
Modular Dynamic Bayesian Network based on 

Markov Boundary for Emotion Prediction  

in Multi-sensory Environment 
 

Kyon-Mo Yang 

Dept. of Computer Science 

Yonsei University 

Seoul, Korea 

Sung-Bae Cho 

Dept. of Computer Science 

Yonsei University 

Seoul, Korea 

 

 
Abstract—Recently, a lot of the fields such as education, 

marketing, and design have applied human’s emotion stimuli to 

increase the effectiveness of services as well as user-computer 

interaction. Predicting the emotion in the field is important to 

decide relevant stimuli because emotion has the element of 

uncertainty and is sensitive to sensory stimuli. In this paper, we 

propose a modular dynamic Bayesian network based on Markov 

boundary theory to predict current emotion. A relation between 

emotion and stimuli is identified as four types of structure. The 

proposed method was verified by several experiments. The 

computational time is 0.032 second and the average accuracy rate 

is 80.97%, which are quite promising for a realistic system. 

Keywords- sensory service, emotion predition, modular dynamic 

Byesian networks; Marcov boundary 

I.  INTRODUCTION 

Recently, the sensory service to promote customer’s 
purchases by sensory stimuli has been proliferated in many 
fields. In this service, recognizing human emotion using facial, 
vocal and text data is very important because of decide relevant 
stimuli. In order to solve practical problems, fast emotion 
prediction is necessary because emotion is not static and is very 
sensitive by states of the current environment.  

In this paper, we propose a dynamic Bayesian network 
which represents the relation between emotion and stimuli. The 
network structure is defined by four types and is designed with 
reference to the stimulus-organism-response model by Russell 
[1]. In addition, dynamic Bayesian network is modularized 
based on the Markov boundary theory in order to reduce the 
time complexity and make it possible to reuse each module. As 
the result, the system is capable of predicting a high speed.  

We conduct two experiments to verify the usefulness of the 
proposed method. The time complexity is calculated using the 
LS algorithm and the execution time. In terms of the speed of 
system, the experimental result verifies the superiority of the 
proposed method. In addition, we evaluate the accuracy of 
networks using the obtained data which is collected by the 
VIBRA system. 

The rest of the paper is organized as follows. Section 2 
presents the related works for sensory service and emotion 
recognition, and dynamic Bayesian network. Section 3 

describes in details the modular dynamic Bayesian network. 
Section 4 reports the experiments conducted to show the 
usefulness of the method. 

II. RELATED WORKS 

A. Emotional service 

 

FIGURE 1. OVERVIEW OF EMOTIONAL SERVICE 

Emotion is a fundamental component of being human. 
Traditionally, human-computer interaction has been viewed the 
ultimate exception [2]. Emotion seemed at best marginally 
relevant to human-computer interaction and at worst 
oxymoronic. Recently, various services such as marketing, 
education, design and so on has applied emotional component 
to increasing the effectiveness as shown in figure 1. Especially, 
Mehrabian-Russell proposed the stimulus-organism-response 
model. This model represented the relation between 
environmental stimuli and emotional states and this emotional 
state affect to decision making [1]. The states of emotion, 
which consist of negative, positive, arousal, and relax, are 
sensitively responded with environment variables surrounding 
the human, such as temperature, humidity, incense, sound and 
so on. Donavan and Rossiter applied the model to retail store 
and conducted positive analysis about customer’s decision 
making [3]. The analysis verified the relation between 
customer’s emotion, purchase rate, and state of the 
environment in retail shops. We need to recognize emotion, 
and then make decisions of stimuli for good performance of the 
emotional service. 



B. Emotion recognition 

The emotion recognition from data such as facial, vocal, 
text, and so on has been focused on a large number of studies 
over the past several decades. Table 1 shows the emotion 
recognition research which focuses on using raw-data. 

