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Abstract—With development of various sensors attached to 
mobile and wearable devices, recognizing user's current context 
and giving an appropriate service come to hot issue. In this 
paper, we propose the context-aware system recognizing user’s 
dining context that can occur within a great variety of contexts. 
The model uses low-level sensor data from mobile and wrist-
wearable devices that can be widely available in daily life. To 
cope with innate complexity and fuzziness in high-level contexts 
like dining, a context model represents the related contexts 
systemically based on 4 components of activity theory and 5 W's, 
and tree-structured Bayesian network can recognizes the dining 
context probabilistically. To verify the proposed system, we 
collected 383 minutes of data from 4 people in a week and found 
that the proposed method outperforms the conventional machine 
learning methods, as to accuracy (94.57%). Also we built an 
Android application to investigate its practicality, and conducted 
a scenario-based test to investigate the effect of individual context 
for recognition.    

Keywords—human activity recognition, Bayesian network, 
context-aware application 

I. INTRODUCTION  
Recently, with rapid development of sensor technology for 

smartphone and wearable devices, consistently collecting a lot 
of low-level data from individual daily life becomes realistic. 
Consequently, a context-aware computing, which provides 
individually optimized services based on recognizing user’s 
current context, is becoming the most important issue in 
mobile computing [1]. In this paper, we propose a context-
aware system that recognizes a user's dining context using low-
level sensor data from smartphone and wearable devices. 

  A dining context is a typical example of high-level 
context, which occurred in various contexts such as 
spatial/temporal contexts and individual contexts like age, race 
and culture; if we can recognize these contexts using common 
sensors available in mobile environment, there would be 
substantial contribution to recognizing other daily activities 
and context-aware services. Also, dining is a representative 
activity included in Activities of Daily Livings (ADLs) which 
is known as a proper method to describe a functional status of 
human, performing an important role in a healthcare field [2].  

  In a human activity recognition (HAR) area, machine 
learning methods such as HMM, SVM, and ANN are popular, 
but as a typical high-level activity, dining context shows up 
enormous variety of low-level sensor data patterns, which can 
make it very hard to recognize with solely machine learning 
methods. Figure 1 shows a time-series variation of acceleration 
data measured from user's right hand (right-handed user). A 
man in twenties had performed eating and studying activities 
about 20 minutes respectively, equipped with smartphone in 
his pocket and wrist-wearable device that are described in 
figure 5. Each graph represents studying activity on a desk, 
eating a steak with fork and knife and eating a sandwich with 
hand, respectively. There are many features or patterns such as 
a wrist movement pattern (up and down movement of acc y 
when eating a steak), which are not easy to recognize 
automatically. In this paper, we systemically find food dining-
related contexts after investigation of theories and related 
works. 

 

 
Fig. 1. A time-series variation of acceleration data measured from user's right 

hand (studying, eating steak, and eating sandwich) 
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The paper is organized as follows. In section II, we explore 
HAR-related works using low-level sensor data, and related 
theories analyzing components of human activity. In section 
III, we explain why and how to construct a Bayesian network 
in further detail, and evaluate its realistic usefulness in a 
variety of angles in section IV. Finally, section V concludes the 
paper and discusses a future study. 

II. RELATED WORKS 

A. Daily activity recognition using low-level sensor data 
 Research using machine learning and probabilistic 
approach like Bayesian network to solve a variety of problems 
in a real world is actively ongoing (Table I). As far as our 
investigation, recognition models for daily activities mainly 
use HMM and DBN as they can deal with a time-series data. 
For recognizing relatively complex and high-level contexts like 
far-distance conversation, BN which can handle uncertainty 
probabilistically outperforms typical classifiers like HMM [3, 
4]. For feature extraction, most research used machine learning 
especially k-means and domain knowledge depending on 
sensors or environment of recognition. But since one of our 
main goals is recognizing with limited sensors which are easily 
available in wearable environment, we need more systematic 
and general approach to modeling dining-related contexts.  

B. Related theories about activity 
5 W's are publicly well-known and self-explanatory way to 

analyze and explain a situation [7]. Marchiori tried to classify 
an enormous data in world wide web based on 5 W's [7], and 
Jang used 5 W's to define a dynamic status of resident in a 
smarthome [8]. Although 5 W's give us systematic and widely-
agreed way of describing a situation, it is too abstract to apply 
directly to low-level sensor data. For example, eating a lunch at 
'restaurant' cannot be directly recognized by acceleration or 
temperature. It should be embodied in a measurable level such 
as 'compliance of the space illumination'. 

