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Abstract: Sensor-based activity recognition (AR) is a core problem with the research domain of smart environments. It has, 

however, the potential to provide solutions to address the problems associated with the growing size and ageing profile of 

the global population. The work presented within this paper focuses on the extended belief rule-based system (EBRBS), 

which offered promising performance compared with popular benchmark AR models and exhibited a high robustness in the 

situation of sensor failure. Nevertheless, efficiency remains one of the major issues to be improved for determining and 

updating the extended belief rule base (EBRB) within the EBRBS. This is critical for further utilizing the EBRBS in AR 

situations within dynamic smart environments. An eigendecomposition-based sensor selection method is firstly proposed to 

select an effective subset of sensors and to also enable efficient implementation to facilitate online AR. A novel domain 

division-based rule generation method is also proposed to generate and update an EBRB efficiently when new sensor data 

are available or when some sensors should be included or excluded in the EBRB. The combination of these two methods 

leads to an enhanced EBRBS, called online updating EBRBS. Two datasets (in a balanced class situation) obtained from 

simulation and actual environments are studied to provide detailed experimental analysis as a preliminary study and basis to 

handle further the imbalanced situation of real AR. The experimental results demonstrate an enhanced performance of the 

online updating EBRBS compared with the original EBRBS and some benchmark AR models, in terms of efficiency and 

effectiveness. 

Keywords: Extended belief rule base; online model updating; feature selection; activity recognition; smart environment 

1. Introduction 

With the drop in birthrates and the increase in life expectancy, today’s society is gradually developing into an ageing 

population. (Rafferty et al., 2017) reported that the population of those over 64 will reach more than 20% of the population 

by the year 2050. Consequently, the burden of healthcare provision for the ageing is increasing and therefore it is essential 

to find a new way of providing a healthy living environment. Traditionally, care workers are critical to the process of 

healthcare provision of the ageing. They can help provide the necessary services required to manage healthcare needs. 

Coupled with this burden are the financial pressures for both formal and informal care provision. All of these challenges 

highlight the importance of finding an effective and economical way to provide care and support for the ageing population. 

Smart environments are built by using a broad range of different interconnected devices that have high capabilities for 

information processing, data storage and knowledge inference (Chen et al., 2012; Kim et al., 2019). Clearly, these 

environments have a powerful ability to record, recognize and predict the behavior of users based on their interactions with 

the environment itself (Hu et al., 2018). Smart environments can be viewed as offering a potential solution to provide smart 

health and wellbeing solutions for the ageing. 

One of the core challenges within the smart environments domain is sensor-based activity recognition (AR) (Mckeever 

et al., 2010; Lee et al., 2015), which aims to recognize the actions and goals of the environment’s inhabitants. To date, the 

approaches used for sensor-based AR can be divided into three categories: data-driven, knowledge-driven and hybrid-driven 

approaches (Chen et al., 2012). The first approach utilizes historic data of user behaviors and sensor data to build an AR 

model. The second approach builds an AR model based on the prior knowledge of domain experts together with knowledge 

engineering and management techniques. The third approach is a combination of the first and second. A detailed literature 

review of these approaches has been presented in Section 2. 

Recently, in order to combine both the advantages of data-driven and knowledge-driven approaches, a novel AR model 

was developed (Espinilla et al., 2017) using the extended belief rule-based system (EBRBS) (Liu et al., 2013) together with 
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sensor selection methods (Hall, 1998; Liu and Setiono, 1996). Within the context of this paper, the novel AR approach is 

written as EBRBS-based AR model. Comparing with traditional AR models, the advantages of the EBRBS-based AR model 

can be summarized as follows: 

(1) As the core component of the EBRBS-based AR model, the EBRBS itself can be a data-driven, knowledge-driven, 

or combination of both approaches. More importantly, the extended belief rule base (EBRB), which is the rule base of the 

EBRBS, is capable of being automatically constructed by using both sample input-output data pairs and prior knowledge. 

(2) The EBRB is capable to capture the nonlinear and causal relationships between sensor data and user activities. It 

is also able to represent multiple types of uncertain information related to sensor data and expert knowledge. As a result, the 

EBRBS-based AR model has a powerful ability for uncertain data and knowledge representation. 

(3) Furthermore, the EBRBS-based AR model can be used to select the minimal sized subset of the sensors which are 

relevant to the antecedent attributes used in an EBRB. While one of the selected sensors is in failure, the EBRBS-based AR 

model can still provide a high level of performance against a range of benchmark AR models. 

There are, however, still two limitations as summarized which need to be overcome to further utilize the EBRBS-based 

AR model in a dynamic smart environment. This requests that the EBRB used in the EBRBS-based AR model must be 

updated efficiently when new data or new sensors become available:  

(1) The EBRBS-based AR model is required to use the strategy of exhaustive searches, which covers all the searching 

spaces, to select an optimal subset of sensors. This strategy leads to a time-consuming process when selecting sensors to 

determine antecedent attributes for an EBRB.  

(2) The EBRBS-based AR model must be based on the entire EBRB to calculate the parameter values of any one 

extended belief rule. This usually results in a time-consuming process for updating the rules within the EBRB when a new 

piece of data or sensor should be considered within the overall EBRBS-based AR model. 

Motivated by these limitations, a new sensor selection method and a new rule generation method are proposed in the 

present work to enhance the performance of the EBRBS-based AR model, specifically in terms of computing efficiency 

which is considered to be an essential factor required in dynamic smart environments to ensure the facilitation of real time 

processing. The contributions offered from the proposed methods are summarized below: 

For the sensor selection, eigendecomposition is applied to decompose the matrix (nm matrix, where n is the number 

of observed data samples for activities and m is the number of sensors being used within the process of AR) which has been 

built by the observed data for obtaining eigenvalues and eigenvectors. Following this process, the accumulative contribution 

ratio and loading matrix are considered to select a minimal sized subset of sensors. For the proposed sensor selection 

method, there are two advantages: 1) the mechanism of the proposed method is to select sensors, instead of extracting 

principal components from the observed data. In this sense, it is easy to interpret which sensor plays an important role in AR; 

2) because the most complex process of the proposed method is eigendecomposition of the matrix, which has subsequently 

been proven to be an efficient process, the proposed method can determine antecedent attributes for the EBRB in a highly 

efficient manner. 

For the rule generation, the domain division is applied to decrease the dependency of calculating different parameter 

values, e.g., rule weights, belief degrees of antecedent and consequent attributes, related with each extended belief rule. A 

simplified representation of the extended belief rules is developed to reduce the number of the parameter values required to 

be calculated. For the proposed rule generation method, there are two advantages: 1) given that the extended belief rule is 
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represented in a new representation using domain division, it is not necessary to calculate all parameter values of original 

extended belief rules; 2) when new data is available or a sensor is included or excluded, it is only required to calculate the 

belief degrees of the consequent attribute in the extended belief rules during the rule updating process. Hence, the proposed 

rule updating method is capable of updating extended belief rules for the EBRB in a more efficient manner. 

By using the proposed sensor selection method and the rule generation method to improve the existing EBRBS-based 

AR model, a new AR model, referred to as online updating EBRBS, is developed to update the EBRB efficiently when 

recognizing users’ activities within the context of a dynamic smart environment. The performance of the online updating 

EBRBS is subsequently evaluated and validated in terms of efficiency and effectiveness using two balanced datasets which 

are obtained from an intelligent environment simulation tool and from the Center for Advanced Studies in Adaptive Systems 

(CASAS), respectively. The influence of imbalanced dataset and the time complexity analysis of the proposed methods are 

also investigated. It is true the dataset collected in real AR situation usually is activity imbalance dataset (Medina-Quero et 

al. 2018), however, lots of strategies (Soda and Iannello, 2010) have been studied and verified in improving the ability of 

AR models to address activity imbalance datasets. This means the work presented within this paper provides a preliminary 

study to demonstrate the potential capability of the online updating EBRBS in the situation of real AR. 

The remainder of this work is organized as follows: Section 2 provides a literature review to present the related work 

for sensor-based AR. Section 3 presents the background to the EBRBS and discusses the challenges for EBRBS to overcome 

for performing AR. Section 4 introduces the new sensor selection method and the new rule generation method, respectively, 

and proposes the online updating EBRBS. Section 5 details a comparative case study to validate the proposed online 

updating EBRBS and Section 6 concludes the paper. 

2. Related Works on Sensor-Based Activity Recognition AR 

Over the past decades, significant endeavors have been undertaken in an attempt to progress the state-of-the-art in 

sensor-based AR modeling. Based on their modeling mechanisms, these endeavors can be divided into three categories: 

data-driven, knowledge-driven and hybrid-driven approaches. 

2.1. Data-driven approaches for AR modeling  

This approach aims to build a sensor-based AR model using the data collected from a range of user activities and 

machine-learning methods. This usually involves the construction of a statistical model, followed by a learning process to 

adjust the parameters for the model (Hassan et al., 2018). In this respect, the approaches commonly used can be mainly 

subdivided into generative and discriminative approaches.  

In the terms of generative approaches, Naïve Bayes classifier (NBC), Hidden Markov Model (HMM), and Dynamic 

Bayesian Networks (DBM) are well-known approaches which have been used with varying degrees of success in AR 

modeling. For example, Brdiczka et al. (2007) used NBC to detect unseen activities and proved that NBC is one of the 

simplest generative approaches in identifying these activities. Oliver and Horvitz (2005) investigated the application of 

HMM and DBM in the application domain of office AR. They concluded that DBM can learn more temporal dependencies 

than HMM. Sanchez et al. (2020) introduced HMM to model and predict the activities of a person for the purposes of 

human behavior modeling. The results demonstrated that HMM has a good prediction performance on a number of open 

source AR datasets.  

