrubbing. This is because such activities 

subsume mainly repetitive motions of human body, which are 

therefore largely constrained by the structure of the body. In 

contrast, other ADLs, e.g., toileting, sleeping and cooking are 

more appropriately recognized using external sensors placed 

at chosen locations at home or at target objects that the user is 

supposed to interact with (e.g., washing machine, stove, 

faucet, doors). For instance, a simple door switch sensor 

placed in a toilet would help to identify individual’s toileting 

task. Similarly, a switch sensor placed in a bed can strongly 

trigger a sleeping task, and an activation of a cooking like 

appliances would suggest a cooking task, etc. Such binary 

(external) sensors are common in smart home projects [5-8] 

and rely widely on technology based of passive infrared or 

motion detectors. For example, in the MARC home, a set of 

(simple) sensors related to temperature on stove, mat, and 

cabinet doors placed in a kitchen have been used to detect 

meal preparation activities [9]. Other major smart home 

prototypes include Georgia Tech Aware Home project [6], 

CASAS project [10], MIT Lab [4], European Opportunity 

project [11], Mobile Data Challenge (led by Nokia) [12], 

Aware Home [13] and DOMUS [14].  

Loosely speaking, homes and their appliances have highly 

variable layouts, and individuals perform activities in many 

different ways. A person may, for instance, take his lunch 

while watching television or setting in a kitchen or in a 

standing up position, etc. This results in a significantly distinct 

sensor activation profile based on the habits / routines of the 

occupant and the layout of a particular home [5]. This renders 

the task of automatic recognition of ADL very challenging 

and sometimes open to debate, which motivates the increasing 

work in the field during the last two decades as suggested by 

the review papers [5, 15-17]. On the other hand, the emerging 

trend of benchmarking initiatives such as the Opportunity 

Activity Recognition Challenge [11] and the Nokia Mobile 

Data Challenge [12] that make use of real-time sensory 
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information is bringing a new maturity to the field of ADL 

recognition and allow researchers to build on the state of the 

art research with comparative analysis, an issue that will be 

explored in this current study. Several other challenges have 

also been pointed out by the ADL research community [5, 15]. 

This includes (i) the choice of sensors and their locations in 

the environment; (ii) the collection of data in realistic 

condition with flexibility to support new users; (iii) the 

selection (or extraction) of the attributes to be measured and 

processed; (iv) the design of the inference system that outputs 

the corresponding ADLs. With the use of benchmarking 

dataset, only the third and the fourth challenges are concerned 

in this paper.   

From the inference system perspective, one distinguishes 

two main streams of approaches for ADL recognition task in 

home setting. The first one advocates a knowledge-driven 

approach where the relationship between sensor features and 

activities follows a descriptive approach, e.g., using an 

ontology where activities are recognized through their linking 

to constraints on sensor events [15,18]. The rationale is to 

exploit the logical knowledge representation for activity and 

sensor data modeling, and to use a logical reasoning to 

perform activity recognition. The second stream promotes a 

data-driven approach relying on machine learning and data 

mining techniques [19] to infer the underlying task where 

either supervised or unsupervised learning strategies are 

employed. The former is based on labeled data upon which an 

algorithm is trained, requiring increased computational power, 

while unsupervised strategy attempts to directly construct 

recognition models based on unlabeled data. In this way, as 

for any pattern recognition task, the keys to successful activity 

recognition are first to appropriately design a feature 

extraction strategy from the sensory data, and, second, to 

design a suitable classifier that infers the user’s activity and 

provides an interpretation of the observed sensor patterns. The 

latter commonly requires data labeling either for machine 

learning or evaluation purposes. For this purpose, annotation 

of data for classification task can be performed in many 

different ways, e.g., use of cameras [4], self-reporting 

approaches, monitoring the diary activity [2], among others. 

Several classification algorithms have been employed for 

ADL recognition tasks [1-4], e.g., Hidden Markov model [2, 

20], conditional random fields [21], linear discriminant 

analysis [22], sparse representation [23], Bayes approach [4], 

neural network [24], Support vector machine [25] and its soft-

margin multiclass SVM extension [26]. Motivated by 

extensive work by Google researchers, one shall also mention 

the growing interest to Deep-Learning (DP) like approaches 

[27] that make use of multiple processing layers and/or 

multiple non-linear transformations since the last decade. 

However, its application to HAR is still in its infancy, and 

relates predominantly to finding appropriate feature that best 

recognizes individual activity. Ordonez and Roggen [28] 

suggested a convolutional and LSTM recurrent units to 

recognize multimodal wearable activities. Plotz et al. [29] 

advocate the use of autoencoder network.   

Feature extraction step consists in identifying a lower 

dimension set of features from the original data input that 

would ultimately ease the subsequent reasoning and 

classification task. Previous work in feature extraction for 

ADL rather advocates a context dependent approach where 

feature set can be binary, categorical or continuous depending 

on the type of sensors, classifier constraints and computational 

requirements [5, 15-17]. For instance, the use of motion 

sensors and accelerometers allows for a wider spectrum of 

statistical and energy related features, e.g., autoregressive 

coefficients, signal-magnitude area, tilt angle, spectral 

entropy, pairwise correlation, first and second order statistics, 

among others [30]. While in smart home setting, the binary 

like features yielding binary time series dataset can also be 

transformed into energy like features or reduced dimension 

dataset using PCA or LDA transformations [31]. Authors in 

[29] questioned the use of the same features for all ADL and 

rather suggested the use of different sets of features for 

distinct activity recognition tasks.  

Another problem affecting the performance of activity 

classification algorithms is the class imbalance problem [32]. 

This is due to the fact that sampling dataset is not evenly 

distributed among various classes, because of insufficient 

coverage of some classes, referred to as minority class (es) 

with respect to other majority (or dominant) class (es), which 

makes the classifier overwhelmed by the majority class (es) 

and ignores the minority class examples. For instance, in daily 

activity tasks, sleeping is generally done only once a day, 

while toileting is done several times a day. Consequently, any 

automated learning system may have difficulties in learning 

the concept related to the minority class (toileting). This 

trivially can result in a degradation of the performance of the 

automated activity classification algorithm (s). 

Various research methods [33-37] have been put forward to 

address the class imbalance problem. These solutions can be 

categorized into two main streams: data resampling and 

algorithmic level. The former involves a modification of the 

initial training dataset by under-sampling and over-sampling, 

which, in turn, purposefully modifies the class distributions, 

such that a rough balance between majority and minority 

classes is achieved while the classifier algorithm is kept 

unchanged. On the other hand, the algorithmic-like-methods 

keep the initial class distribution unchanged and rather 

introduce changes in the classifier design where some 

weighting scheme is introduced. Such solutions include the 

cost-sensitive learning [37] introduced in the case of SVM 

classifier, yielding Weighted Support Vector Machines 

(WSVM). In our study, we have adopted a modified WSVM 

that accommodates a multi-class classifier [38], where distinct 

weights are assigned automatically to data in order to account 

for imbalanced classes. 

In [30], the authors use a combination of the PCA and LDA 

set of features for the task of object detection on datasets from 

UCI repository [39]. They demonstrate that such a 

combination approach has certain potential, especially when 

applied for C4.5 decision tree learning. This paper put forward 

a new framework, to handle both the issue of feature 



 

 

extraction and the class imbalanced problem for ADL 

recognition tasks. It advocates the combined PCA-LDA as a 

new feature sequence and the multi-class modified Weighted 

SVM as the new classifier. To the best of our knowledge such 

strategy has never been previously proposed to the ADL 

domain.  

