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Abstract. Recent sensor technologies have enabled the capture of users’ behav-
ior data. Given the large amount of data currently available from sensor-equipped
environments, it is important to attempt characterization of the sensor data for au-
tomatically modeling users in a ubiquitous and mobile computing environment.
As described herein, we propose a method that predicts a customer model using
features based on customers’ behavior in a shop. We capture the customers’ be-
havior using various sensors in the form of the time duration and the sequence
between blocks in the shop. Based on behavior data from the sensors, we de-
sign features that characterize the behavior pattern of a customer in the shop. We
employ those features using a machine learning approach to predict customer at-
tributes such as age, gender, occupation, and interest. Our results show that our
designed behavior-based features perform with F -values of 70–90% for predic-
tion. We also discuss the potential applications of our method in user modeling.

1 Introduction

Modeling the context for adapting to users is increasingly garnering interest in studies
of user modeling and adaptive hypermedia. Numerous studies have addressed recog-
nition and modeling of a user’s external context, for example one’s location, physical
environment, and social environment, to provide context-aware information. Although
“context” is a slippery notion [1], it is promising if we can recognize and adapt to as-
pects of users such as their activities, general interests, and current information needs
[2]. Such user models are useful for adaptive context-aware information services in
ubiquitous and mobile computing.

Recently, location information has become widely available in both commercial sys-
tems and research systems. The development of recent sensor devices such as Wi-Fi,
Bluetooth, low-cost radio-frequency tags, and associated RFID enable us to obtain
location-based information support in various situations and environments. One early
and famous project was Active Badge [3]. Since that work, numerous studies of users’
activity recognition and location-aware applications have been developed using location
and other sensory information in the context of ubiquitous and mobile systems [4–8].
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Although user models are sometimes assumed implicitly in these studies, several
studies in recent years have proposed user models for ubiquitous computing. Heck-
mann proposes the concept of ubiquitous user modeling [9]. He proposes a general user
model and context ontology GUMO and a user model and context markup language
UserML that lay the foundation for inter-operability using Semantic Web technology.
Carmichael et al. proposes a user-modeling representation to model people, places, and
things for ubiquitous computing, which supports different spatial and temporal granu-
larity [10]. Automatically obtaining such ubiquitous user models from currently avail-
able location and other sensory information will help realize adaptive context-aware
information services in ubiquitous and mobile environments. As discussed in [11], user
modeling and behavior recognition are mutually complementary: given a more precise
user model, we can more precisely guess the user behavior, and vice versa.

As described in this paper, we propose a method to predict user attributes from lo-
cation information. In particular, we specifically examine the location information of
customers in a shop. We conducted an experiment to obtain empirical data from an
actual shop with more than 100 users. We capture customers’ behavior in the form of
time duration in a block and the sequence between blocks in the shop using sensors of
various types. Based on the behavior data, we design several features that characterize
the behavior pattern of a customer in the shop. We employ those features with a ma-
chine learning approach to learn customer attributes such as age, gender, occupation,
and interests. Consequently, our method can automatically predict a user model of a
new user coming to the environment. We show that some attributes are likely to be pre-
dicted using behavior-based features with F -values of 70–90%. The method is useful
in ubiquitous and mobile environments for adaptive context-aware information services
because it obtains user models automatically from location information.

This paper is organized as follows. In the next section, we describe related work.
We introduce our sensors and describe sensor data in Section 3. The proposed method
to predict user attributes from location information is explained in Section 4. Analyses
of the results are made in Section 5. Finally, we discuss potential applications of our
method in user modeling and conclude the paper in Section 6.