In the terms of discriminative approaches, nearest neighbor (NN), decision tree (DT), support vector machine (SVM), 

and fuzzy system are well-known approaches which have been considered for the purposes of AR modeling. For instance, 
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Bao and Intille (2004) studied the advantage of DT classifiers on AR for accelerometer data. The results showed that DT 

classifiers could outperform a number of base-level classifiers, such as NN, NBC, and decision table classifiers. Brdiczka et 

al. (2009) proposed a framework based on SVM for learning situation models. Their research provided context-aware 

services in AR. Ordonez et al. (2013) described the use of evolving fuzzy systems for AR from sensor readings gleaned 

from ambient assisted living environments. They concluded that the new AR model was able to have an online capability in 

achieving a good recognition performance. Hu et al. (2018) proposed a class incremental random forest to achieve 

automatic AR. The results demonstrated that the proposed model could recognize new activities continuously with an 

improved level of accuracy and time consumption. 

2.2. Knowledge-driven approaches for AR modeling  

Knowledge-driven approaches aim to establish a sensor-based AR system using knowledge engineering and 

management technologies, which are usually related with knowledge acquisition and representation (Riboni et al., 2019). 

The models built by these approaches are normally suitable for AR through formal logical reasoning. In this respect, the 

commonly used approaches can be mainly subdivided into logic and ontology-based modeling approaches. 

Logic-based modeling approaches are commonly used for representing domain knowledge. Their modeling can be 

regarded as the procedures that are semantically clear and elegant in computational reasoning for AR. These approaches are 

easy to integrate domain knowledge and heuristics into for the purposes of development of AR models. Bouchard et al. 

(2006) applied the idea of plan recognition to AR. In their work, they used action description logic to formalize action and 

entities and variable states in a smart home to create a domain theory. Chen and Nugent (2008) proposed an event calculus- 

based framework modelling sensor activation as events. The results demonstrated that the effectiveness of the proposed 

framework could be validated through presentation of its operation in the context of real word daily activities. Yao et al. 

(2015) presented a computationally efficient fuzzy logic-based approach for automatic human behavior recognition. They 

suggested that their proposed approach outperformed the conventional non-fuzzy system and other state-of-the-art 

approaches on Weizmann dataset. 

Ontology-based modeling approaches may be considered as a relatively new approach and which has gained the 

attentions of a number of researchers in the domain of AR, especially for large scale adoption, application development and 

system prototyping. Nevertheless, the approach has exhibited a number of shortcomings, most notably the limitations in 

performing reasoning over temporal and uncertain data (Sukor et al., 2014). Chen et al. (2012) presented a generic model 

framework for the knowledge-driven approach and further described the underlying ontology-based AR process. The results 

demonstrated that the proposed approach was capable of having excellent accuracy and efficiency in both real-world and 

simulated activity scenarios. To enhance ontological reasoning with uncertainty, Noor et al. (2016) integrated OWL 

ontological reasoning mechanisms with D-S evidence theory for addressing uncertain information in AR. Kim et al. (2019) 

proposed a human activity intention recognition approach based on the contents defined in the ontology. They findings from 

the study concluded that the approach exhibited high levels of ratio of precision and recall for the verification data collected 

from six elderly persons living alone comparing to the long-short term memory (LSTM), simple recurrent neural network 

(RNN), and gated recurrent units (GRUs)-based AR models. 

2.3. Hybrid-driven approaches for AR modeling 

Data-driven approaches are always required to collect sensor data for accurately recognizing users’ activities, which 

usually suffer from the data scarcity or the cold start problem. On the other hand, knowledge-driven approaches have the 
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limitations in addressing uncertainty (Triboan et al., 2019) and the modeling may be viewed as static and incomplete. Many 

studies have attempted to model an AR system using hybrid-driven approaches for AR, namely the combination of 

data-driven and knowledge-driven approaches. 

Riboni and Bettini (2011) developed a solution on the basis of ontologies and ontological inferencing combined with 

statistical inferencing. Based on these inferences, the approach was capable of recognizing some complex activities with 

uncertainty that sometimes were not possible to be detected by data-driven or knowledge-driven approaches alone. The 

experimental results confirmed the superiority of the proposed approach for AR. A similar study can be found in (Riboni et 

al., 2016). 

Okeyo et al. (2012) established a composite AR model using a hybrid ontology and temporal approach. The core ideas 

of this model were that the Allen’s temporal logic was integrated into the ontology, and the semantic web rule language 

based inferences were applied to perform the inference on occupant’s activities. Furthermore, several composite activity 

models have been created based on the proposed model. 

Ihianle et al. (2018) proposed a new hybrid-driven approach by integrating the Latent Dirichlet Allocation, used as a 

data-driven approach, and knowledge-driven approaches denoted by an ontology to recognize activities. The results 

demonstrated that the proposed approach was capable of overcoming some limitations of the data-driven and knowledge- 

driven approaches, however, its learning process was dependent on the users’ concrete order of actions. 

Sukor et al. (2019) proposed the architecture of the hybrid-driven approach that integrates knowledge-driven inference 

with machine-learning methods to compensate for insufficient information in the knowledge-based AR model. This AR 

model was subsequently passed to the data-driven reasoning for further activity learning, so that it could be trained to 

evolve according to users’ specifics. 

More recently, an AR model based on EBRBS (Espinilla et al., 2017) demonstrated its unique potential of taking 

advantage the combination of of data-driven and knowledge-driven approaches. The main reason is that the proposed model 

inherits the benefits of EBRBSs, so it can construct a data-driven rule base from a number of sensor data, in addition to a 

knowledge-based rule base from users’ knowledge under uncertainty. The results showed that the proposed model provided 

encouraging performance when benchmarked against a number of previous studies, in terms of accuracy and robustness, 

especially for the situation of essential sensor failure. 

The existing studies on the hybrid-driven approaches can facilitate the building of an AR model to different degrees. In 

comparison, the study from (Espinilla et al., 2017) opened up a new modeling approach for AR, given that the EBRBS is a 

new branch of advanced rule-based expert systems in the field of Artificial Intelligence (AI), and its inference process as a 

white box provides a panoramic view to explain how the model is used to recognize an activity of users. Thus, the present 

study focuses on the EBRBS and its existing application on AR to propose a novel enhanced model in terms of efficiency 

and effectiveness. 

3. EBRBS and Challenges for Sensor-based AR 

This Section firstly reviews EBRBS with a focus on its EBRB construction and inference which are mostly relevant to 

the present work, and then discusses and summarizes the key challenges and limitations of EBRBS which need to be 

overcome to handle AR more efficiently in dynamic smart environments. 

3.1. Construction of EBRBS for AR 

As the rule base in an EBRBS, the EBRB is composed of M antecedent attributes Ui (i=1,…, M) related to sensors and 
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one consequent attribute D associated with activities of daily living. Each antecedent attribute Ui is described by Ji reference 

values Ai,j (j=1,…, Ji) and one attribute weight 
i ( 10 

i
 ), and the consequent attribute D is described by N activity 

classes Dn (n=1,…, N). Thus, the kth extended belief rule Rk (k=1,…, L) in the EBRB can be written as: 
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Taking the recognition of three activities that are related with two binary sensors as an example, Fig. 1 shows one kind 

of extended belief rule regarding three activities and two sensors. From Fig. 1, there are two antecedent attributes U1= 

“Microwave sensor” and U2=“Fridge sensor” with two reference values Ai,j{“Value = 0”, “Value = 1”} (i, j=1, 2), as well 

as one consequent attribute D=“Activity” with three activity classes Dn{“Go to bed”, “Get drink”, “Prepare dinner”} (n=1, 

2, 3). Hence, the meaning of this rule can be described as: when 62% sure that “Microwave sensor” is “Value = 1” and 38% 

is “Value = 0”, and 33% sure that “Fridge sensor” is “Value = 1” and 50% is “Value = 0”, then 20% sure that “Activity” is 

“Go to bed”, 40% is “Prepare dinner”, and 30% is “Get drink”. The total belief degree of “Activity” is 20% + 40% + 30% = 

90% < 100%, this rule therefore contains 10% incomplete uncertainty. Additionally, the attribute weight of “Microwave 

sensor” and “Fridge sensor” is 0.6 and 0.7, respectively, which reflect the difference in importance of two sensors. The 

weight of this rule is 0.9, representing the importance of the rule over other rules. 

Microwave sensor Activity

IF AND THEN

Fridge sensor

Value = 1, 0.62

Value = 0, 0.38

Value = 1, 0.33
Value = 0, 0.50

Unknown, 0.17

Prepare dinner, 0.40

Go to bed, 0.20 Get drink, 0.30

Unknown, 0.10

Fig. 1. An example of extended belief rules regarding AR 

In order to construct an EBRB for AR, the following steps should be taken into consideration as represented in the 

construction framework presented in Fig. 2. 

Sensor selection

Basic parameter 

determination

Generated parameter

calculation

Historical observed 

data for activities

Expect knowledge

EBRB

 

Fig. 2. Construction framework of EBRBS for AR 

The procedure of EBRBS applied for AR in (Espinilla et al., 2017) is summarized as below:  

Step 1 (Sensor selection): This step is to select the minimal sized subset of sensors for the EBRB according to the 

following exhaustive search methods: 

(1) Dependence measure-based sensor selection method (Hall et al., 1998): the method evaluates the worth of a 
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subset of sensors by considering the individual predictive ability of each sensor with the redundancy degree between them. 

(2) Consistency measure-based sensor selection method (Liu et al., 1996): the method evaluates the worth of a subset 

of sensors by the level of consistency in the class values when the training data are projected on the subset of sensors. 

Step 2 (Basic parameters determination): This step is to determine the values of the basic parameters, including 

attribute weights, reference values, and activity classes, by using the prior knowledge of domain experts.  

Step 3 (Generated parameter calculation): This step is to calculate the value of the generated parameters, including 

rule weights, belief distributions of antecedent and consequent attributes. Consider that {u(Ai,j); j=1,…, Ji} is a set of given 

utility values used for the ith (i=1,…, M) antecedent attribute and xt,i is the tth (t=1,…, L) sample input data of the ith 

antecedent attribute. The belief distribution of the ith antecedent attribute can be generated by using the utility-based 

equivalence transformation technique (Yang, 2001) as follows: 
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Similarly, while the tth sample output data is yt and the given utility values attached to the consequent attribute D are 

{u(Dn); n=1,…, N}, the belief distribution of the consequent attribute is expressed as follows: 

},...,1);,{()(
,

NnDyS
tnnt

==                                        (5) 

Based on the belief distribution of antecedent and consequent attributes, the rule weight of each extended belief rule 

can be generated by using the similarity measure (Liu et al., 2013). Finally, these belief distributions and weights are used to 

generate an extended belief rule as presented in Eq. (1). 