  The activity theory gives more specific evidences on how 
activity should be composed. Nardi compared an activity 
theory with situated action models and a distributed cognition 

approach to systemically understand a structure of human 
activity and situation [9]. According to the activity theory, a 
human activity consists of subject that includes human(s) in 
that activity, object as a target object of subject that induces a 
subject to a special aim, action that subject must go through in 
order to achieve the intended activity, and operation 
unconsciously and repetitively occurring while doing an 
activity [10]. While an action theory is primarily to look at the 
individual's own behavior as an analysis unit, situated action 
theory focuses on the relevance of actors and environmental 
factors at the moment of occurrence of activity [11, 12]. 
According to this theory, defining a human activity 
systemically should sufficiently consider environmental factors 
which can be fluctuated dynamically [9]. In our proposed 
model, subject properties represent emergent properties of 
eating person, which can be decomposed as an action and an 
operation. To deal with environmental factors, we use spatial  
and temporal properties independently.  

III. BAYESIAN NETWORK FOR RECOGNIZING DINING CONTEXT 
Figure 2 shows how to model the related contexts and 

embody them to the measurable level. Eclipses represent 
dining-related contexts that distinguish from other activities. 
After finding these related contexts based on theories, we use 
domain knowledge and machine learning to make them 
measurable. Dotted eclipses represent International System of 
units (SI units) related to using sensors, which are organized 
as an objective of the system. 

A. Sensors 
For recognizing a dining context, we use sensors attached 

to a smartphone and wrist-wearable device. The distribution 
rate of wrist-wearable form is a way higher than other form of 
wearable devices and wrist-wearable is very natural position 
to collect daily life data constantly. As we use our hands to eat 
something, wrist is appropriate position to collect dining-
related movement and position of hands, and perimetric 
temperature or humidity. We use sensor hub for wrist-
wearable devices, which combines InvenSense’s MPU- 

 

TABLE I.  RELATED WORKS RECOGNIZING VARIOUS DAILY ACTIVITY USING LOW-LEVEL SENSOR 

Author Target activities Sensors Extracted features Basic model 

Oliver et al. 

[3] 

6 daily activities occurring 

 from an office worker 
Video, audio, keyboard, mouse 

Whether a phone ringing or not, 

existence of conversation, etc 

layered 

HMM, DBN 

Du et al.  

[4] 

5 daily interactions between 

 two people 
Surveillance camera 

Velocity, direction, distance of 

ongoing path, etc 
DBN 

Hong et al. 

[5] 

Emotion, stress, activity  

of a user 

Accelerometer attached to wrist, GPS, skin 

temperature, current weather and temporal 

information 

a result of k-means algorithm  DBN 

Krause et al. 

[6] 

Daily activities like walk,  

work, and drive 
GSR, GPS, heart flux, thermometers, etc a result of k-means algorithm  BN 
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Fig. 2.  Context modeling for dining context 

TABLE II.  SENSORS ATTACHED TO WRIST-WEARABLE DEVICES FOR 
RECOGNITION 

Name Derived units 
Power 

consumption 

Collecting 

frequency 

h_acc acceleration 450   20Hz 

h_lux luminance 250   1Hz 

h_temp degree (Celsius) 1.0   1Hz 

h_hum (density) 0.8   1Hz 

 

9250 motion sensor, Bosch's BME280 environment sensor, and 
Avago Technologies's APDS-9900 illumination sensor into one 
area collecting total 9 kinds of data. Table II shows the type of 
sensors, related with the derived units of SI, power 
consumption, and collecting frequency. As our measurement, 
this device can collect data continuously up to 6 hours.  

B. Components of dining context 
 Table III shows OWL Lite representation of our proposed 
context model. 4 subclasses of dining are defined and 15 
related contexts are represented as an object property of 
subclasses for recognition. 4 subclasses represent the 
components of 5 W's, except 'Why' as this context is 
considered hard to measure with sensors in wearable 
environment. A subject property consists of goal-directed 
processes (actions) and unconsciously appearing status of body 
(body temperature, posture, etc; operations). With 7 object 
properties, subject property can be measured. To consider not 
only activity itself but also occurring environmental factors 
[11], the model contains physical attributes. A temporal and 
spatial property have 2 and 5 properties respectively as shown.  