Next, the evaluation of the proposal PCA-LDA-WSVM is 

quantified using the open datasets (benchmarking) of [40-42] 

where comparisons with the state of art ADL classification 

algorithms, namely Hidden Markov Model (HMM), 

Conditional Random Filed (CRF), standard SVM, modified 

WSVM (mWSVM) and alternative hybrid models such as 

PCA-mWSVM, LDA-mWSVM and PCA-LDA-HMM are 

performed. Especially, given the popularity of probabilistic 

models HMM and CRF in daily activity recognition [2,3], new 

hybridation scheme involving such algorithms were used, e.g., 

PCA-LDA-HMM. 

The contributions of this paper are the following. First, a new 

discriminative features set (PC-LD) was proposed. Second, a 

new scheme using a modified WSVM and PC-LD features set. 

Third, a comparative study over several state of the art hybrid 

models PCA-WSVM, LDA-WSVM and PCA-LDA-HMM as 

well as distinct classifiers, e.g., standard SVM, CRF and 

HMM, has been carried out in order to demonstrate the 

feasibility and enhanced performances of the proposal using 

multiple real-world smart home datasets. 

 

The remainder of this paper is organized as follows. 

Section 2 presents the PCA, LDA and the combined PCA-

LDA feature space. Section 3 highlights the design of the 

inference system that makes use of PCA-LDA and mWSVM 

classifier. Section 4 presents the experimental setup and 

discusses the results acquired throughout a series of 

benchmark dataset constituted of highly imbalanced datasets 

under different metrics. Finally, conclusions and future work 

are drawn in Section 5. 

2   Feature extraction  

2.1   Notation 

The raw sensors data are discretized in time slices of constant 

length t. We denote a sensor reading as
i

tx , indicating 

whether sensor i is fired at least once between time t and time 

t +t, with  1,0
i

tx  ( 1
i

tx  if sensor i is fired at least once 

between time t and time t +t, zero otherwise). In a house with 

n sensors installed, we define a global binary observation 

vector 
Tn

ttt xxxx ),,,(
21 


 that accounts for all sensors. An 

activity at time slice t is denoted by At with  NAt ,...,1 , 

where N stands for the total number of daily living activities.  

2.2   Principal Component features 

The PCA [41] is a statistical procedure that uses an 

orthogonal transformation to convert a set of observations of 

possibly correlated variables into a set of linearly unrelated 

variables referred to as Principal Components Features (PCF) 

such that the first principal component has the largest possible 

variance and where the PCF correspond to the eigenvectors of 

the covariance matrix. More specifically, let l be the total 

number of instances in the learning database and 
jx)(


(j=1 to 

l) be the total number of global binary state vectors. Then, the 

PCA transform is computed by performing the eigenvector 

decomposition of the covariance matrix S: 
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            (1)          

   K=Eig(S)                                                                             (2)                 

 

Next, the PCF are calculated in the following way. First, 

the eigenvectors K of matrix S are rearranged according to 

their eigenvalues λi (i=1 to n, with 
n ...21

). Then 

the minimum number of principal components is determined 

by the percentage of variation explained. The number of PCF 

achieving a certain cumulative percentage of variance is 

calculated; namely, one determines an integer p (p < n) such 

that 
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Where  is a threshold, often taken to be high, corresponding 

to the proportion of the total variation that is explained by the 

first p principal components. Ideally, one aims for achieving 

higher proportion using only very few principal components. 

Authors in [43-44] suggested to choose such threshold beyond 

80%. In our case, we set  =85%, which fully agrees with 

[42]. Therefore, the eigenvectors corresponding to eigenvalues 

p ,...,1
constitute the PCF, while the projection matrix 1 of 

the PCF forms the PCA transform so that any new datum T 

(given as a state binary vector as in x


) can be projected onto 

the reduced (feature) space using       

 

1111 )()()(   nnpp TT       with   
T

K1                         (4) 

     

2.3   Linear Discriminant  Features  

Unlike PCA which handles the data as a whole regardless 

their associated classes, LDA explicitly attempts to model the 

difference between the various classes that maybe assigned to 

original dataset and finds the linear combination of features 

that best separates the classes. Typically, the goal of LDA is to 

maximize the between-class measure while minimizing the 

within-class measure. Let Ci be the class containing the state 

binary vectors x


corresponding to the ith activity class. Then 

the Linear Discriminant Features (LDF) are performed in 

different phases. First, the mean of each class is determined as         



 

 

                                  


in

j

i

j
i

i xnμ
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                               (5) 

Where in is the number of instances assigned to the i-th class 

Second, the between-class scatter matrix SB and the within-

class scatter matrix SW are calculated as: 
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,                                   (6) 

where   stands for the mean vectors of all inputs, or, 

equivalently, the mean of iμ of (5), i=1, N.   
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Third, one solves the generalized eigenvalue problem for 

the matrix
BW SS

-1
; namely, 

 BW SSEigL -1                                                                  (8) 

Especially, the eigenvectors matrix L guarantees the ratio 

)det(

)det(

W

B

S

S
is maximized, which assumes that the matrix WS is 

nonsingular [31]. It was shown in [45] that there will be at 

most N-1 eigenvectors whose eigenvalues are real-valued, 

which can represent a massive reduction in the dimensionality 

of the problem. In our study, we initially set the number of 

selected features equal N-1 where N is the number of the class 

activities.                               

Besides, many of the eigenvalues of
BW SS

-1
are very small, 

and can be ignored without reducing the discriminative 

information significantly (e.g., by choosing some threshold  

close to zero, so that the associated eigenvector is ignored 

whenever its associated eigenvalue is smaller than ). The 

obtained projection matrix 2 of LDF can therefore be used as 

a linear discriminant transform to any new dataset T such that 

its projection will be  

1212 )()()(   nnqq TT       with  
T

L2                          (9) 

2.4   Combined PC-LD features 

The idea of combining PC and LD features is not fully new 

and seems rather intuitive given the inherent complementarity 

of the interpretations of the PCA and LDA formalisms in the 

sense that PCA performs dimensionality reduction while 

preserving as much of the variance in the high dimensional 

space as possible. While, LDA attempts to enhance the 

separation between the various classes. Consequently, in the 

context of daily activity recognition, the components that are 

obtained by the PCA have no discrimination characteristic 

between data in different activity classes. LDA-based feature 

extraction, although using class information, also has a serious 

drawback due to its parametric nature. Namely, the rank of SB 

is at most the number of classes minus one. Hence, if we 

integrate PCA and LDA in a systematic way, they could 

complement each other and be benefited from each other. The 

problem of combining the two features PC and LD has been 

approached from different perspectives, and one shall mention 

two approaches here. First, from a feature selection 

perspective [31], the problem might boil down to deciding for 

each time increment, which among the PC and LD features 

would likely provide the best performance in terms of 

classification rate. This would require designing a scoring 

function that would quantify the contribution of each feature 

individually with respect to some global performance metric. 

Such approach has been employed for face image recognition, 

see, for instance [46] and references therein. Second, from a 

fusion feature perspective, a typical solution is to create an 

augmented feature space which contains both PC and LD 

features. In [47], the authors contrasted an approach based on 

appending the distance vectors obtained using PCA to that of 

LDA features with an approach that creates a new distance 

vector by averaging PCA and LDA associated distances. 

Similarly, Pichenizkiy et al. [30] applied both the PCA and 

LDA transforms to the same training database, and then the 

merged feature space is obtained by concatenating PC features 

with LD features for the task of object detection on datasets 

from UCI repository [37]. Our approach follows the same 

spirit as [30] where an augmented feature formed by 

concatenating PC and LD features is constructed. Namely, 

each datum is represented in (p+q) feature space. 