From the above-mentioned construction framework of EBRBS for AR, it is worth noting that each extended belief rule 

is generated from an observed data of activities, which is usually transformed from the sensor data collected at a certain 

time of performing activities. (The details of data transformation can be found in Section 5.1.) 

3.2. Inference of EBRBS for AR 

After constructing an EBRB, EBRBS can be used for sensor-based AR based on the following steps and Fig. 3 shows 

the inference framework of EBRBS for AR. 

EBRB

Inquiring observed 

data for activities

Dynamic rule activation

Activation weight 

calculation

Activated rule 

integration

Identified activity

 

Fig. 3. Inference framework of EBRBS for AR 

Step 1 (Dynamic rule activation): This step is to dynamically activate extended belief rules for each inquiring 

observed data of activities. Firstly, by introducing a parameter  , the new similarity degree of the antecedent attribute set 

U ={U1,…, UM} is calculated as follows: 
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where x=(x1,…,xM) is an inquiring observed data vector, Sk(x, U) denotes the original similarity degree shown in Eq. (10).  

Secondly, based on the new similarity degree, the new activation weight of the kth extended belief rule, denoted as wk, 

needs to be calculated by using Eq. (13). Meanwhile, if wk is greater than 0, then the rule Rk should be put into the set 
λ

Δ , 

namely 
kR= λλ ΔΔ . 

Thirdly, the function )(ΔλC  is utilized to measure the performance of   in term of consistency or agreement in the 

set 
λ

Δ , and )(ΔλC  is defined as follows: 
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Finally, by searching for the range of   to obtain the maximum value of )(ΔλC , the relevant set 
λ

Δ  is regarded as 

the final set of activated rules. 

Step 2 (Activation weight calculation): This step is to calculate the activation weight for the activated rules in the set 

λ
Δ . For each inquiring observed data xi (i=1,…, M) in the inquiring observed data vector x, the following belief distribution 

should be calculated by using Eqs. (3) and (4): 
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Next, the similarity degree of the antecedent attribute set U in the kth rule is calculated by using the Hamming 

distance: 
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where 
i  is the weight of the ith antecedent attribute, S(xi) is the belief distribution of the test input data presented in Eq. 

(9), S(xk,i) is the belief distribution of the sample input data shown in Eq. (2). 

Finally, the activation weight of the kth extended belief rule, denoted as wk, is calculated by 

),( ii

k

kk UxSw =                                          (13) 

where 
k

  is the weight of the kth rule. 

Step 3 (Activated rule integration): This step is to integrate the activated rules by using the ER algorithm. After 

calculating activation weights, all activated rules should be integrated using the analytical ER algorithm (Wang et al., 2006): 
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Next, the identified activity of EBRBS can be obtained by seeking the greatest belief degree. 

}{maxarg,)( ,..,1 iNin nDf ===x                               (15) 

3.3. Challenges of EBRBS for AR 

Modeling sensor-based AR for the elderly is very challenging because excellent models can let them stay as long as 

possible in their homes with a healthy ageing and wellbeing. In addition to the traditional AR models built by means of 

data-driven and knowledge-driven approaches, EBRBS is currently one of the advanced models over these traditional 

models owing to its advantages for managing multiple types of uncertain information and recognizing activities under the 

serious situation of sensor failures (Espinilla et al. 2017). Nevertheless, for dynamic smart environments which need to 

update models periodically, the following challenges must be addressed to further improve the performance of EBRBS in an 

AR context: 

(1) Reducing the considerable time spent to select the minimal sized subset of sensors. As described in Section 3.1, 

the existing sensor selection methods for an EBRBS are based on the dependence and consistency measures with the 

exhaustive search to determine the desired antecedent attributes from all sensors. Clearly, this is a combinatorial explosion 

problem: the size of the subsets of sensors would grow exponentially along with the increase of the number of sensors. For 

example, when there are M sensors in a smart environment, 2M candidate subsets have to be considered for searching for a 

desired subset of sensors. Additionally, due to the need of updating the EBRB periodically, it would be time-consuming for 

the EBRBS to select the minimal sized subset of sensors by using the exhaustive search if M is too large a value. 

(2) Reducing the considerable time spent to calculate the parameter values of each extended belief rule. As shown in 

Section 3.1, the EBRBS needs to calculate the belief distributions of all antecedent and consequent attributes for each 

extended belief rule, and all these belief distributions should be used to calculate the rule weight of each extended belief 

rule. Clearly, when new data is available or the antecedent attributes used in the EBRB have to be changed because of the 

change of the minimal sized subset of sensors, a large number of parameter values in the EBRB must be recalculated. As a 

result, the rule updating of the EBRB will be very time-consuming. 

The above discussions clearly show that although the EBRBS has been applied in the context of sensor-based AR with 

its advantages over many traditional AR models, the above-mentioned challenges still exist and therefore must be addressed 

to further improve the performance of EBRBS in smart environments. Besides, as the theoretical foundation of EBRBS, the 

EBRBS was mainly studied in the improvement of selecting activated rules (Calzada et al., 2015; Yang et al., 2018), 

searching for activated rules (Yang et al., 2016; Lin et al., 2017), and determining inefficient extended belief rules (Yang et 

al., 2017). So far, the EBRBS has not been developed as a highly-efficient model. Hence, the goal of the present work is to 

propose an online updating EBRBS for the purposes of sensor-based AR and to make sure it is a highly enhanced efficient 

process of sensor selection and rule generation for the EBRB. 

4. Online Updating EBRBS 

According to the challenges highlighted in Section 3.3, the eigendecomposition and the domain division are introduced 

in an attempt to propose a new sensor selection method and a new rule generation method, respectively. Both of the methods 
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are the main components of the online updating EBRBS as detailed in Section 4.3. 

4.1. Eigendecomposition-based sensor selection 

Let us assume that a sample input dataset is expressed by a nm matrix X=(xi,j; i=1,…, n; j=1,…, m) to show the 

proposed eigendecomposition-based sensor selection method, in which n is the number of observed data for activities and m 

is the number of sensors. For example, suppose that there are 3 observed data (namely, n=3) generated from 5 sensors 

(namely, m=5) for activities, in which the potential values of each sensor are {0, 1, 2, 3}, thus an example of the 35 matrix 

X can be expressed as follows: 

















=
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X                                         (16) 

Next, because of the incommensurability among different sensors, the most commonly used method called the zero- 

mean normalization is used to eliminate the dimensional units of the matrix X as follows: 
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After performing the above normalization, the mean of every column of the matrix Y=(yi,j; i=1,…, n; j=1,…, m) equals 

to 0, namely 
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Hence, the covariance matrix C =(ci,j; i, j=1,…, m) of the matrix Y can be calculated as follows: 
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According to the eigendecomposition of the matrix C, we can obtain m eigenvalues 
i

 (i=1,…, m) and their 

corresponding m eigenvectors ui = (ui,j; j=1,…, m) (i=1,…, m), where the eigenvalues 
i

 (i=1,…, m) are sorted in the 

descending order, i.e., 
m 1

, and ui (i=1,…, m) satisfies the condition 1=
i

T

i
uu . Afterwards, the accumulative 

contribution ratio (ACR) based on the eigenvalues is used to determine how many eigenvectors should be kept to select the 

minimal sized subset of sensors, namely 

rACR
m
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where r is the predetermined minimal ACR; t is the minimal number of eigenvalues to satisfy with the inequality shown in 

Eq. (22). 

Next, the loading matrix L=(li,j; i=1,…, t; j=1,…, m) used to describe the contribution made by each sensor in each 
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eigenvector can be calculated as follows: 

mjtiul ijiji ,...,1;,...,1;,, ===                                  (23) 

where li,j denotes the contribution made by the jth sensor in the ith eigenvectors. 

Finally, according to the predetermined sensor selection strategy, i.e., the sensor with the largest contribution in each 

eigenvector or the contribution largest than 0.7, the minimal sized subset of sensors can be selected from m sensors. 

For the above-mentioned sensor selection method, the following remarks can be given: 

Remark 1: The procedure of calculating eigenvalues and eigenvectors is similar to a classical dimensionality reduction 

process, namely principal component analysis (PCA), which has the aim of transforming original m variables into new k 

variables (k< m). Nevertheless, the eigenvalues and eigenvectors obtained are used to select sensors in the proposed method, 

so that it is easy to interpret which sensor plays an important role in the process of AR.  

Remark 2: The eigendecomposition of a matrix is one of the most commonly used methods in linear algebra, and its 

time complexity has been proven to be O(m3) (Demmel et al., 2007). In other words, the proposed eigendecomposition- 

based sensor selection method is able to select sensors efficiently. 

Remark 3: The predetermined value r and the selection strategy play important roles in determining the minimal sized 

subset of sensors. For example, while the value r is 1 and the strategy is defined as the sensor with the biggest contribution 

in each eigenvector, all sensors in the sample data should be used to construct an EBRB. 

4.2. Domain division-based rule generation 

The domain division-based rule generation method is proposed to generate or update an EBRB more efficiently. Firstly, 

the following two definitions (Yang et al., 2020) are provided to illustrate the domain division in the input space of EBRBS. 

Definition 1 (Division point). The division point is the intersection between transform functions used to calculate the 

belief degree to which the input data belongs to the reference value. For convenience, P(Ai,j, Ai,j+1) (i=1,…, M; j=1,…, Ji -1) 

is defined to express the division point between the reference values Ai,j and Ai,j+1 in the ith antecedent attribute. 

Definition 2 (Division domain). The division domain is the local input space constructed by the two adjacent division 

points of each antecedent attribute. For convenience, ),...,(
,,1 1 MjMj

AAD (ji=1,…, Ji; i=1,…, M) is defined to express the 

division domain constructed by the division point regarding the reference values 
MjMj

AA
,,1

,...,
1

. 