2 Related Work

With recent advancements of sensor devices, numerous studies have addressed the use
of location and other sensory information. Although most studies have specifically ex-
amined recognition of users’ activity [3–5], some studies have recently addressed the
issue of user modeling with location information [6–8]. Most of these studies have em-
ployed knowledge-related features for modeling a user, which require an explicit and
a-priori built representation of the domain knowledge. In contrast, some studies have
investigated modeling a user with features obtained non-intrusively such as observation
of the behavior history and patterns [12, 13] using statistical user modeling techniques
[14, 15]. Matsuo et al. proposed a similar method to predict user attributes using sensor
information [11]. However, they employed only simple location history as the feature
from sensors, whereas we design and combine several features to characterize behavior
patterns, which in turn improves the performance for prediction.
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Several studies in recent years have sought to model users for development of ubiq-
uitous computing [9, 10, 16]. Heckmann proposes the concept of ubiquitous user mod-
eling [9] including a general user model and context ontology GUMO and a user model,
and a context markup language UserML that lay the foundation for interoperability
using Semantic Web technology. Carmichael et al. proposes a user-modeling repre-
sentation to model people, places, and things for ubiquitous computing. That mode of
representation supports different spatial and temporal granularity [10]. Among various
user-modeling dimensions, we mainly focus on long-term attributes such as age, gen-
der, occupation, and interests. Kobsa lists frequently found services of user-modeling,
some of which use users’ long-term characteristics such as knowledge, preference, and
abilities [17]. Jameson discusses how different types of information about a user, rang-
ing from current context information to the user’s long-term attributes, can contribute
simultaneously to user adaptive mechanisms [18]. In the ontology GUMO, long-term
user model dimensions are categorized as demographic information such as age group
and gender, personality and characteristics, profession and proficiency, or interests such
as music or sports. Some are basic and are therefore domain-independent, although oth-
ers are domain-dependent. Our method contributes to the population of such existing
user models by obtaining user attributes automatically.

3 Behavior Data from Sensors

This section presents a description of our sensors and experiments to collect sensor and
user data for designing useful features to predict user models. In our experiment, we
obtain the location information of customers in a shop using sensors of various types.
The shop is virtually divided into multiple blocks. We represent the behavior data of
a customer in the form of the time duration in each block and the sequence from one
block to another.

3.1 Sensors

In our experiment, we use the following sensors of four types as shown in Fig. 1 to
capture location information of customers in the shop:

– IC card: each participant in the experiment is delivered an Integrated Circuit card
(IC card). The IC card readers are attached to the shelves in the shop. The partici-
pants can hold the IC card over the reader on the shelf if they would like to record
their checking the goods on the shelf.

– RFID and Wireless: each participant also receives a mobile device that includes
active Radio Frequency Identification (RFID) and wireless functions. The device
is sufficiently compact that the participant can dangle it around the neck. Active
RFID readers and wireless access points are installed in the shop to detect signals
from the devices.

– Video camera: Video cameras are also installed in the shop to record participants’
motions. The system identifies each participant by analyzing participants’ facial
images in the record video data.
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Fig. 1. Sensors to capture location information of customers in the shop

Fig. 2. Outline view and virtual blocks in the shop where sensor data are collected

Data from these sensors are integrated to estimate the time duration in each block
and the sequence from one block to another in the shop. Using the integrated sensor
data, we can capture users’ locations and transitions between blocks with accuracy of
90%. For our research, we assume that users’ location information is estimated properly
with our sensors.

3.2 Data Acquisition and Representation

To collect the sensor data, we conducted an experiment at a general shop in a city area
that is visited by a wide range of people from youth to seniors. We installed five IC
card readers, three active RFID readers, nine RFID reference tags, three wireless access
points, and five video cameras in the shop. In all, 109 men and women participants
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Fig. 3. Customers’ behavior data based on their location information

Fig. 4. Interface of the system that enables users to create their Blog based on their location
history in the shop

from their late teens to their forties were enrolled in the experiment. Each participant
was provided an IC card and a mobile device. The participants were instructed to walk
around the shop freely according to their personal interests towards the goods.

The shop is divided into several virtual blocks of about a meter square, as shown in
Fig. 2. In our experiment, the granularity of the blocks are decided so that each block
represents a certain kind of goods in the shop. We had seventeen blocks in total. Based
on customers’ location information from the sensors, we represent their behavior data as
the time duration in each block and the sequence from one block to another. To estimate
the time duration and the sequence, we integrate the location information captured from
individual sensors. Then, we obtain behavior data of each participant as shown in Fig.
3. The time duration is counted by seconds.

3.3 Online System

We provided the participants with an online system during the experiment. The online
system automatically generates a personalized Blog template that includes points of
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interest from one’s record of a IC card and one’s location history from the sensor data
(Fig. 4). The participant can freely edit the Blog template and create a Blog during the
experiment. We obtained participants’ subjective sentiment related to the shop or its
goods on this Blog system.

4 Predicting a Customer Model

In this section, we propose our method to predict a customer model consisting of sev-
eral user attributes. The customer model is predicted using a machine learning approach
with features based on customers’ behavior in the shop. We first describe our customer
model to be predicted. Then, we explain the design of customers’ behavior-based fea-
tures to be used for our machine learning method.