Especially, it is easy to see that the augmented feature 

space has at most p+N-1 attributes. On the other hand, it is 

always possible to adjust the number of components in PCA 

and LDA (p and q values) using the threshold values ε and/or 

γ if a large discrepancy between the number of PCA features 

and the number of LDA features is found, although in our case 

such scenario (almost) does not hold because of the restricted 

number of activity recognitions.  

3   Inference System 

3.1   System overview 

As pointed out in the introduction part of this paper, the core 

of our proposal strategy relies on the use of a weighted 

support vector machine classifier whose inputs are binary state 

vectors, indicating the configuration of the various sensors, 

projected onto both PCA and LDA transforms. The choice of 

SVM like classifier [48-51] in this context is motivated by 

previous works as shown in [52], see also, review papers [5, 

15-17] and references therein, where SVM demonstrated more 

robustness and less sensitivity to class discrimination problem. 

A generic diagram is shown in Figure 1. Especially, the initial 

dataset is divided into training and test datasets. These two 

sets are transformed independently using PCA and LDA 

methods. Then, we added the most significant principal 

components (PCF) generated by PCA transform to the set of 

features extracted (LDF) using LDA.  

The constructed PCA-LDA space is therefore used for 

learning and testing the multi-class Weighted SVM classifier 

using a new automated criterion for weighting the data. In 

order to evaluate the proposal, and referring to what ought to 



 

 

be a reference in the field where HMM classifier was often 

backed for its high performance levels [2,3], we also 

implemented the corresponding PCA-LDA-HMM method, 

whose detail will be described in the next section. 

 

 

 

 

 

 

 

 

 

 
 

Fig. 1  Block diagram of the proposed activity recognition approach. 

 

 

3.2   Support Vector Machines 

SVM algorithm is adopted due to its proven performance 

elsewhere and its solid theoretical foundations [54]. SVM [48-

51] corresponds in its basic form to a two class classification 

problem. In order to preserve the coherence of the notations 

employed so far, let  

  ltoidRydyE i
qp

iii 1,1,1,),,(   be the 

training dataset where the input iy (datum) corresponding to 

the (p+q) feature vector, obtained using the combined PCA 

and LDA transforms, is labelled either belonging to the class         

( 1id ) or not ( 1id ). The aim of SVM is to find the 

maximum-margin hyperplane that best separates the points iy

whose associated 1id from those points whose 1id . 

It is typical that such separation does not hold with original 

data points iy but rather through some non-linear 

transformation Φ of iy whose exact knowledge is not 

necessarily known, and one often limits to the knowledge of 

the associated kernel function. In this case, finding the 

hyperplane separating the positive and negative examples, 

quantified through the following equation 

0)(  bys                                            (10) 

boils down to the following optimization problem 

 

libysdtosubject

ss

ii
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,...,1,,1))((

2

1
min
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               (11)                                        

where s stands for the weight vector normal to the hyperplane 

that will be determined as part of the optimization problem 

(11). Therefore, the SVM decision function is 

))(()( byssignyf                                                 (12)                                               

Nevertheless, despite the use of higher dimensional feature 

space transformation Φ, in practice, the classes still may not 

be separable. For this purpose, the soft-margin method 

introduced by Cortes and Vapnik [48] chooses a hyperplane 

that splits the examples as cleanly as possible, while 

maximizing the distance to the nearest cleanly split examples. 

The method introduces non-negative slack variables i , 

which measure the degree of misclassification of the data iy . 

The optimization problem of the soft-margin SVM is 

formulated as a tradeoff between a large margin and a small 

error penalty, where, as in [48], the same cost C is assigned to 

both positive and negative misclassification as:                

libysdtosubject

Css

iiii

l

i
i

bs

,...,1,0,1))((

2

1
min
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 (13) 

Solving the formulation dual of SVM [49] gives a decision 

function in the original space for classifying a test point 
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with svm is the number of support vectors 
qp

i Ry


 . K(.,.) 

stands for the kernel function, which satisfies the Mercer’s 

condition [48]. A typical kernel function commonly employed 

in this context is the Gaussian radial basis function. That is,         

)2/||yy||exp()y,y(K
22

2121                              (15) 

where   is the width parameter. In the construction of SVM, 

the misclassification cost parameter plays an indispensable 
role. 

When the dataset is imbalanced, the density of the majority 

class examples would be higher than the density of minority 

class examples even around the class boundary region, where 

the ideal hyperplane would pass through. As a consequence, in 

order to reduce the total number of misclassifications in SVM 

learning, the predicted decision boundary can be shifted (or 

skewed) towards the minority class, see Fig. 2. This shift can 

cause the generation of more false negative predictions, which 

lowers the model’s performance on the minority negative 

class. When the class imbalance is extreme, the SVM could 

produce models having largely skewed hyperplanes, which 

would even recognize all the examples as positives. This 

explains why SVM fails completely in situations of high 

degree of imbalance dataset, which motivates the so called 

Weighted Support Vector Machines (WSVM) detailed later 

on. 

 

Fig. 2 Weighted SVM classification problem.  

 

3.3  Weighted Support Vector Machines (WSVM) 

Osuna et al [49] proposed a Weighted SVM algorithm to deal 

with the imbalanced dataset in the training phase by 

introducing two different cost parameter C- and C+ in SVM 

optimization primal problem for the minority and majority 

classes, respectively, as given in expression (16). More 

formally, let l  (resp. l ) be the number of positive (resp. 

negative) instances in the initial database ( lll   ). We 

assume positive class to be the majority class and negative 

class to be the minority class. The optimization problem of the 

SVM becomes: 
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The dual optimization problem of WSVM with different 

constraints on i can be solved similarly to [51]:                                                                                                                                
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subject to  


 Ci0 ,    if 1id ,    and                                                                                                                                                                       

                 


 Ci0 ,    if 1id        
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id ,  li ,...,1                                      (18) 

Where


i and 


i represent the Lagrangian multipliers of the 

positive and negative examples, respectively. This dual 

optimization problem can be solved in the same way as 

solving the normal SVM optimization problem. Solving the 

formulation dual of SVM [49] gives a decision function in the 

original space for classifying a test point 
qp

Ry
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where svm is the number of support vectors 
qp

i Ry


 . A 

typical kernel function commonly employed in this context is 

the Gaussian radial basis function. That is,         

)2/||yy||exp()y,y(K
22

2121                              (20) 

where   is the width parameter. In the construction of 

WSVM, the misclassification cost parameter plays an 
important role. 

Let NBSV+ and NBSV- denote the number of boundary support 
vectors that belong to positive and negative classes, 
respectively. Similarly, let NSV+ and NSV- be the number of 
support vectors that belong to positive and negative classes, 
respectively. Then, using (18), it holds that: 

    0
111


 ii d
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ii

l

i
id                                         (21)   

                    

Because of the boundary support vector Ci  , when the 

number is NBSV+ , the sum is always less than 
 1id

i ,       

    



1i

i

d
BSV CN

             
       (22)   

Moreover, because of the boundary support i is upper 

bounded by C, it holds that:  
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Using (21-22), this entails: 

CNCN SV
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Similarity, it holds: 

CNCN SV
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Substituting C by wC. in (24) and wC. in (25), and setting 

, (24-25) are equivalent to: 
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Huang et al. [35] put forward a WSVM whose coefficients are 
such that:    

  wCC                                                                        (28) 

-wCC                                                                          (29) 

 
In order to get the same error rate in both classes, let 




lwC

A

lwC

A

....
                                                           (30) 

By introducing (28) and (29) in equation (30), we can get the 

following relation 
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where w+ and w- are the weights assigned to positive and 
negative classes, respectively. Authors in [61] suggested the 
use of cross validation method in order to determine the value 
of the common cost parameter C of the WSVM.  