C. Construction and modulization of Bayesian network 
Figure 3 shows the constructed BN for recognition. A 

network has a diningPr node as a root node, and consists of 4 
child nodes with 90 subnodes to infer these nodes. They form 
a hierarchical structure with related nodes as a result of 
context model (table III). The network has several modules 
where each has independent judging frequency. Dining-related 
contexts often can have different judging frequency, for 
example, we should measure the movement of wrist more than 
current time. As separating their judging frequency 
independently, we could save calculations. 

 

a) Dynamic Bayesian network for temporal continuity:  
Dynamic Bayesian Network (DBN) is a BN that represents 
temporal probabilistic relationship between variables by an 
edge [12]. A dining context occurs continuously and repeated 
in a regular occurance time and duration in a daily life. The 
probability of dining itself (diningPr) and usage of diningware 
(Dware) at time t predict a next inference time by the rule of 
equation (1) and (2). 

 

if ( DiningPrDt-1 � 0.4 )   
      then DiningPrDt = DiningPrt + 0.05;          (1) 

  if ( Dinnerwaret-1 = 2 )   //2 = ‘High’ 
      then Dinnerwaret++;   
  else if ( Dinnerwaret-1 = 0 )  //1 = ‘Low’ 
      then Dinnerwaret--;            (2) 

b) Tree-structure Bayesian network modeling: For 
recognizing an activity in a daily life continuously, the design 
for the system must consider its appropriate boundary of 
power consumption. A tree-structured BN can reduce the 
number of operations. Figure 4-(a) and 4-(b) show a general 
BN and tree-structured BN, respectively. The subject property 
node is a final target inference node, whose probability can be 
calculated from all child nodes (equation 3). In tree-structured 
BN, however, we can selectively infer d-separated part and 
reduce operations (equation 4). 

 

P( SubjectProperty | hacc_amt, hacc_pattern, … )          (3)  
 

if P( hacc_amt = si ) > M, 
    then calculate P( SubjectProperty | hacc_amt = si)      (4) 

 
 

 

Fig. 3.  The modulized BN for recognizing dining context 
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TABLE III.  RELATED CONTEXTS FOR RECOGNIZING THE DINING CONTEXT 
 

Class:
Dining 

subClassOf:
Subject 
property 

subClassOf: 
Activity 

subCla
ssOf: 
Wrist 

ObjectProperty: 
Dinnerware 

ObjectProperty: 
Back and forth 

movement 

ObjectProperty: 
Accumulated 

amount of 
movement 

subCla
ssOf: 
Body 

ObjectProperty: 
Stay or ongoing 

subClassOf: 
Operation 

ObjectProperty:Body 
temperature 

ObjectProperty:Posture 

ObjectProperty:Relative 
position of hand 

subClassOf:
Object 

property 
ObjectProperty:Existence of food 

subClassOf:
Spatial 

property 

ObjectProperty:Spatial change 
ObjectProperty:Indoor/outdoor 

ObjectProperty:Spatial humadity 
ObjectProperty:Spatial illuminance 
ObjectProperty:Spatial temperature 

subClassOf:
Temporal 
property 

ObjectProperty:Current time 

ObjectProperty:Dining duration 

   

 
 

Fig. 4.  General structure (left) and tree-structured (right) BN 

For example, if the accumulated amount of wrist is a 
significant factor inferring parent node that is supported by a 
strong evidence, we could just set a parent node’s state 
without considering all the other nodes in d-separated part 
(equation 4). In addition, tree-structured BN can eliminate 
junction tree constructing time so that we can reduce inference 
time [13], and by subdividing an entire BN we can improve its 
reusability and maintainability [14, 15]. 
 

IV. EXPERIMENTS 

A. Data collecting environment 
 Figure 5 shows a smartphone and wearable device (left) 
and its wearing picture (right). We used Samsung Galaxy S 
(model number:SHV-E210S) and made a collecting program 

for Android ver.4.3 to collect wearable and smartphone sensor 
data and user's situation at that moment by tagging. Users did 
not know the purpose of experiment and just tagging their 
situation whenever their situation change, allowing to gather ob 
Jective data. For a wearable device, we use the device 
explained at section 3.1 and build a bluetooth network channel 
with smartphone to send data in real time, so that collected data 
is synchronized. A collecting program can collect continuously 
up to 6 hours when it is fully charged, so that there was no 
interruption while collecting. 