TABLE 1. EMOTION RECOGNITION 

Autors Data Proposed method Domain 

Black and 

Yaccob [4] 
Image Rule-based HCI 

Eyharabide, 
et al. [5] 

Text Ontology E-learning 

Yacoub, 

et al. [6] 
Speech 

k-NN, SVM, NN, 

DT 
Classification  

Lee, 

et al. [7] 
Speech DT HCI 

Utane and 

Nalbalwar[8] 
Speech GMM+HMM HCI 

Hayamizu, et 

al.[9] 
Facial+Speech BN HCI 

 

Black and Yaccob extracted facial image and defined rules 
to classify emotion [4]. Eyharabide, et al. recognized emotion 
using ontology and applied e-learning service [5]. Yacoub, et al. 
compared with four types of classification methods using 
speech data [6]. The SVM had the highest performance and 
decision tree was the worst. Lee, et al. classified using speech 
data for human and robot interaction [7]. The robot recognized 
emotion and responded depending on current states of emotion. 
Utane, et al. applied emotion recognition to natural 
conversation between human and computer [8]. Hayamizu, et 
al. designed Bayesian network to recognize group emotion 
considering the previous state of emotion [9]. Previous works 
has focused on correct recognition using raw-data. However, in 
the emotional service, we have to recognize current emotion, 
but also predict the change of emotion in the current 
environment in order to maintain the optimal emotion. 

C. Dynamic Bayesian network 

Bayesian network (BN) have been used to model context, 
and they provide reliable performance in uncertain and 
incomplete environment. Dynamic Bayesian network (DBN) is 
extended version of BN for considering temporal data. DBN 
has been utilized in many fields such as activity recognition, 
motion analysis and so on. It can be modeled using the data and 
can be designed using correlation. DBN consists of random 
variable, edge, and conditional probability tables (CPT). 
Because BN assumed each node is independent, and CPT of a 

variable A is represented as ))(|( ApaAP , where )(Apa  

denotes the set of parent variables of the variable A . Here, 

nAAAU ,,,= 21   is a set of node, and the joint probability 

distribution is computed by the chain rule like (1). 
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The time complexity of the Bayesian network is calculated 
using the LS algorithm, like (2) [10]. Here, n represents the 

number of nodes, k represents the maximum number of parents 

for each node, r denotes the number of values for each node, 
and w represents the maximum. 
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Lee and Cho developed a multi-modal context-aware 
system with various wearable sensors for activity recognition 
[11]. Pavlovic, et al. proposed a novel DBN based switching 
linear dynamic system model and presented its application to 
figure motion analysis [12]. Jiang, et al. recognized emotion 
using DBN [13]. This research used facial and speech data and 
considered continuity of three types: Prologue, chunk, and 
epilogue. DBN has been applied in problems which have to 
consider temporal attribute. 

III. EMOTION PREDICTION USING MODULAR DYNAMIC 

BAYESIAN NETWORK 

We propose a method of modular dynamic Bayesian 
network based on Markov boundary for emotion prediction. 
Figure 2 shows the system of emotion prediction and the step 
of network design. 

 

FIGURE 2. EMOTION PREDICTION SYSTEM 

The system has three parts. The context collection module 
collects current stimuli state in environments using. Emotion 
prediction module predicts the change of emotion using the 
dynamic Bayesian network. We use the observed state of 
stimuli as the evidence, because this state affects the change of 
emotion based on the stimulus-organism-response model [2]. 

A. Node and structure definition 

This section presents the design method of the types of 
node and structure. In the network, the context is represented as 
input nodes and is defined through the domain analysis. The 
stimuli are categorized as two types: Indoor and outdoor. The 
indoor stimuli can control by human, such as temperature, 
humidity, light, and so on. These stimuli more affect the 
change of emotion than outdoor. The outdoor stimuli such as 



weather, time, season, and so on, are hard to arbitrarily adjust. 
Table 2 represents the defended node. In addition, considering 
the relation between the previous state of emotion and next it 
uses the state of human emotion. Table 2 shows the component 
of stimuli.  

TABLE 2. COMPONENT OF STIMULI 

Category Stimuli Component 

Human Emotion {Past emotion, Current emotion} 

Indoor 

Sight {Color temperature, Light intensity} 

Hearing {Sound change rhythm, Sound volume} 

Touch {Temperature, Humidity} 

Smell {Scent type, Scent change rhythm} 

Outdoor Environment {Season, Weather, Time} 

 

In order to implement fast emotion prediction, the network 
has to reduce the time complexity. One of the method is to 
separate the network. Neil proposed method how to separate 
large-scale Bayesian networks [14]. We define the four types of 
structure in emotion referring to this research.  