 

3.4  Proposed modified multi-class WSVM      

      Some authors [33, 37, 50] have proposed adjusting 
different cost parameters to cope with the minority class 
members’ misclassification. Veropoulos et al. in [50] 
suggested to increase the cost of the minority class (i.e.,

  CC ) to obtain a larger margin on the side of the smaller 

class. However no guidelines about the choice of cost factors 
were provided. To extend SVM to the multi-class scenario in 
order to deal with N classes (daily activities), we used 
different cost misclassification Ci per class [38]. The idea is to 
let the user set individual weights for individual training 
examples, which are then used in WSVM training. By taking 
C- = Ci and C+ = C, the main ratio cost value Ci for each activity 
class can be obtained as:                                                                                                                                                                                                                                           
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 [ . ] is integer part of the quantity under square bracket. 

Notice that it always holds that CCi  .  

   For training data from two classes Ci and Cj, we can modify 

the objective function (16) to  
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(34) 

A three class classification problem is provided in [36]. The 

dual optimization problem of WSVM gives the same 

Lagrangian as in (17) with ]/[ illCC    and ]/[ jllCC  . 

That is, the WSVM algorithm would not tend to skew the 

separating hyperplane towards the minority activity class 

examples to reduce the total misclassifications as the minority 

class examples are now assigned with a higher 

misclassification cost. This criterion is motivated by the 

findings reported by Veropoulos et al. [50] where it stated that 

the tradeoff iC associated with the smallest class is large to 

improve the low classification accuracy caused by imbalanced 

samples. 

 

In this study, a software package LIBSVM [55] was used to 

implement the multiclass classifier algorithm. The one-to-one 

strategy is adopted for this purpose. This method is better than 

one-versus-all schema because in addition to the naturally 

occurring class imbalance problem, the imbalanced data 

situation may also occur in one-against-all schema in 

multiclass classification. Specifically, the one-to-one method 

consists in constructing 2/)1( NN  sub-classifiers where 

each one is trained on a subset of the training data from the 

two activity classes as shown in Figure 3. When all classifiers 

are constructed, a majority voting strategy is used. Each new 

example is sent for classification to all the classifiers and the 

decision that has the most important number of votes is the 

final taken decision. Chen et al. [56] discussed issues of using 

the same or different SVM parameters for the 2/)1( NN  

two-class problem. Their preliminary results showed that both 

approaches provide almost similar accuracy levels. 
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Fig. 3  Structure of Multi-class Weighted SVM using one-to-one approach. 

 

The pseudo-code showing the execution of the suggested multi-class PCA-LDA-WSVM based our criterion is summarized in 

Table 1, where di,j denotes the decision given, for a new datum, by the modified WSVM trained to distinguish the classes i and j. 

If di,j =0.5, we consider the classifier that has the highest margin. 

 
Table 1 Summary of the proposed activity recognition method 

 

Input       Training data X + Testing Data T 

% Generation of the enlarged PCA-LDA feature space 

1        Use (1-3) on X  to determine the PCA transform Γ1 

2        Use (5-8) on X  to determine the LDA transform Γ2 

3        Use Y1=Γ1 X  to determine the PCA projection of X 

4        Use Y2=Γ2 X  to determine the LDA projection of X 

5        Use T1=Γ1 T  to determine the PCA projection of T 

6        Use T2=Γ2 T  to determine the LDA projection of T 

7        Concatenate Y = [Y1, Y2] 

8        Concatenate T = [T1, T2] 

Output1    (Γ1, Γ2, Y, T) 

 % One-versus-one Multi-class WSVM 

Training phase: (with N classes) 

9         Solve N(N-1)/2 different binary classifiers WSVM on Y(p+q)xl  using the criterion 

in (32) 

10      Differentiate the classes Ci and Cj ,                                  

Testing phase (max wins strategy) : 

11      The class for the test datum T(p+q)x1 is given by:                     

            
Output2   Return the classes Ci , with i=1…l                

 

 

3.5  Alternative inference system model: Hidden Markov 

Model (HMM) 

The Hidden Markov Model (HMM) is stressed in this study 

because it constituted an inevitable reference in ADL, 

especially, with respect to the employed benchmark datasets 

[2,3]. Therefore, a trivial question is whether the newly 

established augmented feature space works well with HMM 



 

 

instead of (modified) WSVM. To answer such question a 

hybridation PCA-LDA-HMM is investigated in this section. 

More specifically, a (probabilistic) sequential process consists 

of a hidden variable y and an observable variable x at each 

time step. In our case the hidden variable stands for one 

activity among the set of activities to recognize, and the 

observable variable is associated to the set of features in the 

sensor feature space. HMM is governed by two key 

assumptions which are highlighted in Fig. 4 and summarized 

in: 

• The hidden variable at time t, namely yt, depends 

only on the previous hidden variable yt-1 (Markov 

assumption [53]). 

• The observable variable at time t, namely xt, depends 

only on the hidden variable yt. 

 

 
 

Fig. 4   Graphical representation of HMM. The shaded nodes 

represent observable variables, while the white nodes represent 

hidden ones. 

 

With these assumptions we can specify an HMM using three 

probability distributions: the distribution over initial states 

p(y1) parameterized by π; the transition distribution p(yt|yt-1), 

parameterized by A, represents the probability of going from 

one state to the next; and the observation distribution p(xt|yt) 

parameterized by B,  indicating the probability that the state yt 

would generate observation vector xt.  

The entire model is therefore parameterized by the 

aforementioned three parameters: θ = {π, A, B}. Learning the 

parameters of these distributions corresponds to maximizing 

the joint probability p(x, y) between the sensor data and 

activities in the training data; namely,   

                                                             

P(x, y) = p(yt | yt-1)
t=1

T

Õ p(xt | yt )                                      (35) 

 

We write the distribution over initial states p(y1) as p(y1| y0), 

to simplify notation. 

It must be noted that, when using the HMM, each feature is 

modeled by an independent Bernoulli distribution, as proposed 

by previous studies [2, 3]. Then, a global transition matrix A 

with transition coefficients aij (the probabilities between 

different classes i and j from the time t - 1 to t) is calculated. 

The transition coefficients can be estimated using an iterative 

forward-backward algorithm from HMM training dataset [53]. 

The inference problem for the HMM consists of finding the 

single best state sequence that maximizes p(x, y). Although 

the number of possible paths grows exponentially with the 

length of the sequence, we can efficiently find the sequence of 

activities that maximizes this probability using the commonly 

used Viterbi algorithm [53]. The summary of our implemented 

HMM method in both training and test phases can be 

summarized into the following.  

i) The number of states (N) and also the structure of 

transition matrix are fixed. 

ii) The sequence of observation containing all of the 

training samples which belong to a specific class is 

calculated. The obtained samples are partitioned using K-

means algorithm where the number of partitions is equal 

to the number of states. 

iii) The initial values of mean and standard deviation 

corresponding to Gaussian model are set by K-means 

algorithm, 

iv) HMM model for classification of activities is trained 

using the Baum–Welch algorithm [45]. 

v) The parameters of each model corresponding to each 

class are saved and used for the test phase. 

vi) In the test phase, Forward-Backward algorithm is 

employed. Besides, by comparing the estimated log 

likelihood probabilities of test data, the class of each data 

is identified 

 

4   Experimental Results and Discussion 

In this section, we first give a description of the employed 

datasets, then the testing setup is detailed, and, finally, the 

results are highlighted and discussed.  