B. Data specification 
For verifying our recognition model, 7 items such as job, 
activity, and food are collected (Table IV). These are primarily 
based on Activities of Daily Livings (ADLs) to determine 
which activities we should test, as a main purpose of ADLs is 
healthcare service which is germane to our system's target. For 
verifying the system as general area as possible, we collected 
various kinds of age, job, time, food, etc (Table IV). As a 
result, we could collect 383-minutes data of 4 people, where 
about 56.90% of them are eating. 

 

 

Fig. 5.  Smartphone and wearable device for data collection 

TABLE IV.  DATA SPECIFICATION FOR THE EXPERIMENT 

Num. Category Contents 

1 Age Teenager, the twenties, the fifties 

2 Job 
High school student, university student, 

housewife, office worker 

3 Activity 

Hygiene activity, walk, using public 

transportation, housework, shopping, 

conversation, playing the musical 

instrument, eating 

4 Time Breakfast, luncheon, supper, etc 

5 Kind of food Korean/Japanese/western food, etc 

6 Dinnerware Spoon and chopsticks, fork and knife, etc 

7 Location Restaurant, cafe, outdoor 
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C. Accuracy test 
Table V-(a) and V-(b) show the result of offline test with 

the collected data. As the system gives a recognition result per 
minute, Table V-(a) shows the confusion matrix of our system, 
where each classification result is obtained per 1 minute. 
Following Table V-(b) shows the statistics like accuracy. An 
accuracy of system is 94.57%, and as specificity (96.25%) is 
higher than sensitivity (93.39%), a case in a negative 
condition(not eating) is recognized better than those in a 
positive condition(eating). Figure 6 shows the ROC curve for 
the system. A misclassification costs are lowest where 
threshold is 40% and 50%, and Area Under Curve (AUC) is 
measured about 0.95, which is considerably high. 

D. Comparative analysis 
Figure 7 shows the result of compare an accuracy with 

other classifier. We use machine learning classifiers supplied 
by Weka 3.6, and use 50% data to learn and rest of data to 
classification. Our model outperforms in accuracy about 
33.37%~41.67%, and in contrast to other methods where 
0.33~6.89 seconds of building time is needed, don’t need a 
building time and learning data. 

E. Application and scenario analysis 
To investigate the proposed model in a real world, we built 

an Android application which represents the result probability 
of dining and other internal nodes value used for recognition 
in real time (Figure 9, left). After interrupting the recognition, 
it gives the graphical representation for result (Figure 9, right). 
Figure 10 shows the power consumption of the proposed 
system compared with other typical applications, measured by 
the PowerTutor application which is a diagnostic tool for 
analyzing system and application power usage. Proposed 
system can recognize the dining context within an acceptable 
power consumption relative to other applications, with about 6 
hours of continual recognition being available. 

As a further investigation, we did a scenario test with the 
data collected in a daily life of a university student who is in 
his twenties. Figure 8 shows a value of internal node's 

temporal variations. While having a lunch and icecream, 
accumulated amount of acceleration of wrist (h_acc) 
fluctuates between 2000~6000, which classify this activity 
from dynamic activities like walking to the cafe well. But to 
discriminate with a more static activities like attending the 
class or walking with his hand in his pocket, dinnerware and 
spatial properties did an important role.  

TABLE V.  CONFUSION MATRIX FOR EXPERIMENT 

(A) 

 

(B) 

 
 

 
Fig. 6. ROC curve for proposed model 

 
Fig. 7.  Comparative analysis with other classifiers
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Fig. 8.  Temporal variations of nodes' value in the scenario 

 

Fig. 9.  Android application built for the experiment 

 

 

V. CONCLUSION AND FUTURE WORKS 
In this paper, we propose a dining context-aware system 

using sensors attached a smartphone and wrist-wearable 
device. To deal with properties of dining context as a high-
level context and temporal continuity, we use DBN, and 
systemically constructed the context model based on related 
theories. For verifying the usefulness in a real world, we 
collected 383-minutes data from 4 people and got 94.57% 
accuracy, which is higher than the conventional classifiers. An 
extending work for other various daily activities and 
verification using more broad data are needed for future work. 
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