Take a two-dimensional input space of the EBRBS for example, based on the calculation formula of belief degrees 

shown in Eqs. (3) and (4), the two reference values in each attribute can construct two division points P(A1,1, A1,2) and P(A2,1, 

A2,2) respectively, and further decompose the input space into four division domains D(A1,1, A2,1), D(A1,2, A2,1), D(A1,1, A2,2), 

and D(A1,2, A2,2) as shown in Fig. 4. 

Based on Definitions 1 and 2, all extended belief rules in the EBRBS can be divided into  =

M

i iJ
1  groups at most. For 

each division domain ),...,(
,,1 1 MjMj

AAD (ji=1,…, Ji; i=1,…, M), the corresponding group of rules are simplified as follows: 
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where 
Mi jj

L  is the number of rules in the division domain ),...,(
,,1 1 MjMj

AAD  (ji=1,…, Ji; i=1,…, M), 
kn,

  is the nth 

belief degree in the kth rule belonging to the division domain ),...,(
,,1 1 MjMj

AAD . 
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Fig. 4. Example of division point and division domain 

Remark 4: In the comparison of the rule representation shown in Eq. (1), the new rule representation detailed in Eq. 

(24) not only has a simple expression in the IF part, but also sets 1=k  by default which has been proven to be feasible 

and rational (Yang et al., 2020). 

Remark 5: For the new rule representation, the original formula of calculating similarity degrees shown in Eq. (12) can 

also be simplified as follows: 





=
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Based on the new rule representation shown in Eq. (24), the online updating strategy can be divided into the following 

three situations: 

(1) While a new sample data (xk, yk) falls in the division domain ),...,( ,,1 1 MjMj AAD  (ji=1,…, Ji; i=1,…, M) and the 

corresponding belief distribution of consequent attribute is },...,1);,{()(
,

NnDyS
knnk

==  , the rule updating operation is as 

follows: 

Nnknjjnjjn MiMi
,...,1;,,, =+=                                  (27) 

(2) While a new sensor should be considered as the antecedent attribute for the EBRBS, the group of rules in each 

division domain should be used to recalculate the belief distribution of consequent attribute independently. 

(3) While an antecedent attribute should not be considered for the EBRBS, taking the ith (i= 2,…, M-1) antecedent 

attribute for instance, the rule updating operation is as follows: 

Nn
i

i MiiiiMiii

J

j jjjjjnjjjjn
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==  = +−+−                       (28) 

For the above-mentioned rule generation method, the following remarks can be given: 

Remark 6: Due to the domain division, the input space of the EBRBS are divided into several local input spaces so that 

while a new observed data of activities is available, it is unnecessary to update the rules which are not in the same division 

domain. Additionally, for the situation of deleting antecedent attributes, the rule updating operation combines the belief 
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distribution of consequent attributes without recalculating these belief distributions. Hence, the proposed domain division- 

based method is capable of updating the rules efficiently. 

Remark 7: Considering that the total belief degrees of a rule is required to be no more than 1, the belief degree of all 

activated rules should be normalized by using the following formula before integrating activated rules shown in Eq. (14), 
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where Mi jjn ,
  is the nth belief degree in the division domain ),...,( ,,1 1 MjMj AAD  (ji=1,…, Ji; i=1,…, M), and L is the total 

number of observed data used to generate extended belief rules. 

4.3. Online updating EBRBS with efficient sensor selection and rule updating 

To clearly illustrate how the eigendecomposition-based sensor selection method and the domain division-based rule 

generation method work efficiently, an online updating EBRBS is further proposed in this subsection, where Fig. 5 shows 

the main framework of the online updating EBRBS. 
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Fig. 5. Framework of online updating EBRBS for AR 

According to Fig. 5, the online updating EBRBS can be described as follows: 

Step 1 (Sensor selection with eigendecomposition): This is a new step compared to the EBRB construction in the 

original EBRBS based AR. The purpose is to select sensors using the proposed eigendecomposition-based sensor selection 

method that is highly efficient and better than the dependence measure-based and the consistency measure- based sensor 

selection methods. Note that when new observed data are available, they should be used together with the original observed 

data to perform the eigendecomposition-based method for sensor selection. 

Step 2 (Basic parameters determination): When the sensors are selected according to the eigendecomposition-based 

method, the value of these sensors’ basic parameters, e.g., attribute weights, reference values, and activity classes, should be 

determined by using the prior knowledge of domain experts.  

Step 3 (Generated parameter calculation): Based on the basic parameters of the selected sensors, the value of 

generated parameters, e.g., rule weights, belief distributions of antecedent and consequent attributes, should be calculated 

by using the utility-based equivalence transformation technique. 

Step 4 (Rule updating with domain division): This is another new step compared to the EBRB construction in the 

original EBRBS based AR. The purpose is to make the EBRBS based AR model not only as an efficient rule inference 

procedure, however, that is can also efficiently generate or update extended belief rules under dynamic smart environments, 

i.e., new observed data of activities are available, new sensors added, or some sensors failed. 



15 

Step 5 (AR using EBRBS’s inference): When an online updating EBRB is constructed from expert knowledge and 

historical (new) observed data of activities, the EBRBS is capable of recognizing activities for the inquiring observed data 

based on the steps of dynamic rule activation, activation weight calculation, and activated rule integration. The details of 

these steps can be found in Section 3.2. 

5. Online Updating EBRBS for Sensor-Based Activity Recognition AR 

This Section introduces two datasets of sensor-based AR to empirically evaluate the performance of the online 

updating EBRBS via two experiment frameworks: 1) sensor selection and rule generation processes are used to validate the 

effectiveness of the online updating EBRBS; 2) traditional AR models are used to validate the accuracy of the online 

updating EBRBS. Following this, the analysis of time complexity is provided to discuss the efficiency of the online 

updating EBRBS. 

5.1. Dataset preprocessing and experimental framework 

In order to achieve sensor-based AR using the online updating EBRBS, the sensor data collected in the smart home for 

different activities should be transformed into the observed data of activities. Considering the sensor data relating to making 

a phone call in a smart home as an example, the collected sensor data are shown in Table 1 when a participant makes a 

phone call from 2020-11-11 12:43:27 to 2020-11-11 12:43:59. Due to the assumption that the smart home consists of four 

motion sensors M1-M4 and one phone book sensor, an observed data of making a phone call extracted from the original AR 

dataset in Table 1 can be obtained and its values are shown in Table 2. Based on the above process, two datasets used in 

Sections 5.2 and 5.3 can be obtained by transforming the collected sensor data into the observed data for activities. 

Table 1. Sensor data collected in smart home for making a phone call 

Start Time End Time Sensor Name Value 

2020-11-11 12:43:27 2020-11-11 12:43:31 Motion sensor M2 1 

2020-11-11 12:43:31 2020-11-11 12:43:59 Motion sensor M3 1 

2020-11-11 12:43:33 2020-11-11 12:43:45 Phone book sensor 1 

 

Table 2. Observed data of making a phone call generated from sensor data 

Motion sensor M1 Motion sensor M2 Motion sensor M3 Motion sensor M4 Phone book sensor Activity 

0 1 1 0 1 Make a phone call 

To evaluate the effectiveness and accuracy of the online updating EBRBS, two experimental frameworks are designed 

in this Section to provide a comprehensive experimental analysis. For the first experimental framework, we aim to compare 

the classification accuracy and efficiency of the EBRBS composing of the original and proposed sensor selection and rule 

generation methods for AR. The difference between them is presented in Fig 6. where the dependence measure-based sensor 

selection is abbreviated as SSDM, the consistency measure-based sensor selection as SSCM, the proposed eigendecomposition 

-based sensor selection as SSNew, the original rule generation as RU, and the proposed domain division-based rule updating 

as RUNew. 
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Fig. 6. Difference between different EBRBSs based on AR models  

For the second experimental framework, we aim to compare the classification accuracy of the proposed online updating 

EBRBS with traditional AR models, in which the traditional models include: 

(1) Naïve Bayes-based AR (ARNB for short) model: The model is to use the joint probabilities of sensors and 

activities to estimate the probabilities of an activity to the newly collected data. In addition, the sensors are assumed to be 

independent in the model. 

(2) Nearest neighbor-based AR (ARNN for short) model: The model is to calculate the distance between the new and 

original collected data so that it selects k data based on the minimum distance to estimate the activity of newly collected 

data. In addition, k is set as 20% of the number of collected data. 

(3) Decision tree-based AR (ARDT for short) model: The model is to create a tree structure based on the original 

collected data and each leaf contains an activity. When a newly collected data reaches a leaf in the tree structure, the 

relevant activity is the estimated activity. In addition, 5% of the number of collected data is set as the minimum number of 

data per leaf in the model. 

(4) Support Vector Machine-based AR (ARSVM for short) model: The model is to transform the original collected data 

into a higher dimension. Within the new dimension, a hyperplane is found to estimate the activity of the newly collected 

data. 

In addition, all AR models involved in the experiments were implemented by using the Java (JDK 1.8.0) on Intel (R) 

Core (TM) i5-4300U CPU at 1.90GHz and 4GB RAM with Windows 7. 

5.2. AR on simulated dataset 

5.2.1. Dataset description and experimental setting 

In this Section, an intelligent environment simulation tool, which facilitates the creation of simulated activities of daily 

living datasets through interaction with simulated environments (Synnott et al., 2014), is applied to generate a simulated 

dataset for sensor-based AR, in which the simulated dataset contains 924 observed data which were generated by 21 sensors 

for 11 activities, in which each sensor was located in one of 21 different places: Bed, Cups cupboard, Dishwasher, Freezer, 

Front door, Groceries cupboard, Hall bathroom door, Hall bedroom door, Hall toilet door, Kettle, Microwave, Pans 

cupboard, Plates cupboard, Refrigerator, Shower, Sofa, Telephone, Toilet flush, TV, Wardrobe, Washing machine, and 11 

activities include: Go to bed (A1), Use toilet (A2), Watch TV (A3), Prepare breakfast (A4), Take shower (A5), Leave house 

(A6), Get cold drink (A7), Get hot drink (A8), Prepare dinner (A9), Get dressed (A10), Use telephone (A11). Additionally, 

the number of observed data for each activity is presented in Table 3. 
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Table 3. Number of observed data for each activity in simulated dataset 

 Activity name abbreviation 

 A1 A2 A3 A4 A5 A6 A7 A8 A9 A10 A11 

No. of observed data 84 84 84 84 84 84 84 84 84 84 84 

In order to verify the performance of the online updating EBRBS for the dynamic smart environment, the experimental 

setting is described as follows: 

(1) All data are divided into 9 blocks which are regarded as the data collected from 9 consecutive days. 