4.1 Datasets 

In this paper we have employed datasets generated by a set of 

simple state-change sensors installed in four different 

environments. Each dataset is constituted of a binary temporal 

dataset originated from a number of sensing nodes that 

monitored the ADLs performed in a home setting of a single 

resident. These selected activities are based on the Katz ADL 

(Activities of Daily Life) index, to assess the physical 

capabilities of elderly people [57], see Table 2. These datasets 

have been broadly employed in previous studies [1-3] and are 

publicly available for download from reference [40-42]. The 

layout of the different home settings differs strongly, as well 

as the sensors configuration. The type of sensors employed to 

monitor the users was chosen according to two main criteria: 

ease of installation and minimal intrusion. The installed 

sensors include passive infrared sensors to detect motion at 

specific areas; reed switches for open/close states of doors and 

cupboards, and float sensors to measure the toilet being 

flushed. The sensor data were collected through a base station 

and labelled according to the corresponding activity. An 

overview of the datasets can be found in Table 3. As 

previously mentioned, sensor data streams were segmented in 

fixed time slices of constant length. A list of activities that 

were annotated for all datasets together with the number of 

observations of each activity is described in Table 2. Any 



 

 

period of time at which no activity took place was labelled as 

’Idle’. 
 

Table 2 List of activities annotated for each house and the number of 

observations of each activity. Bold characters represent abbreviated 

activity names. 

 

TK26M TK57M Tap80F OrdonezA 

Idle(4627) 

Leaving(22617) 

Toileting(380) 

Showering(265) 

Sleeping(11601) 

Breakfast(109) 

Dinner(348) 

Drink(59) 

Idle(2732) 

Leaving(11993) 

Eating(376) 

Toileting(243) 

Showering(191

) 

Brush 

teeth(102) 

Shaving(67) 

Sleeping(7738) 

Dressing(112) 

Medication(16) 

Breakfast(73) 

Lunch(62) 

Dinner(291) 

Snack(24) 

Drink(34) 

Relax(2435) 

Idle(17673) 

Toileting(630) 

Take  

medication(185) 

Prep.breakfast(466) 

Prep.lunch(843) 

Prep.dinner(506) 

Prep.snack(320) 

Washing 

dishes(328) 

Watching TV(717) 

Listen music(1100) 

Idle(1307) 

Sleeping(7886) 

Toileting(173) 

Showering(121) 

Breakfast (132) 

Grooming(154) 

Spare_Time/ 

TV(8646) 

Leaving(1692) 

Lunch(331) 

Snack(14) 

 

 

Table 3 The summary of four smart home datasets used in the 

evaluation of proposed approach. 

 

Houses TK26M TK57M Tap80F OrdonezA 

Setting Apartment House Apartment House 

Annotation Bluetooth  

headset+ 

Speech 

recognition 

software 

Hand- 

written 

Diary 

PDA Hand-written 

Diary 

Duration 28days 18days 14days 14days 

Sensors 14 21 70 12 

Activities 8 16 10 10 

 

 

4.2 Data Analysis Setup 

Classification models were validated by splitting the original 

data into a test and training set using a “k-Leave One Day Out 

cross validation” approach, retaining one full day of sensor 

readings for testing and using the remaining sub-samples as 

training data. The process is then repeated for each day and 

the average performance measure is reported for k days. This 

produces unbiased but high-variance error estimates. By doing 

so, the inputs are labelled by concatenating the results 

acquired for each test day. Using PCA and LDA projections, a 

vector of features was generated for each slice, which is then 

used as an input to WSVM classifier that outputs the daily 

activity class corresponding to the underlying dataset.  

Sensors outputs are binary and contain one entry for each 

sensor; namely, a binary state 0 or 1 depending whether the 

sensor has been activated or not during the underlying time 

window. The raw sensor representation uses the sensor data in  

the same way it was received from the sensors network. We 

do not use this data representation as observations; instead we 

use the combination of “Change Point” and “Last” 

representation which has been shown to give much better 

results in activity recognition [2]. Typically, the “Change 

point” representation gives 1 when the sensor reading changes 

from 0 to 1 or from 1 to 0, while the “Last sensor” 

representation continues to assign a 1 value to the last sensor 

that changed state until a new sensor changes state. 

Combining the feature representations was done by 

concatenating the feature matrices. These feature 

representations originally proposed by Kasteren et al. [2] are 

shown in Fig. 5. 

 

 

Fig. 5 Example of sensor firing showing the a) Raw, b) Change 

point and c) Last observation representation. 

4.3 Performance metrics 

 

Table 3 enables us to see clearly the disparity in terms both the 

frequency of occurrence as well as their associated durations 

(e.g. leaving and sleeping). Sleeping activity generally takes 

up considerably more time slices than the toileting activity. 

Therefore, the datasets suffer from a severe class imbalance 

problem due to the nature of the data. A high accuracy may 

represent the assignment of correct labels to the class with the 

majority of instances. In our case, rare classes are of interest; 

therefore we used a set of performance metrics to evaluate the 

performance of our designed inference system in conjunction 

to other state of art alternative approaches. This consists of the 

F-measure, which is calculated from the Precision and Recall 

scores. On the other, in order to evaluate the sensitivity of the 

classifiers in the multi-class classification problem, the notions 

of True Positive (TP), False Negatives (FN) and False 

Positives (FP) for each class separately, have also been 

implemented. These measures can be calculated using the 

confusion matrix shown in Table 4. 
 

 

 



 

 

Table 4  The Confusion Matrix. The ϵij terms show the error between 

true class i and inferred class j.  

 

 Inferred  

True 1 2 3 FN 

 1 TP1  ϵ12 ϵ13 FN1 

 2 ϵ21 TP2 ϵ23 FN2 

 3 ϵ31 ϵ32 TP3 FN3 

FP FP1 FP2 FP3 Total 

 

 

These measures are calculated as follows: 

   

                                          (36) 

                         (37) 

                                  (38) 

               

                  (39) 

 

Measuring accuracy is a typical way of evaluating time-

series analysis. However, we also report the F-measure, which 

is a common technique in datasets with a dominant class. In 

this case classifying all the test data as the dominant class 

yields good accuracy, but no useful output. The F-measure, 

however, would remain low, and therefore be representative of 

the actual model performance. 

4.4 Results 

In the first experiment, we present our findings for 

determining the ideal time slice length for discretizing the 

sensor data. This Experiment was run using only our proposed 

method for the different datasets. We experimented using all 

the feature representations, to rule out any bias towards any of 

the representations. These feature representations were used 

standalone and combined. Combining the feature 

representations was done by concatenating the feature 

matrices. The F-measure values for the various time slice [1s, 

10s, 30s, 60s, 300s, 600s] lengths are plotted in Figure 6. We 

see that for each house time slice length seconds 

achieves consistently the best performance for Change 

point+Last feature representation for all datasets. This interval 

length is considered long enough to be discriminative and 

short enough to provide good accuracy labelling results [2], 

since with larger time slices the shorter activities would not 

survive the discretization process. After segmentation, there 

were a total of 40006 time slices for TK26M dataset, 26489 

time slices for TK57M dataset, 22768 time slices for Tap80F 

dataset, and 20456 time slices for OrdonezA dataset. 

 

 
Fig. 6 F-Measure performance of the proposed method for the different houses using different time slices length to discretize the data. 

 

The goal of the second experiment is to evaluate the 

performance of the proposed approach. 