TABLE 3. TYPE OF STRUCTURES 

Structure Relation Description 

Stimuli- 

Component 

Parent: Component 
Definitional relationship 

Childe: 

Temporal 

information 

Parent: Current 

information 
Consideration of temporal series 

Child: Past 

information 

Stimuli-
Emotion 

Parent: Emotion Reconciliation with different 
source Child: Stimuli 

Observation

-Component 

Parent: Componet 
Observation expression  

Child: Observation 

 

 Stimuli-Component structure: The relation between 
stimuli and component just represents definitional 
relationship. For instance, temperature and humidity 
are just one of touch stimuli not casual relations. In 
addition, using this structure combines different nodes 
to reduce the effects of combinatorial explosion. The 
nodes which use for combining each node is called 
intermediate node. 

 Temporal information structure: Because the DBN deal 
with temporal data, the network process statistical 
inference from a series of past entities to infer 
something about a future entity. The future emotion is 
predicted form a series of past emotion. 

 Stimuli-Emotion structure: Sometimes, DBN needs to 
reconcile independent source of evidence about a 
single attribute of a single entity, where these sources 
of evidence have been produced by different 
measurement or prediction methods. In this domain, 
depending on the types of the stimuli have different 

attributes and components. Therefore, DBN is to 
reconcile independent response to stimuli for 
predicting emotion. 

 Observation-Component structure: DBN is used to 
reason about the uncertainty we may have about our 
own judgments. This structure represents uncertainties, 
we have about the process of observation. 

We define the structures of the emotion domain in some 
detail. First, we make a list of the entities and their attributes. 
Then we consider how the entities and attributes relate to one 
another. Next, we make subsets of entities and attributes 
grouped together. Finally, we check these subsets using the 
flowchart in order to determine which structure is possibly 
being represented. Figure 3 shows the flowchart. 

 

FIGURE 3. FLOWCHART OF SELECTION OF STRUCTURES 

B. Independent inference based Markov boundary 

Locality of causal relation in a BN can facilitate 
decomposition of inference processes. A d-separation concept 
described how different parts of BN can be rendered 
conditionally independent [15]. Pavlin, et al. analyzed locality 
of causal relation based the d-separation concept [16]. 

 Definition 1. (Markov boundary of a single variable): 
Given a probabilistic model P(V) over a set of 
variables V and a variable VX∈ , then a Markov 

boundary B(X) of X is a minimal set of variables Z for 
which the following conditional independence is valid 

 pZXVXXI ))}({\,},({ ∪  

where, pZXVXXI ))}({\,},({ ∪ denotes that X is 

conditionally independent of any variable in the set 

)}({\ ZXV ∪ given the set Z. 

 Definition 2 (Children and parents of sets of variables): 

In the BN over a set V of variables, iV is a set of 

variables such that VVi⊂ and 0 ≠iV . Any node 

iVVX \∈  that has a child , iV is a parent of set iV , 

any node in iVVX \∈  that has a parent node in iV  is 

a child of set iV . 



 Definition 3 (Markov boundary of a set of variables): 

Markov boundary )( iVB of a set of variables VVi⊂ in 

BN is the union of parents of set iV and parent of 

children of iV . 

 ))(()()(=)(
)(
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where, )( iVCh represents children of iV  and )(γPa is 

parent of γ .  

We apply this locality of causal relation to the emotion 
domain which has the response to stimuli is independent.  

C. Modular dyanamic Bayesian network 

There is the issue of how to reduce the time complexity of 
DBN. Some previous research proposed the extra steps such as 
junction tree algorithm to reduce the complexity of the network. 
However, these methods consume large amounts of time for 
processing the extra steps. Others, experts designed the 
network to reduce the time complexity. While this method does 
not need the extra step, that needs the extra effort to study 
domain. One of the best known and most useful features of 
modular modeling is the ability to reduce the complexity of 
model by the expert knowledge. We use the modular method to 
solve this issue. 