(2) For each day, the previously collected data are used to select the minimal sized subset of sensors. 

(3) For each day, based on 10-fold cross-validation, the collected data are used to update and test the models. 

Taking the 4th day as an example to illustrate the experimental setting, the data collected from the 1st to the 3rd days 

are used to select the minimal sized subset of sensors for the AR of the 4th day. Afterwards, the data collected from the 4th 

day are randomly divided into 10 folds, and a combination of nine of them together with the data collected from the 1st to 

the 3rd days is applied to update the models and the remaining one to test it.  

5.2.2. AR effectiveness evaluation via the first experimental framework 

In this Section, the first experimental framework is utilized to evaluate the effectiveness of the online updating EBRBS. 

Tables 4-6 present the accuracy, F1 score, the number of rules, and the computational time of the sensor selection, rule 

generation, and inference of the EBRBSs equipped with the sensor selection methods, including SSDM, SSCM, and SSNew, 

and the rule generation methods, including RU and RUNew, in which those three kinds of computational time are measured 

in milliseconds, and the values in boldface represents an improved result in term of accuracy or efficiency. Additionally, in 

order to show the accuracy of the different EBRBSs for each activity, the confusion matrix of RG and RGNew
 under SSDM, 

SSCM, and SSNew is provided in Tables A1-A3 within Appendix A. 

Table 4. Comparison of rule generation methods under dependence measure-based sensor selection 

Day 
No. of 

sensors 

SSDM 

time (ms) 

Accuracy (%)  F1  No. of rules  Rule updating time (ms)   Inference time (ms) 

RG RGNew  RG RGNew  RG RGNew  RG RGNew  RG RGNew 

1 21 0 88.35 88.35  0.881 0.881  92.7 25.2  71 5  270 74 

2 12 3584 86.41 86.41  0.863 0.863  195.7 24.5  166 5  428 66 

3 13 2880 90.29 90.29  0.905 0.904  298.7 30.8  410 7  674 81 

4 16 3671 96.12 96.12  0.960 0.960  401.7 37.9  900 12  986 115 

5 12 2740 92.23 93.20  0.922 0.934  504.7 31.0  1084 3  1101 77 

6 16 2751 97.09 97.09  0.972 0.972  607.7 38.0  2033 15  1501 104 

7 16 2731 95.15 95.15  0.952 0.952  710.7 38.9  2791 3  1758 105 

8 16 2751 99.03 99.03  0.991 0.991  813.7 39.0  3701 1  2010 105 

9 14 2700 100.0 100.0  1.000 1.000  914.0 36.0  4272 3  2108 88 
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Table 5. Comparison of rule generation methods under consistency measure-based sensor selection 

Day 
No. of  

sensors 

SSCM 

time (ms) 

Accuracy (%)  F1  No. of rules  Rule updating time (ms)  Inference time (ms) 

RG RGNew  RG RGNew  RG RGNew  RG RGNew  RG RGNew 

1 21 0 88.35 88.35  0.881 0.881  92.7 25.2  68 6  266 109 

2 9 45577 91.26 91.26  0.916 0.916  195.7 20.8  134 6  326 45 

3 11 89174 91.26 92.23  0.916 0.925  298.7 30.9  359 12  599 97 

4 14 131037 96.12 97.09  0.960 0.970  401.7 35.9  783 9  921 100 

5 14 175607 95.15 95.15  0.952 0.952  504.7 36.0  1399 4  1219 107 

6 14 215847 96.12 97.09  0.961 0.972  607.7 36.0  1915 6  1475 107 

7 14 259058 94.17 94.17  0.943 0.943  710.7 37.8  3363 6  1901 124 

8 14 307700 99.03 99.03  0.991 0.991  813.7 38.0  6312 5  2863 114 

9 14 351285 99.00 99.00  0.990 0.990  914.0 38.0  7174 5  3063 119 

 

Table 6. Comparison of rule generation methods under eigendecomposition-based sensor selection 

Day 
No. of  

sensors 

SSNew 

time(ms)  

Accuracy(%)  F1  No. of rules  Rule updating time(ms)  Inference time(ms) 

RG RGNew  RG RGNew  RG RGNew  RG RGNew  RG RGNew 

1 21 0 88.35 88.35  0.881 0.881  92.7 25.2  65 21  269 80 

2 11 5 87.38 87.38  0.877 0.877  195.7 19.8  172 5  354 40 

3 12 15 90.29 90.29  0.905 0.905  298.7 29.7  369 11  603 95 

4 10 6 91.26 91.26  0.911 0.911  401.7 19.0  553 9  636 58 

5 10 6 93.20 93.20  0.935 0.935  504.7 19.0  910 4  856 72 

6 12 9 99.03 99.03  0.991 0.991  607.7 22.0  1580 36  1250 66 

7 12 8 96.12 96.12  0.961 0.961  710.7 22.0  2168 3  1436 71 

8 11 11 99.03 99.03  0.991 0.991  813.7 22.0  2744 5  1631 68 

9 12 31 99.00 99.00  0.990 0.990  914.0 24.0  4091 42  1961 105 

As the comparison results shown in Tables 4 to 6, the following preliminary conclusions can be summarized as: 

(1) The proposed eigendecomposition-based sensor selection method has a higher efficiency than the dependence 

measure and consistency measure-based sensor selection methods to select the minimal sized subset of sensors. As we can 

observe in Tables 4 to 6, except for the 1st day which do not have sufficient number of observed data of activities, the other 

days all show that the proposed sensor selection method is much more suitable for the EBRBS to efficiently determine 

antecedent attributes for an EBRB compared with the two existing methods. Consider the 9th day for instance, the 

computational time of the the dependence measure and consistency measure-based sensor selection methods is 2700 ms and 

351285 ms, respectively, which is significantly more than the 31 ms required for the proposed eigendecomposition-based 

sensor selection method. Additionally, it is worth noting that the computational time of the consistency measure-based 

sensor selection method increases with the increasing number of collected data as shown in Table 6. 

(2) The proposed domain division-based rule generation method has a higher efficiency than the original rule 

generation method to update the parameter values of extended belief rules under the three kinds of sensor selection methods. 
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Considering the computational time of the rule update shown in Tables 4 to 6, the proposed domain division-based rule 

generation method exhibits a higher level of efficiency compared to the original rule generation method. For the proposed 

domain division-based rule generation method, the scenario of adding new antecedent attributes requires more computational 

time compared to the situations of deleting and not changing antecedent attributes. Consider the 3rd, 6th, and 9th days in 

Table 6 for example, the computational time of the proposed domain division-based rule generation is 11ms (12 sensors), 36 

ms (12 sensors), and 42 ms (12 sensors), respectively, for those three days, which are more than 5 ms, 4 ms, and 5 ms for 

the 2nd day (11 sensors), 5th day (10 sensors), 8th day (11 sensors). Additionally, it is clear from Tables 4 to 6 that the 

computational time of the original rule generation method increases with the increasing number of observed data. 

(3) The proposed domain division-based rule generation method has similar accuracies and F1 score, however, fewer 

rules and inference times compared with the original rule generation method under the three kinds of sensor selection 

methods. As we can observe in Tables 4 to 6, the accuracy of the proposed domain division-based rule generation method is 

the same as that of the original rule generation method in eight of nine, six of nine, and nine of nine, cases respectively. 

Meanwhile, the accuracy and F1 score of both of the two methods increases with the increasing number of observed data, 

especially for the 9th day, which shows 100%, 99%, and 99% accuracies and 1.000, 0.990, and 0.990 F1 scores for the 

dependence measure, consistency measure, and eigendecomposition-based sensor selection methods. Nevertheless, the 

proposed domain division-based rule generation method has clear advantages in the number of rules and the computational 

time of inference. More importantly, the more observed data that is has, the more the advantages are. Consider Table 6 for 

example, the original rule generation method has 92.7 rules and requires 269 ms in the 1st day, which is approximately one- 

tenth of the rules and one-seventh of the inference time in the 9th day. Correspondingly, the proposed domain division- 

based rule generation method has 25.2 and 24.0 rules and 80 and 105 ms in the 1st day and 9th day, respectively. 

5.2.3. AR accuracy evaluation via the second experimental framework 

Continuing with the simulated dataset, the second experimental framework was utilized to evaluate the AR accuracy of 

the online updating EBRBS. Table 7 presents the accuracy of the online updating EBRBS in addition to four traditional AR 

models within the remit of three kinds of sensor selection methods, namely the dependence measure-based, consistency 

measure-based, and eigendecomposition-based sensor selection methods, in which the values in boldface represents a better 

accuracy. 