Next, in order to evaluate the performance of our proposed 

approach, a comparison with some state of art models has 

been carried out. This consists of HMM, CRF, SVM, WSVM, 

PCA-WSVM, LDA-WSVM and PCA-LDA-HMM. In PCA-

LDA-HMM, the part of WSVM in the PCA-LDA-WSVM 

system (in Fig. 1) is replaced by HMM. We used the 

concatenation of change point and last data representation 

“Changepoint+Last”. We evaluated the performance of these 

methods on the imbalanced datasets of different houses in 

which majority class are all classes that have a longer duration 



 

 

(e.g. ’Idle’, ’Leaving’, ’Sleeping’, ’Relax’ for the TK26M and 

TK57M datasets; ’Idle’ for Tap80F dataset and ’Idle’, 

’Sleeping’, ’Spare_Time/TV’, ’Leaving’ for OrdonezA 

dataset), while others are the minority classes. These 

algorithms are tested under MATLAB environment, where 

LibSVM library [55] was used to implement our modified 

WSVM. Firstly, we optimized the number of clusters K for 

HMM with K-means clustering by maximizing the error rate 

of leave-one-day-out cross validation technique. Since we 

have no solid background about how many clusters are best 

for prediction, we vary the K parameter in our experiments in 

the range [1-300]. We get K = 33, 44, 149 and 61 for the 

TK26M, TK57M, Tap80F and OrdonezA datasets, 

respectively. 

Then, we optimized the SVM hyper-parameters (σ, C) for all 

training sets in the range [0.1-2] and {0.1, 1, 5, 10, 100}, 

respectively, to maximize the error rate of leave-one-day-out 

cross validation technique. The pairs (σopt, Copt) = (1.7, 1), 

(σopt, Copt) = (2.0, 1), (σopt, Copt) = (1.2, 1) and (σopt, Copt) = 

(1.3, 5) are found to be optimal the training datasets of 

TK26M, TK57M, Tap80F and OrdonezA, respectively. 

Finally, for WSVM classification method, we optimized 

locally the cost parameter Ci adapted to different classes 

where the common cost parameter is fixed C=1. The weights 

assigned to various classes using expression (32) whose values 

for different dataset are given in Tables 5 to 8. These values 

are given for the first iteration of leave one day out cross 

validation approach.  
            

Table 5 Weights wi in TK26M dataset. 

ADL Id Le To Sh Sl Br Di Dr 

wi 5 1 61 88 2 216 73 419 

 
 

 

 

Table 6 Weights wi in TK57M dataset. 

ADL Id Le Ea To Sho B.t Sha Sl Dre 

wi 4 1 32 50 63 118 179 2 107 

ADL Me Br Lu Di Sn Dri Re 

wi 749 164 193 41 500 375 5 

 

Table 7 Weights wi in Tap80F dataset. 

ADL Id To T.m P.b P.l P.d P.s W.d TV L.m 

wi 1 30 92 38 21 36 72 53 32 17 

 

 

Table 8 Weights wi in OrdonezA dataset. 

ADL Id Sl To Sh Br Gr TV Le Lu Sn 

wi 6 1 49 71 66 53 1 5 27 610 

 

As it can be noticed from these tables, the minority classes 

are assigned larger value of wi as compared to the majority 

classes. Intuitively, this fact induces a classifier’s bias in order 

to give more importance to the minority classes. 

 

We reported in figures 7 and 8 the process of feature 

extraction in terms of number of PCF and LDF using two 

methods: PCA and LDA. The total number of features is 28, 

42, 140 and 24 for TK26M, TK57M, Tap80F and OrdonezA 

datasets, respectively. This is due to the fact that we used in 

this work the concatenation of two matrices the 

“Changepoint” and “Last” representations. In order to stress 

the comparison between PCA and LDA methods during the 

learning phase of WSVM using leave-one-day-out cross 

validation strategy, the reader can refer to our previous work 

in [58].  

 

 

Fig. 7 Feature extraction by Principal Component Analysis (PCA). 

 

Fig. 8 Feature extraction by Linear Discriminant Analysis (LDA).

 



 

 

Table 9 Recall, Precision, F-measure and Accuracy results for all approaches. Nb Feat shows the number of features PCF, LDF and PCF-LDF 

concatenation. Bold values are the highest F-Measure for each dataset. 

 

Datasets                Approaches Cross validation Nb Feat Recall (%) Precision (%) F-Measure (%) Accuracy 

TK26M  

 

Models 

HMM [2] 

CRF [2] 

SVM 

WSVM 

 

 

 

28-Leave One Day 

 Out 

28 

28 

28 

28 

79.4 

70.8  

61.8 

72.8 

78.8 

74.4 

73.3 

74.6 

79.1 

72.5 

67.0 

73.7 

94.5 

95.6 

95.5 

92.5 

 

Hybrid Models 

PCA-WSVM [58] 

LDA-WSVM [58] 

PCA-LDA-HMM 

Proposed 

6 

7 

13 

13 

71.5 

77.0 

81.2 

78.8 

71.5 

78.4 

83.1 

80.1 

71.5 

77.7 

82.1 

79.4 

91.2 

93.5 

94.3 

95.6 

TK57M  

Models 

HMM [59] 

CRF [59] 

SVM 

WSVM 

 

 

 

18-Leave One Day 

 Out 

42 

42 

42 

42 

40.0 

30.0 

35.6 

40.8 

37.0 

36.0 

34.9 

37.8 

39.0 

33.0 

35.2 

39.2 

76.0 

78.0 

80.8 

77.1 

 

Hybrid Models 

PCA-WSVM [58] 

LDA-WSVM [58] 

PCA-LDA-HMM 

Proposed 

7 

15 

22 

22 

36.5 

42.3 

40.9 

43.8 

34.2 

39.8 

44.8 

45.9 

35.3 

41.0 

42.8 

44.8 

76.9 

77.2 

73.6 

81.4 

 

 

Tap80F 

 

Models 

HMM [60] 

CRF [60] 

SVM 

WSVM 

 

 

 

14-Leave One Day 

 Out 

140 

140 

140 

140 

33.9 

27.1 

15.2 

29.2 

40.4 

29.5 

30.0 

29.4 

36.8 

28.2 

20.1 

29.3 

40.2 

77.2 

75.6 

28.7 

 

Hybrid Models 

PCA-WSVM [58] 

LDA-WSVM [58] 

PCA-LDA-HMM 

Proposed 

31 

9 

40 

40 

29.6 

38.7 

23.6 

41.4 

29.4 

45.7 

40.8 

49.6 

29.5 

41.9 

29.9 

45.1 

22.4 

28.7 

28.0 

75.8 

 

OrdonezA 
 

Models 

HMM 

SVM 

WSVM 

 

 

 

14-Leave One Day 

 Out 

24 

24 

24 

60.4 

60.0 

63.7 

62.9 

58.2 

64.2 

61.6 

59.1 

63.9 

63.7 

85.2 

84.4 

Hybrid Models PCA-WSVM  

LDA-WSVM  

PCA-LDA-HMM 

Proposed 

4 

9 

13 

13 

64.0 

65.3 

65.6 

65.0 

64.4 

68.9 

70.4 

71.7 

64.2 

67.0 

67.9 

68.2 

84.5 

87.1 

86.5 

88.4 

 

The overall performances of our approach on the four datasets 

in terms of Recall, Precision, F-Measure and Accuracy, during 

the testing phase are summarized in Table 9 where the 

evaluation is averaged over all classes. A large number of 

experiments with HMM, CRF, SVM, WSVM, and hybrid 

models PCA-WSVM, LDA-WSVM and PCA-LDA-HMM is 

also reported. The results demonstrate that our approach 

outperforms other methods in terms of F-Measure for all 

datasets except for TK26M dataset, where it is outperformed 

by PCA-LDA-HMM. The results show that the combined 

feature set PCF-LDF contributes to significantly enhance the 

performance of individual classifiers, especially HMM and 

SVM. 