In the real world environment, sometimes, there are not 
overall stimuli devices designed in DBN. If the system uses 
common DBN, the unobserved node raises a waste of time for 
inference. That is why the process of inference computes 
overall relation of node in spite of the node does not affect 
result. The system can select the relevant module which 
represents existent stimuli in the current environment, using the 
modular method. 

 Definition 3 (DBN module): A DBN module 

)(=Ψ , iii PG is a Bayesian ,work represented by 

)(= Ψ,Ψ ii
EVGi , where 

i
VΨ are the 

set of random variables belonging to iG , and 

),(=Ψ YXE
i

 are directed edges from X 

to Y. X and Y are random variables belonging to 

i
VΨ . Every DBN module is modeled by the subset 

i
VΨ  of all set of random variables U that can be 

observed in the DBN model. The conditional 

probability table )( Ψi
VP  in DBN modules has 

the same definition with )( iVP  The DBN module is a 

sub-graph of the monolithic DBN. 

 Definition 4 (Acyclic modular rule): Given a modular 

dynamic Bayesian network ),(=Ω RM : M are 

modules and R is relation, then each module 

}Ψ,...,Ψ,Ψ{= 21 nM  is acyclic relation. In other words, 

if >Ψ,Ψ< jiR and >Ψ,Ψ< kjR  exist,  

>Ψ,Ψ< kiR  is unavailable. 

 Definition 5 (Shared variable rule): Given 

variables iiV Ψ⊂ , jjV Ψ⊂ , and 0=∩ ji VV , then 

variables kkV Ψ∈ always exists, where kV is 

ki VV ∩ and kj VV ∩ . 

 Definition 6 (Virtual linking method): Virtual linking 
is a technique which enables each BN module to 
convey its internal inference results to the other 
connected modules. BN modules are virtually linked 

when modules iΨ  and jΨ  have at least a sharing node, 

S. The inference result of iΨ , }{=)( ,...,2,1 ni pppSBel , 

is propagated to jΨ  by coercing the initial probability 

of a node jS  of jΨ  in accordance with )( jSBel . The 

initial probability of a shared node in a module is 
controlled by utilizing a virtual node. 

 Definition 7 (Virtual node): A virtual node is an 
auxiliary node which is added on a network [17]. It sets 
virtual evidence which has uncertainty associated with 
it. Virtual node V is linked to a target node T as a child 
node, a causality from T to S. Probability of V is set 
according to the target probability of T. Local inference 
result of BN module can be passed to all other modules 
by utilizing a virtual node. So, it is a crux of virtual 
linking method to calculate the probability of virtual 
node given the target probability for a shared node. 

 

FIGURE 4. MODULAR STRUCTURE OF DBN 

Figure 4 represents the modules for predicting emotion. 

Module 1Ψ  consists of temporal information and stimuli-

emotion structure. The stimuli-component and the observation-



component structure is component of module 2Ψ . There are 

double-line arcs from 1Stimuli in 1Ψ to 1Stimuli in 2Ψ . These 

are virtual links stating that the child node is a placeholder for 
the parent node inside the virtual node. Each node joined 
together must be of the same type and have same labels. 

The inference process of proposed DBN consists of 
multiple steps controlled by components. First, the system 
selects the target nodes, which are needed to know in 
accordance with the collected contextual information. When 
the target module which contains a target node is selected, the 
system selects the modules which need inference. When the 
system conducts selective inference, it selects modules which 
possibly affect target modules and change the posterior 
probability. This system stores the evidences of the previous 
module set because the posterior probability of a module does 
not change if the evidence set does not change. Figure 5 
represents the inference process. 

Input: Set of observations of stimuli 

 
Output: Emotion 

 

Select_target module TΨ  

Select_inference module }ΨΨΨ{=Ψ ,...,2,1 RnRRR  

If ( Number of RΨ ≠0) 

           Inference_Probability_Module RΨ  

Else 

          Inference_Probability_Module TΨ  

FIGURE 5. INFERENCE PROCEES OF MDBN 

Using this modeling technique is all nodes in the DBN have 
only one parent and the time complexity divides the number of 
nodes n by the number of modules d as shown in (5). 
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FIGURE 6. EMOTION PREDICTION MODULE 

We use six modules: five stimuli modules and one 
prediction module. Figure 6 is prediction module as target 
module. The module has two structures: temporal and 
reconciliation, because it uses previous emotion and current 
emotion considering emotion and reconciles the result of 
stimuli modules. The state of emotion is four types: Pleasure, 
displeasure, arousal, relax referring to Russell’s model. 