Table 7. Accuracy comparison of online updating EBRBS and other four AR models 

Day 
Accuracy (%) under SSNew  Accuracy (%) under SSDM  Accuracy (%) under SSCM 

EBRBS ARNB ARNN ARDT ARSVM  EBRBS ARNB ARNN ARDT ARSVM  EBRBS ARNB ARNN ARDT ARSVM 

1 88.35 88.35 57.28 84.47 86.41  88.35 88.35 57.28 84.47 86.41  88.35 88.35 57.28 84.47 86.41 

2 87.38 87.38 81.55 88.35 87.38  91.26 86.41 81.55 86.41 83.50  91.26 90.29 83.50 90.29 90.29 

3 90.29 92.23 91.26 91.26 91.26  92.23 91.26 91.26 90.29 91.26  92.23 91.26 87.38 91.26 93.20 

4 91.26 91.26 91.26 91.26 91.26  97.09 97.09 93.20 96.12 94.17  97.09 97.09 93.20 96.12 94.17 

5 93.20 91.26 91.26 91.26 91.26  95.15 93.20 91.26 90.29 92.23  95.15 95.15 93.20 91.26 92.23 

6 99.03 99.03 98.06 98.06 98.06  97.09 98.06 98.06 96.12 97.09  97.09 95.15 96.12 95.15 96.12 

7 96.12 96.12 96.12 96.12 96.12  94.17 95.15 96.12 94.17 96.12  94.17 94.17 95.15 94.17 95.15 

8 99.03 99.03 99.03 99.03 99.03  99.03 99.03 100.0 100.0 100.0  99.03 99.03 99.03 98.06 99.03 

9 99.00 99.00 99.00 99.00 99.00  100.0 100.0 100.0 100.0 100.0  99.00 99.00 99.00 99.00 99.00 
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Based on the comparison of the results shown in Table 7, the following preliminary conclusions can be summarized: 

(1) The proposed online updating EBRBS has an improved accuracy in comparison with the four traditional AR 

models, considered under three kinds of sensor selection methods. As presented in Table 7, the proposed online updating 

EBRBS obtained the best accuracy in seven from nine days, six of nine days, and seven of nine days while using the 

dependence measure-based, consistency measure-based, and eigendecomposition-based sensor selection methods, 

respectively. 

(2) The accuracy of the proposed online updating EBRBS increases with the increasing number of observed data, as 

well as other traditional four AR models. It is evident from Table 7 that, for the three kinds of sensor selection methods, the 

best accuracy of the proposed EBRBS and the traditional models is 99.03%, 100%, and 99.03%, respectively, which have 

all increased from 88.35%. The reason for this increase is that while more observed data are used to construct models, e.g., 

generating extended belief rules for the EBRB, it allows the resulting models to provide improved AR based on an enriched 

data base. 

(3) None of the AR models can attain the best accuracy for all days. More specifically, although the proposed online 

updating EBRBS shows a good accuracy in the majority of days, the traditional models are still able to perform best on 

some days, e.g. the ARSVM attains the highest accuracy in the 3rd day under the consistency measure-based sensor selection 

method. The reason is that many factors, such as noise data and unbalanced data, make it almost impossible to find the 

optimal AR model. 

In order to further compare the performance of the online updating EBRBS with other AR models, the classification 

result of each activity and F1 score were analyzed based on their values found in Tables A4-A6 in Appendix A and Table 8, 

respectively. It is clear from Tables A4-A6 that almost all activities can be accurately predicted by using EBRBS, ARNB, 

ARNN, ARDT, and ARSVM, i.e., a total of 84 observed data of the activity “prepare dinner (A9)” are all predicted accurately 

and a similar classification result can be also found in other activities. From Table 8, the best F1 scores of the proposed 

EBRBS and the traditional models is 0.991, 1.000, and 0.991, respectively, for the three kinds of sensor selection methods, 

which are all increased from a relatively small F1 score at the 1st day. The reason is that while more observed data are used 

to construct models, it allows the resulting models to make improved ARs. 

Table 8. F1 comparison of online updating EBRBS and other four AR models 

Day 
F1 under SSNew  F1 under SSDM  F1 under SSCM 

EBRBS ARNB ARNN ARDT ARSVM  EBRBS ARNB ARNN ARDT ARSVM  EBRBS ARNB ARNN ARDT ARSVM 

1 0.881 0.883 0.513 0.840 0.858  0.881 0.883 0.513 0.840 0.858  0.881 0.883 0.513 0.840 0.858 

2 0.877 0.877 0.799 0.885 0.875  0.863 0.863 0.788 0.859 0.820  0.916 0.906 0.802 0.904 0.904 

3 0.905 0.924 0.915 0.915 0.915  0.904 0.915 0.914 0.905 0.914  0.925 0.915 0.873 0.914 0.934 

4 0.911 0.911 0.911 0.911 0.911  0.960 0.971 0.930 0.960 0.940  0.970 0.971 0.927 0.960 0.940 

5 0.935 0.913 0.913 0.913 0.913  0.934 0.932 0.911 0.901 0.921  0.952 0.951 0.930 0.911 0.920 

6 0.991 0.991 0.981 0.981 0.981  0.972 0.982 0.981 0.962 0.972  0.972 0.951 0.960 0.951 0.961 

7 0.961 0.961 0.961 0.961 0.961  0.951 0.951 0.961 0.943 0.961  0.943 0.943 0.952 0.943 0.952 

8 0.991 0.991 0.991 0.991 0.991  0.991 0.991 1.000 1.000 1.000  0.991 0.991 0.991 0.981 0.991 

9 0.990 0.990 0.990 0.990 0.990  1.000 1.000 1.000 1.000 1.000  0.990 0.990 0.990 0.990 0.990 
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5.3. AR on CASAS dataset 

In order to further evaluate the performance of the online updating EBRBS, the well-known CASAS dataset gathered 

in real smart homes (Cook and Schemitter-Edgecombe, 2009) is used to provide another experimental analysis. 

5.3.1. Dataset description and experiment setting 

Here, a real dataset of sensor recordings obtained from CASAS database is used to evaluate the performance of the 

online updating EBRBS. The dataset contains 120 observed instances of data which were generated by 39 sensors, namely 

26 motion sensors, item sensors for oatmeal, raisins, brown sugar, bowl, and measuring spoon, medicine container sensor, 

pot sensor, phone book sensor, cabinet sensor, 2 water sensors, burner sensor, and phone usage, for 5 activities, namely, 

make a phone call (B1), wash hands (B2), cook (B3), eat (B4), and clean (B5). It is worth noting that the real dataset 

originally consisted of 120 files which represented the sensor data collected for a total of 120 participants performing five 

activities. Hence, on the basis of the dataset preprocessing presented in Section 5.1, 120 observed data can be generated 

from 120 files of sensor data and their number of observed data for each activity is shown in Table 9. 

Table 9. Number of observed data for each activity in the real dataset (Cook and Schemitter-Edgecombe, 2009) 

 Activity name abbreviation 

 B1 B2 B3 B4 B5 

No. of observed data 24 24 24 24 24 

Additionally, in order to verify the performance of the online updating EBRBS, the experimental setting is described as: 

10-fold cross-validation is used to divide the 120 observed data into 10 folds, with 9 folds as a training dataset and the 

remaining fold as a testing dataset, so that each fold is used exactly once as a testing dataset.  

5.3.2. AR effectiveness and accuracy evaluation 

In this Section, the three experimental frameworks are utilized to evaluate the effectiveness of the AR approaches and 

the accuracy of the online updating EBRBS. Table 10 shows the computational time of the three sensor selection methods, 

including SSDM, SSCM, and SSNew, in which computational time are measured in milliseconds. It is worth noting that NA in 

Table 10 means that the sensor selection method failed to select a set of effective sensors within 2 hours which is far more 

than the computational time of SSNew, namely 82 ms. Hence, it is strongly proved that the proposed eigendecomposition- 

based sensor selection method has a higher efficiency than the dependence measure and consistency measure-based sensor 

selection methods to select the minimal sized subset of sensors. Therefore, the two experimental frameworks performed in 

the CASAS dataset are only based on the proposed eigendecomposition-based sensor selection method. 

Table 10. Comparison of computational time for three sensor selection methods 

 SSDM SSCM SSNew 

Time (ms) NA NA 82 

For the first experimental framework, Tables 11 shows the accuracy, F1 score, the number of rules, and the 

computational time of the sensor selection, rule generation, and inference of the EBRBS equipped with the rule generation 

methods, including RU and RUNew, in which the values in boldface represents a better result in term of accuracy or 

efficiency. In addition, the confusion matrix of RG and RGNew
 under SSNew can be also found in Table 12. As can be found 

in Table 11, the proposed domain division-based rule generation method has a higher efficiency than the original rule 

generation method to update the parameter values of the extended belief rules. As shown in the computational time of the 

rule updating, the proposed domain division-based rule generation method only needs 7ms, which is in a higher efficient 
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level compared with to the original rule generation method, that is 546 ms. Moreover, the proposed method has the same 

accuracy and F1 score, however, fewer rules and inference time compared with the original method. From Table 12, it is 

evident that both of the proposed and the original methods have the same accuracy in each activity. 

Table 11. Comparison of rule generation methods under eigendecomposition-based sensor selection 

 Accuracy (%) F1 No. of rules Rule updating time (ms)  Inference time (ms) 

RG 93.33 0.934 180.0 546 900 

RGNew 93.33 0.934 60.3 7 499 

Table 12. Confusion matrix of RU and RUNew under eigendecomposition-based sensor selection 

RU/RUNew 
Predicted activity 

B1 B2 B3 B4 B5 

A
ct

u
al

 a
ct

iv
it

y
 B1 24/24  0/0  0/0  0/0  0/0 

B2 0/0  22/22  0/0  2/2  0/0 

B3 0/0  0/0  23/23  1/1  0/0 

B4 0/0  1/1  0/0  22/22  1/1 

B5 0/0  3/3  0/0  0/0  21/21 

For the second experimental framework, Table 13 presents the accuracy and F1 score of the online updating EBRBS 

and four traditional AR models under the eigendecomposition-based sensor selection method, in which the values in 

boldface represents a better result. Additionally, the confusion matrix of ARNB, ARNN, ARDT, and ARSVM can be also found 

in Table 14. From Table 13, it is evident that the proposed online updating EBRBS has an improved accuracy and F1 score 

compared with the other four traditional AR models and they are 93.33% (EBRBS) > 92.50% (ARSVM) > 90.83% (ARNB) > 

89.17% (ARNN) > 88.33% (ARDT) and 0.934 (EBRBS) > 0.925 (ARSVM) > 0.908 (ARNB) > 0.896 (ARNN) > 0.884 (ARDT), 

respectively. From Table 14, different models have different accuracies in each activity, i.e., ARNB has the best accuracy in 

the activity B2 (wash hands), which is also higher than the accuracy of the EBRBS on the same activity, however, the 

accuracies of ARNB in the remaining activities are all lower than that of the EBRBS. 