The results also show that LDA outperforms PCA for 

recognizing activities with WSVM classifier for all datasets. 

One also notices that the combined method PCA-WSVM  

 

improves the classification results over CRF, SVM and 

WSVM classifiers only for the Tap80F dataset.  

In order to detail the performance of the classifiers with 

respect to each individual class of daily activity recognition, 

we report in figures 9 and 10 the classification results in terms 

of accuracy measure for each activity when using HMM, 

WSVM, PCA-LDA-HMM and the proposed method for the 

TK26M and Tap80F datasets, respectively. 

In TK26M dataset, PCA-LDA-HMM and the proposed 

approach outperform HMM and WSVM, respectively, almost 

in all performance metrics. Additionally, one also notices a 

clear superiority of PCA-LDA-HMM in recognizing the 

minority activities as ‘Idle’, ‘Dinner’, ‘Drink’, while achieving 

comparable results with our proposed method in the rest of 

activities. Nevertheless with the augmented feature space, it is 



 

 

easy to see for instance that HMM surpasses WSVM for all 

activities. 

In Tap80F dataset, the proposed approach gives the best 

results for the minority activities ‘Toileting’, ‘Take 

medication’, ‘Prep-Lunch’, ‘Prep-Snack’, ‘Washing dishes’ 

and ‘Watching TV’ as opposed to other methods, while 

relatively lower performance to PCA-LDA-HMM for the 

‘Prep-Breakfast’ and ‘Listen music’ activities. Additionally, 

from Fig. 9 and Fig. 10, one notices that kitchen related 

activities are in general harder to recognize than other 

activities. Such observation is still valid across all datasets 

employed.  

In order to quantify the extent to which one class is harder 

to recognize than another one, we analyzed the confusion 

matrices of PCA-LDA-HMM and the proposed method for 

TK26M and Tap80F datasets (see Tables 10, 11, 12, 13), 

which show the accuracy results for each activity separately, 

where rows and columns represent the current and predicted 

activities, respectively. The values are provided in percentages. 

 

 
Fig. 9  Accuracy recognition rate for each activity on TK26M dataset. 

 

 
Fig. 10  Accuracy recognition rate for each activity on Tap80F dataset. 

 

Table 10 Confusion matrix of activities for PCA-LDA-HMM method on the TK26M dataset. 

Activities Id Le To Sh Sl Br Di Dr 

Id 66.3 7.0 1.1 9.0 4.6 0.5 10.9 0.6 

Le 0.7 98.6 0.2 0.2 0.0 0.1 0.2 0.0 

To 9.2 3.2 80.5 1.6 5.0 0.0 0.0 0.5 

Sh 7.5 0.0 5.3 87.2 0.0 0.0 0.0 0.0 

Sl 0.1 0.0 0.2 0.1 98.6 0.0 0.0 1.0 

Br 29.4 0.0 1.8 0.0 0.9 60.6 5.5 1.8 

Di 9.8 0.6 1.4 0.0 0.0 2.3 84.8 1.1 

 Dr 11.8 1.7 1.7 0.0 0.0 5.1 6.8 72.9 



 

 

 

                                         

                                       Table 11  Confusion matrix of activities for PCA-LDA-HMM method on the Tap80F dataset. 

Activities Id To T.m P.b P.l P.d P.s W.d TV L.m 

Id 26.8 6.2 0.6 1.8 3.5 1.5 0.1 0.4 2.5 56.6 

To 18.3 17.9 0.0 3.0 6.2 0.0 1.6 0.8 0.0 52.2 

T.m 30.3 10.3 10.8 4.8 0.0 6.0 0.0 0.0 1.6 36.2 

P.b 12.0 7.5 0.0 43.3 23.6 3.2 0.0 4.1 0.9 5.4 

P.l 3.1 0.0 0.0 3.3 9.0 7.7 0.0 2.8 1.1 73.0 

P.d 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 100 

P.s 12.5 0.0 0.0 2.5 1.6 0.0 0.9 4.4 0.0 78.1 

W.d 11.3 6.7 0.0 1.2 4.0 0.6 0.0 14.3 2.1 59.8 

TV 4.1 8.1 0.0 1.9 1.0 0.0 0.0 0.3 17.7 66.9 

L.m 2.9 0.0 0.0 0.0 1.5 0.0 0.0 0.4 0.0 95.2 

                                  
 

Table 12 Confusion matrix of activities for the proposed method on the TK26M dataset. 

Activities Id Le To Sh Sl Br Di Dr 

Id 61.9 6.4 0.6 9.8 4.6 0.9 14.7 1.1 

Le 0.8 98.4 0.2 0.3 0.0 0.1 0.1 0.0 

To 10.0 2.9 82.2 2.1 2.1 0.5 0.2 0.0 

Sh 7.1 0.0 4.5 87.5 0.0 0.1 0.5 0.3 

Sl 0.1 0.5 0.4 0.1 98.9 0.0 0.0 0.0 

Br 20.9 0.0 0.9 0.0 0.4 61.4 8.2 8.2 

Di 18.4 0.8 0.3 0.0 0.3 3.1 72.5 4.6 

 Dr 18.7 1.7 0.0 0.0 0.0 8.4 3.4 67.8 

 

                                      
 

 

 

 

 

 

 



 

 

Table 13  Confusion matrix of activities for the proposed method on the Tap80F dataset. 

Activities Id To T.m P.b P.l P.d P.s W.d TV L.m 

Id 60.4 6.4 9.6 4.3 5.2 1.1 2.5 1.5 5.3 3.7 

To 14.7 48.9 7.5 3.3 8.7 1.1 5.1 5.8 3.5 1.4 

T.m 26.5 10.3 45.9 5.9 0.0 2.6 3.1 4.1 1.6 0.0 

P.b 13.4 3.8 11.2 33.6 24.8 3.2 1.9 4.7 3.2 0.2 

P.l 14.1 2.8 13.7 13.9 30.3 5.9 3.2 7.8 3.4 4.9 

P.d 10.7 3.1 30.0 6.2 16.8 19.3 3.9 7.9 1.4 0.7 

P.s 11.5 5.9 21.5 8.7 10.9 7.2 23.1 5.6 1.9 3.7 

W.d 14.0 3.9 7.3 3.9 9.8 3.3 2.4 47.2 2.7 5.5 

TV 17.6 10.6 1.0 0.7 1.5 0.8 0.8 17.5 49.5 0.0 

L.m 15.7 4.7 4.7 1.3 6.6 1.3 1.6 6.6 1.9 55.6 

 

                                    

 

From tables 10 and 12, one notices that the activities 

’Leaving’, ’Toileting’, ’Showering’, ’Sleeping’ and 

‘Dinner’  are  better  recognized  comparatively  with ’Idle’ 

and the two kitchen activities ‘Breakfast’, and ‘Drink’. The 

‘Dinner’ activity using our method seems to be less 

recognized compared to PCA-LDA-HMM. In Table 12, 

61% of ‘Prep.Breakfast’ activity instances are correctly 

recognized, while 21% goes into ’Idle’ and 16% are 

confused with Prepare meal activities. The other similar 

classes such as ‘Dinner’ and ‘Drink’ show similar trend of 

sharing errors among each other. We notice that the 

‘Breakfast’ and ‘Dinner’ activities share 10% of their 

instances among each other due to being performed at the 

same location. 