Table 4 is five stimuli modules and component. Figure 7 
shows one of the modules.  

TABLE 4. STIMULI MODULES DEFINE 

Stimuli Component Observation 

Touch 
Temperature {18℃, 23℃, 25℃, 28℃} 

Humidity {30%, 40%, 50%, 70%} 

Sight 

Light intensity {200 Lux, 700 Lux, 1000 Lux} 

Color 

temperature 
{1000 °K, 3000 °K, 7000 °K} 

Hearing 

Sound volume {30 dB, 60 dB, 90 dB} 

Sound change 

rhythm 
{1.1, 1.6, 2.1} 

Smell 

Scent type {Rosemary, Apple, Sesame salt} 

Scent change 
rhythm 

{1.1, 1.6, 2.1} 

Environment 

Time 
{0-4, 5-8, 9-12, 13-16, 17-20, 21-

24} 

Weather {Sunny, Rainy, Cloudy, Snowy} 

Season 
{January-March, April-June, July-

September, October-December} 

 

 

FIGURE 7. TOUCH STIMULI MODULE 

IV. EXPERIMENTS 

A. Time complexity of the proposed method 

 

FIGURE 8. RESULT OF TIME COMPLEXITY 

This experiment verifies the proposed method more 
efficiency on the time complexity. We calculate it using LS 
algorithm. We compare monolithic DBN and proposed DBN 
using LS algorithm. The experimental configuration is the 
number of clique equal numbers of parents, the number of 
states is 2, the number of nodes is 20 to 100, and the number of 
modules is 2 to 6. Figure 8 shows the results of the comparison 
of time complexity. When the number of modules is 2, the 
modular DBN have the very similar time complexity of 
monolithic BN. However, the time complexity is dramatically 
reduced as the amount of modules increasing.  



B. Accuracy of networks 

This section calculates the accuracy of the proposed method 
using data. The data were collected about ten graduated 
students in the environment which can change temperature, 
humidity, light intensity, sound change rhythm, sound volume, 
scent, and light temperature using the VIBRA system [18]. We 
make the 28 combinations of the stimuli The students went to 
the room and checked their current emotion. Figure 9 shows 
the collected data. In Table 6, the set 1 to the set 7 represent 
temperature, humidity, light intensity, sound change rhythm, 
sound volume, scent, and light temperature respectively. 

TABLE 5. EXAMPLE OF COMLLECTED DATA 

Set1 Set2 Set3 Set4 Set5 Set6 Set7 Emotion 

 40     1000 P_A 

25 50 1000 1.106 60 
Rose

mary 
7000 P_R 

18 30 200 1.749 30 
Jasmi

ne 
3000 D_A 

23 50  2.227 90 
Hazel

nut 
 D_A 

  700     N_R 

 

Figure 10 shows the comparison result of accuracy 
depending on each emotion and the average accuracy is 
80.97%. 

 

FIGURE 10. RESULT OF ACCURACY 

V. CONCLUSION AND FUTURE WORKERS 

In this paper, we propose the modular method for 
prediction of emotion. This is the issue of emotional service to 
fast emotion prediction by low time complexity. We use 
dynamic Bayesian network for considering the temporal 
change of emotion. The networks define four structure types 
depending on characteristic relation of each node. We 
modularize the monolithic BN based on Markov boundary 
theory in order to reduce the time complexity. To verify 
reducing the time complexity, we calculate using LS. We 
confirm the accuracy of the network using data. 

As future work, we will modify parameters using obtained 
data and adjust to improve the accuracy. We will study 
decision making algorithm for selecting relevant stimuli in 
emotional service, because the result of prediction network is a 

probability. Therefore, we need to collect more data and 
decision making method. 
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