Table 13. Comparison of online updating EBRBS and other four AR models 

 EBRBS ARNB ARNN ARDT ARSVM 

Accuracy (%) 93.33 90.83 89.17 88.33 92.50 

F1 0.934 0.908 0.896 0.884 0.925 

Table 14. Confusion matrix of ARNB, ARNN, ARDT, and ARSVM 

ARNB/ARNN/ARDT/ARSVM 
Predicted activity 

B1 B2 B3 B4 B5 

A
ct

u
al

 a
ct

iv
it

y
 B1 23/24/24/24  0/0/0/0  0/0/0/0  1/0/0/0  0/0/0/0 

B2 0/0/0/0  23/22/22/22  0/0/0/0  1/2/1/2  0/0/1/0 

B3 0/0/0/0  0/2/0/0  23/21/23/24  1/1/0/0  0/0/1/0 

B4 0/0/0/0  5/3/4/4  0/0/0/0  17/21/18/19  2/0/2/1 

B5 0/0/0/0  2/5/1/2  0/0/0/0  2/0/1/0  20/19/22/22 
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For the third experimental framework, Fig. 7 shows the accuracy and F1 score of the online updating EBRBS when the 

number of observed data for five activities B1, B2, B3, B4, and B5, respectively, is retained in CASAS dataset based on a 

given percentage, so the performance of the online updating EBRBS can be investigated under the situation of imbalanced 

data. For example, the line of B1 shown in Figs. 7(a) and 7(b) provides the accuracies and F1 scores of the online updating 

EBRBS when p×T observed data for B1 are retained in CASAS dataset, where p denotes the percentage within [0%, 100%] 

and T denotes the total number of observed data for B1. From Fig. 7(a), it can be found that the accuracies of most online 

updating EBRBSs are relatively stable, even the adjusted CASAS dataset is imbalance dataset with different degrees, i.e., 

the accuracies are 91.67%, 94.00%, 92.38%, 90.91%, 90.44%, and 93.33% when 0%, 20%, 40%, 60%, 80%, and 100% 

observed data for B2 are retained in CASAS dataset. However, from Fig. 7(b), the F1 scores of the online updating EBRBS 

are almost increased with the increase of data for five activities, i.e., the F1 scores are increased from 0.742, 0.733, 0.638, 

0.683, and 0.734, respectively to 0.934 when the data percentage of each activity is increased from 0% to 100%, indicating 

that the unbalancedness of dataset would have influence on the performance of the online updating EBRBS. 

0.6 

0.7 

0.8 

0.9 

1.0 

1.1 

1.2 

0% 20% 40% 60% 80% 100%

A
c
c
u

ra
c
y

Percentage

B1 B2 B3 B4 B5

 

0.4 

0.6 

0.8 

1.0 

1.2 

0% 20% 40% 60% 80% 100%

F
1

 s
c
o

re

Percentage

B1 B2 B3 B4 B5

 

(a) Accuracy of the online updating EBRBS              (b) F1 score of the online updating EBRBS 

Fig. 7. Performance of the online updating EBRBS under imbalance data 

5.4. Time complexity analysis 

In this Section, a time complexity analysis is provided to show the advantages of the proposed online updating EBRBS. 

Firstly, suppose that there is L observed data with M sensors in a dataset of sensor-based AR. For the original sensor 

selection methods, namely dependence measure, consistency measure-based methods, their time complexity is related with 

2M because both of them should evaluate 2M candidate subsets to select the minimal sized subset of sensors from the M 

sensors, namely O(L*2M). For the proposed eigendecomposition-based sensor selection method, Section 4.1 shows that the 

most complex computation is Eq. (21) which requires L*M*M computations for the given dataset. Additionally, Remark 4 

in Section 3 also shows that the time complexity of matrix eigendecomposition is O(M*M*M). Hence, the time complexity 

of the proposed sensor selection method is O(L*M*M) because of L>>M, leading to the fact that the proposed sensor 

selection method has a higher efficiency than the original sensor selection methods. 

For the proposed domain division-based rule generation method, it is useful to control the total number of extended 

belief rules because the rules belonging to the same domain division should be integrated into one rule. For example, while 

those L observed data are used to construct an EBRB, which has Ji reference values in the ith (i=1,…, M) antecedent 

attribute and N activities, followed by S new observed data used to update the EBRB, the total number of rules in the EBRB 
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must be less than L+S because it is quite possible that some observed data will fall into the same domain division. As a 

result, the time complexity of the inference improved by the proposed rule generation method has a higher efficiency than 

that by the original rule generation method.  

In addition, the proposed domain division-based rule generation method is capable of simplifying the representation of 

extended belief rules, and then making it unnecessary to calculate the belief distributions of all antecedent attributes and the 

rule weight of each extended belief rule. In other words, the time complexity of calculating belief distributions for all 

antecedent attributes )(
1 =

M

i iJO  and the time complexity of calculating rule weights ))((
1

2 NJLO
M

i i +  =  should not be 

considered in the rule updating for the EBRB. The proposed rule generation method also enhances the independence of each 

extended belief rule because of domain divisions, e.g., while a new collected data is provided, it only needs to update the 

one rule which belongs to the same domain division as the new collected data. As a result, the time complexity of updating 

rules in the proposed rule generation method has a higher efficiency than that of the original rule generation method. 

6. Conclusions 

In this study, an online updating EBRBS with a new sensor selection method and a new rule generation method has 

been developed for sensor-based AR within dynamic smart environment. Two AR datasets from simulation and actual 

environments were used to validate the efficiency and effectiveness of the proposed online updating EBRBS compared with 

the original EBRBS and some commonly used AR models. The detailed contributions can be summarized into three aspects 

as follows: 

(1) To overcome the time-consuming process of selecting sensors in the original EBRBS based AR model, the 

eigendecomposition was introduced to decompose the matrix of observed data collected from sensors for activities, in 

addition to the ACR and loading matrix, an eigendecomposition-based method was proposed to select sensors in a high- 

efficiency way. 

(2) To overcome the time-consuming process of updating rules in the original EBRBS based AR model, the domain 

division was introduced to simplify the representation of extended belief rules, leading to a highly- efficient rule updating 

process that only needs to calculate the belief distribution of consequent attribute in an extended belie rule. All those consist 

of a domain division-based rule generation method. 

(3) By using the proposed sensor selection and rule generation methods to improve the original EBRBS based AR 

model, an online updating EBRBS was further developed for the sensor-based AR. The case study of two AR datasets 

revealed that the proposed online updating EBRBS can construct and update the EBRB as well as perform AR efficiently. 

For the future research, the unbalanced nature of data among different classes is one of challenges to be addressed in 

order to enhance the performance and the application of the online updating EBRBS in the sensor-based AR. 
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Appendix A. Confusion matrix of simulated dataset 

Table A1. Confusion matrix of RU and RUNew under dependence measure-based sensor selection 

RU/RUNew 
Predicted activity 

A1 A2 A3 A4 A5 A6 A7 A8 A9 A10 A11 

A
ct

u
al

 a
ct

iv
it

y
 

A1 82/82  0/0  1/2  0/0  0/0  1/0  0/0  0/0  0/0  0/0  0/0 

A2 0/0  80/80  2/2  0/0  1/1  0/0  1/1  0/0  0/0  0/0  0/0 

A3 0/0  3/3  77/77  1/1  1/2  1/1  1/0  0/0  0/0  0/0  0/0 

A4 0/0  0/0  3/3  79/79  1/1  1/1  0/0  0/0  0/0  0/0  0/0 

A5 0/0  0/0  0/0  1/1  78/78  5/5  0/0  0/0  0/0  0/0  0/0 

A6 0/0  0/0  0/1  0/0  16/16  64/65  4/2  0/0  0/0  0/0  0/0 

A7 0/0  0/0  1/2  0/0  0/0  2/1  76/76  4/4  0/0  0/0  1/1 

A8 0/0  0/0  1/2  0/0  0/0  1/0  1/1  81/81  0/0  0/0  0/0 

A9 0/0  0/0  0/0  0/0  0/0  0/0  0/0  0/0  84/84  0/0  0/0 

A10 1/1  0/0  0/0  0/0  0/0  0/0  0/0  0/0  0/0  83/83  0/0 

A11 0/0  0/0  0/0  0/0  0/0  0/0  1/1  0/0  0/0  0/0  83/83 

Table A2. Confusion matrix of RU and RUNew under consistency measure-based sensor selection 

RU/RUNew 
Predicted activity 

A1 A2 A3 A4 A5 A6 A7 A8 A9 A10 A11 

A
ct

u
al

 a
ct

iv
it

y
 

A1 82/82  0/0  1/1  0/0  0/0  0/0  1/1  0/0  0/0  0/0  0/0 

A2 0/0  80/80  2/2  0/0  1/1  0/0  1/1  0/0  0/0  0/0  0/0 

A3 0/0  3/2  79/81  0/0  0/0  1/1  1/0  0/0  0/0  0/0  0/0 

A4 0/0  0/0  3/2  78/79  2/2  1/1  0/0  0/0  0/0  0/0  0/0 

A5 0/0  0/0  0/0  0/0  79/79  5/5  0/0  0/0  0/0  0/0  0/0 

A6 0/0  0/0  0/0  0/0  13/13  68/68  3/3  0/0  0/0  0/0  0/0 

A7 1/1  0/0  1/1  0/0  0/0  1/1  77/77  3/3  0/0  0/0  1/1 

A8 0/0  0/0  1/1  0/0  0/0  0/0  2/2  81/81  0/0  0/0  0/0 

A9 0/0  0/0  0/0  0/0  0/0  0/0  0/0  0/0  84/84  0/0  0/0 

A10 2/2  0/0  0/0  0/0  0/0  0/0  0/0  0/0  0/0  82/82  0/0 

A11 0/0  0/0  0/0  0/0  0/0  0/0  1/1  0/0  0/0  0/0  83/83 
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Table A3. Confusion matrix of RU and RUNew under eigendecomposition-based sensor selection 