In Table 11, for the Tap80F dataset, only the “listen music” 

activity has been successfully recognized (with recognition 

rate of 95%) compared to other activities. The results also 

show that ‘Prep.dinner’ and ‘Prep.snack’ have not been 

recognized. In Table 13, the kitchen activities: 

‘Prep.Breakfast’, ‘Prep.Lunch’, ‘Prep.Dinner’ and 

‘Prep.Snack’, do not perform well in comparison to other 

activities. In ‘Take medication’ activity, 46% of activity 

instances are accurately assigned labels, while 26% of 

instances confused with ’Idle’ activity and 11% with 

Prepare meal activities. Intuitively, this can be explained by 

the fact that ‘Take medication’ activity is performed during 

the meal preparation activities.  

Strictly speaking, the relatively reduced performance of 

our approach at few activity recognition tasks testifies of the 

still ongoing challenges raised by such complex tasks, and 

the difficulty of designing a universal classifier that 

outperforms alternatives at each individual class. 

Nevertheless, when taking the average result across all 

activity classes, the superiority of the proposed approach 

cannot be ignored as can be seen from Table 9. 

4.5 Discussion 

Throughout this study, one shall point out several 

interesting notes: 

• The experimental results shown in previous section 

demonstrate that the proposed approach consistently 

outperforms the other approaches in correct 

assignment of activity instances to the target class in 

the case of limited number of instances of the minority 

classes. This work has been argued that it is extremely 

important to use class information in feature extraction 

for supervised learning. It can be shown in our results 

that LDA-WSVM outperforms PCA-WSVM for all 

datasets. However, LDA method, although using class 

information, suffers from reduced performance due to 

its parametric nature. This explains the discriminating 

power of combined method using PCA-LDA. We also 

noticed that PCA method seems appropriate for the 

extraction of features in the datasets with large features 

vectors as in Tap80F dataset.  

• The use of the modified weighted multi-SVM can 

effectively handle the traditional algorithm’s duplicate 

training data, the impact of noise points and the 

training scale. At the same time, it compensates for the 

impact of different sizes of training data, reduces the 

training error, and improves the classification accuracy 

of the traditional SVM particularly for small samples. 

This method is shown to be significantly more 

effective than standard SVM and CRF methods for all 

datasets and outperforms the “reference” HMM 

method. Besides, CRF and SVM are known to be 

sensitive to overfitting on a dominant class than other 



 

 

methods   

• HMM outperforms CRF, SVM and WSVM for 

TK26M and Tap80F datasets. HMM is trained by 

splitting the training data in which a separate model 

is learned for each class. This partly explains 

why HMM performs better in the minority activities.  

• Although, HMM and modified Weighted SVM are 

efficient compared to other methods for all datasets in 

overall, by using both the PCF and LDF in a 

concatenated feature matrix, we achieved the highest 

performance of classification for both HMM and 

WSVM. 

• A close look at the employed dataset shows an 

important discrepancy in terms of activities embedded. 

For instance, TK57M contains (almost) only half of 

class activities contained in TK26M. Besides, only 

’Idle’, ’Breakfast’ and ’Toileting’ activities are present 

in all datasets, while other activities only occur in one 

single dataset (e.g., ’Washing dishes’, ’Listening to 

music’). The independence of the tasks can also be 

questioned. For instance the task eating is ultimately 

linked to activity ’Lunch’ and ’Dinner’ occurring in 

TK57M. Therefore, the generalization of the results of 

one classifier from one dataset to another should be 

taken with cautious.  

• Given the success of deep-learning like methodologies 

in other disciplines, e.g., computer vision, text mining, 

one may also question whether such techniques can 

enhance the daily activity recognition in our case. 

Although a comprehensive answer to such question 

deserves several studies, one shall mention the 

following. First, the application of deep learning like 

approaches to daily activity recognition is very much 

premature and only tinny proportions were reported. 

Second, the few technical papers reported in the 

literature in the field were mainly concerned by the 

optimization of the feature selection process in order to 

maximize the individual class recognition rate. 

Consequently, when only a small number of features is 

permissible due to environmental constraints, a 

situation which applies to our Benchmark dataset, the 

application of such approach is debatable. Third, the 

existence of wide range of deep learning methods in 

literature makes the choice of relevant method 

debatable. Nevertheless, this opens the door to further 

hybridation scenarios between standard like machine 

learning approaches and deep learning.    

• From data gathering perspective, we suspect that the 

use of a the Bluetooth headset for annotating data as in 

house TK26M yields more accurate results than using 

other annotation methods. Indeed, a Bluetooth headset 

was used for data transmission across the sensor 

network. This means that the timestamps of the 

annotation were synchronized with the timestamps of 

the sensors. In the TK57M and OrdonezA datasets, the 

activity diaries were used, which makes it more error 

prone because the timestamps might not always be 

written down correctly and the diaries have to be typed 

over afterwards. However, the results obtained with 

OrdonezA are better compared to TK57M for all 

recognition methods because this house includes more 

activity classes. In the Tap80F dataset, activities were 

annotated using a PDA system. Sometimes subjects 

specified one activity and carried out a different 

activity. Also the user can selected the wrong activity 

from the list by mistake.    

• Given the considerations pointed out previously, the 

high performance obtained in the case of TK26M 

dataset, which seems to be less vulnerable to class-

overlapping than others, as compared to other datasets. 

This overlapping between the activities is due to the 

layout of the house. In the TK26M House, there is a 

separate room for almost every activity. From this 

dataset, the ’Idle’, ‘Breakfast’, ‘Dinner’ and ‘Drink’ 

yield the worst results compared to the others 

activities. Most confusion occurs between the ’Idle’ 

activity and the three kitchen activities. In particular, 

‘Idle’ is one of the most frequent activities in all 

datasets but is usually not a very important activity to 

recognize, and makes the dataset particularly hard. It 

might therefore be preferable to accept loosing 

accuracy on this activity if it allows a better 

recognition of minority classes. The kitchen activities 

are food related tasks, they are also very challenging 

tasks to be recognized because most of the instances of 

these activities were performed in the same location 

sharing the same set of sensors, which result in less 

inter-class variations. The activities ’Toileting’ and 

’Showering’ are more separable because they are in 

two different locations in TK26M house. This means 

for most activities the door sensor to the room the 

activity is performed in is very informative. Therefore 

the location of the sensors is of great importance for 

the performance of the recognition system. 

5   Conclusions and Future work 

In this paper, a new PCA-LDA-WSVM scheme has been 

proposed to recognize ADL from smart home environments. 

This approach makes use of “Change point” and “Last” 

representation of binary data issued from a sensor network. 

The method shows three merits. First, after feature 

extraction by PCA and LDA, and restricted to the most 

significant principal components and linear discriminants 

features, the training set is reduced, and the prediction 

accuracy is improved. Second, the modified Weighted SVM 

classifier setting different cost parameters for each activity 

was employed in order to handle the imbalanced human 

activity datasets and shows significant improvement as 

compared to SVM (with equal costs). Third, from the 

detailed analysis and comparisons of results, it can be 

concluded that compared to existing approaches the 

proposed learning method proves to be more effective and 

reliable in correct classification of activities in the case of 



 

 

limited amount of training data, variations in activity 

patterns and frequencies of execution of activities. 

Furthermore, we observed that differences in the layout of 

houses and the way a dataset was annotated can greatly 

affect the performance in activity recognition. The work 

presented here demonstrates that a suitable sequence feature 

set combined with the modified WSVM based our criterion 

classifier achieve good improvement and efficiency over the 

traditional used methods.  

As perspective work, one shall point the growing interest in 

deep learning methodologies in machine learning 

community, therefore, a hybridation of SVM with an 

appropriate class of deep learning like approach is 

promising.  
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