RU/RUNew 
Predicted activity 

A1 A2 A3 A4 A5 A6 A7 A8 A9 A10 A11 

A
ct

u
al

 a
ct

iv
it

y
 

A1 82/82  0/0  0/0  0/0  2/2  0/0  0/0  0/0  0/0  0/0  0/0 

A2 0/0  78/78  4/4  0/0  2/2  0/0  0/0  0/0  0/0  0/0  0/0 

A3 0/0  2/2  76/76  1/1  4/4  0/0  0/0  0/0  0/0  1/1  0/0 

A4 0/0  0/0  2/2  80/80  2/2  0/0  0/0  0/0  0/0  0/0  0/0 

A5 0/0  0/0  1/1  2/2  79/79  2/2  0/0  0/0  0/0  0/0  0/0 

A6 0/0  0/0  1/1  0/0  17/17  64/64  2/2  0/0  0/0  0/0  0/0 

A7 0/0  0/0  0/0  0/0  2/2  1/1  77/77  2/2  1/1  0/0  1/1 

A8 0/0  0/0  0/0  0/0  2/2  0/0  1/1  81/81  0/0  0/0  0/0 

A9 0/0  0/0  0/0  0/0  0/0  0/0  0/0  0/0  84/84  0/0  0/0 

A10 2/2  0/0  0/0  0/0  0/0  0/0  0/0  0/0  0/0  82/82  0/0 

A11 0/0  0/0  0/0  0/0  0/0  0/0  1/1  0/0  0/0  0/0  83/83 

Table A4. Confusion matrix of ARNB, ARNN, ARDT, and ARSVM under dependence measure-based sensor selection 

ARNB/ARNN/ 

ARDT/ARSVM 

Predicted activity 

A1 A2 A3 A4 A5 A6 A7 A8 A9 A10 A11 

A
ct

u
al

 a
ct

iv
it

y
 

A1 81/81/82/81  0/0/0/0  1/0/0/0  0/0/0/0  0/1/0/2  1/1/2/0  0/0/0/0  0/0/0/0  0/0/0/0  1/1/0/1  0/0/0/0 

A2 1/9/0/0  78/69/80/80  4/3/2/2  0/0/0/0  0/1/1/1  1/1/1/1  0/0/0/0  0/0/0/0  0/0/0/0  0/1/0/0  0/0/0/0 

A3 0/0/0/0  4/3/2/2  77/76/77/76  1/1/1/1  0/4/2/4  1/0/2/1  1/0/0/0  0/0/0/0  0/0/0/0  0/0/0/0  0/0/0/0 

A4 0/0/0/0  0/0/0/0  2/2/2/2  79/81/81/80  2/1/0/2  1/0/1/0  0/0/0/0  0/0/0/0  0/0/0/0  0/0/0/0  0/0/0/0 

A5 0/0/0/0  0/0/0/0  0/0/0/0  2/2/2/2  77/80/77/79  5/2/5/3  0/0/0/0  0/0/0/0  0/0/0/0  0/0/0/0  0/0/0/0 

A6 0/0/0/0  0/0/0/0  0/0/0/0  0/0/0/0  17/25/15/23  63/56/67/59  4/3/2/2  0/0/0/0  0/0/0/0  0/0/0/0  0/0/0/0 

A7 0/1/0/0  1/0/0/0  1/0/0/0  0/0/0/0  0/1/0/2  2/1/3/0  75/70/77/76  5/11/4/5  0/0/0/0  0/0/0/0  0/0/0/1 

A8 0/0/0/0  0/0/0/0  1/0/0/0  0/0/0/0  0/1/0/2  1/1/2/0  1/2/2/1  79/80/80/81  2/0/0/0  0/0/0/0  0/0/0/0 

A9 0/0/0/0  0/0/0/0  0/0/0/0  0/0/0/0  0/0/0/0  0/0/0/0  0/0/0/0  0/0/0/0  84/84/84/84  0/0/0/0  0/0/0/0 

A10 0/9/1/0  0/0/0/0  0/0/0/0  0/0/0/0  0/0/0/0  0/0/0/0  0/0/0/0  0/0/0/0  0/0/0/0  84/75/83/84  0/0/0/0 

A11 0/4/0/0  1/0/0/0  0/0/0/0  0/0/0/0  0/1/0/0  0/0/1/1  0/0/0/0  0/0/0/0  0/0/0/0  0/1/0/0  83/78/83/83 
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Table A5. Confusion matrix of ARNB, ARNN, ARDT, and ARSVM under consistency measure-based sensor selection 

ARNB/ARNN/ 

ARDT/ARSVM 

Predicted activity 

A1 A2 A3 A4 A5 A6 A7 A8 A9 A10 A11 

A
ct

u
al

 a
ct

iv
it

y
 

A1 82/81/82/82  0/0/0/0  1/0/0/0  0/0/0/0  0/0/0/0  0/0/2/2  1/1/0/0  0/0/0/0  0/1/0/0  0/1/0/0  0/0/0/0 

A2 0/9/0/0  78/63/80/80  4/2/2/2  0/0/0/0  0/1/1/0  1/0/1/1  0/0/0/0  0/0/0/0  0/0/0/0  1/9/0/1  0/0/0/0 

A3 0/0/0/0  3/3/3/2  77/78/77/78  1/0/1/1  1/1/1/1  1/1/2/2  1/0/0/0  0/0/0/0  0/1/0/0  0/0/0/0  0/0/0/0 

A4 0/0/0/0  0/0/0/0  2/3/3/3  78/78/78/78  2/2/2/2  2/1/1/1  0/0/0/0  0/0/0/0  0/0/0/0  0/0/0/0  0/0/0/0 

A5 0/0/0/0  0/0/0/0  0/0/0/0  1/0/0/0  78/82/79/81  5/2/5/3  0/0/0/0  0/0/0/0  0/0/0/0  0/0/0/0  0/0/0/0 

A6 0/0/0/0  0/0/0/0  0/0/0/0  1/0/0/0  14/23/12/19  66/58/70/63  3/2/2/2  0/0/0/0  0/0/0/0  0/1/0/0  0/0/0/0 

A7 0/2/0/0  1/0/0/0  1/0/0/0  0/0/0/0  0/0/0/0  2/0/3/2  75/70/77/76  4/11/4/5  1/1/0/0  0/0/0/0  0/0/0/1 

A8 0/0/0/0  0/0/0/0  1/0/0/0  0/0/0/0  0/0/0/0  0/0/2/2  2/3/2/1  79/80/80/81  2/1/0/0  0/0/0/0  0/0/0/0 

A9 0/0/0/0  0/0/0/0  0/0/0/0  0/0/0/0  0/0/0/0  0/0/0/0  0/0/0/0  0/0/0/0  84/84/84/84  0/0/0/0  0/0/0/0 

A10 2/11/2/2  0/0/0/0  0/0/0/0  0/0/0/0  0/0/0/0  0/0/0/0  0/0/0/0  0/0/0/0  0/0/0/0  82/73/82/82  0/0/0/0 

A11 0/4/0/0  1/0/0/0  0/0/0/0  0/0/0/0  0/1/0/0  0/0/1/1  0/0/0/0  0/0/0/0  0/0/0/0  0/1/0/0  83/78/83/83 

Table A6. Confusion matrix of ARNB, ARNN, ARDT, and ARSVM under eigendecomposition-based sensor selection 

ARNB/ARNN/ 

ARDT/ARSVM 

Predicted activity 

A1 A2 A3 A4 A5 A6 A7 A8 A9 A10 A11 

A
ct

u
al

 a
ct

iv
it

y
 

A1 82/81/82/82  0/0/0/0  0/0/0/0  0/0/0/0  2/2/2/2  0/0/0/0  0/0/0/0  0/0/0/0  0/0/0/0  0/1/0/0  0/0/0/0 

A2 0/9/0/0  76/69/78/78  6/3/4/4  0/0/0/0  1/2/2/1  0/0/0/0  0/0/0/0  0/0/0/0  0/0/0/0  1/1/0/1  0/0/0/0 

A3 0/0/0/0  2/2/2/2  75/75/77/75  1/1/1/1  5/5/3/5  0/0/0/0  0/0/0/0  0/0/0/0  0/0/0/0  1/1/1/1  0/0/0/0 

A4 0/0/0/0  0/0/0/0  1/1/1/1  81/81/81/81  2/2/2/2  0/0/0/0  0/0/0/0  0/0/0/0  0/0/0/0  0/0/0/0  0/0/0/0 

A5 0/0/0/0  0/0/0/0  1/1/1/1  2/2/2/2  79/79/79/79  2/2/2/2  0/0/0/0  0/0/0/0  0/0/0/0  0/0/0/0  0/0/0/0 

A6 0/0/0/0  0/0/0/0  1/1/1/1  0/0/0/0  18/24/16/19  63/57/65/62  2/2/2/2  0/0/0/0  0/0/0/0  0/0/0/0  0/0/0/0 

A7 0/1/0/0  1/0/0/0  0/0/0/0  0/0/0/0  2/3/2/2  0/0/2/1  76/69/75/75  4/10/4/4  1/1/1/1  0/0/0/0  0/0/0/1 

A8 0/0/0/0  0/0/0/0  0/0/0/0  0/0/0/0  2/2/2/2  0/0/0/0  1/2/2/1  80/80/80/81  1/0/0/0  0/0/0/0  0/0/0/0 

A9 0/0/0/0  0/0/0/0  0/0/0/0  0/0/0/0  0/0/0/0  0/0/0/0  0/0/0/0  0/0/0/0  84/84/84/84  0/0/0/0  0/0/0/0 

A10 2/11/2/2  0/0/0/0  0/0/0/0  0/0/0/0  0/0/0/0  0/0/0/0  0/0/0/0  0/0/0/0  0/0/0/0  82/73/82/82  0/0/0/0 

A11 0/4/0/0  1/0/0/0  0/0/0/0  0/0/0/0  0/1/0/0  0/0/1/1  0/0/0/0  0/0/0/0  0/0/0/0  0/1/0/0  83/78/83/83 

 