4.1 Customer Model

Table 1 shows that we define our customer model using four attributes (age, gender,
occupation, and interest). The attributes of age, gender, and occupation were obtained
from the questionnaire that each participant filled out before the experiment.

Table 1. List of user attributes and their values in a customer model

attribute value (ratio)
age 10s (1.8%), 20s (43.1%), 30s (37.6%), 40s (17.4%)
gender men (54.1%), women (45.9%)
occupation office worker (58.7%), student (24.8%),

housekeeper (10.1%), other (6.4%)
interest interested (45.8%), disinterested (54.2%))

The final attribute interest was obtained from the Blog system that we provided for
participants during the experiment. The Blog contains each participant’s subjective sen-
timent related to the shop or its goods. We manually checked the Blog contents and
counted both positive comments and negative comments for each participant. Accord-
ing to the sums of respective positive comments and negative comments, we classified
each participant according to whether he or she was interested in the shop and its goods,
which then defined that participant’s interest.

4.2 Behavior-Based Features

We now describe our feature design for predicting our customer model. In the shop, a
customer was able to take behavior patterns of several types. Although some customers
might remain in places which interest them, others might stroll around the shop seeking
something interesting for them. Our sensor data capture such different behavior patterns
of individual customers in the form of the time duration in each block in the shop and the
sequence between blocks. We can design several features that characterize customers’
behaviors in the shop given the sensor data. In our research, we specifically examine
the following intuitive features based on customers’ behaviors.
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– binary: whether a customer visits a block or not.
– frequency: how many times a customer visits a block.
– duration: how long a customer is in a block1.
– sequence: how often a customer moves from one block to another.

Matsuo proposed a method to infer user properties from sensor data as a text cat-
egorization problem by converting the sensor data into a sensor-user matrix, which
resembles a document-by-word matrix. In line with this approach, we build the follow-
ing matrices of two types: a user-block matrix (left) and a user-block transition matrix
(right).

u1

...
ui

...
un

b1 ... bj ... bm

v11 ... v1j ... v1m

... ... ... ... ...
vi1 ... vij ... vim

... ... ... ... ...
vn1 ... vnj ... vnm

u1

...
ui

...
un

t1 : b1 → b2 ... tj : bo → bp ... tl : bs → bm

w11 ... w1j ... w1l

... ... ... ... ...
wi1 ... wij ... wil

... ... ... ... ...
wn1 ... wnj ... wnl

Denoting the number of users as n and the number of blocks as m, the user-block
matrix is an n×m matrix U ×B and the user-block transition matrix is an n× l matrix
U × T where l is the number of combination of bordering blocks. We denote vij as the
element of U × B and wij as the element of U × T . Furthermore, binary, frequency,
and duration are derived from U × B and sequence derived from U × T by defining
vij and wij as follows:

– frequency: vij = freq(ui, bj) where freq(ui, bj) is the number of visits of a user
ui at a block bj .

– binary: vij =
{

1 if freq(ui, bj) > 0
0 otherwise

– duration: vij = dur(ui, bj) where dur(ui, bj) is the time of stays of users ui at
blocks bj .

– sequence: wij = seq(ui, tj : bo → bp) where seq(ui, tj : bo → bp) is the number
of transitions of a user ui from a block bo to a block bp.

For frequency, duration, and sequence, we normalized the weight for each feature by
cosine normalization so that the feature weights fall in the [0,1] interval and the feature
vectors become equal in length. The normalization is defined as weightnormalized

ij =
weightij/

√∑m
i=1(weightij)2. Thereby, we generated three other features that we call

n-frequency, n-duration, and n-sequence.

4.3 Prediction

Given the customer model and the feature set, our task is now to predict each attribute in
the customer model using the feature set. For each attribute in the customer model, we
trained a learner that predicts the attribute given a set of training examples that includes
a set of feature values corresponding to the certain value of the attribute. Although

1 If a customer comes back to a block, we count this stay as another time of duration.
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some attributes take multiple values, we solve the two-class problem for every attribute
because the distribution of each value of some attribute is biased. For example, for
occupation, 58.7% of subjects are classiable as “office workers”. Thereby, we train the
learner for occupation using the training examples of positive and negative classes and
solve the two-class problem of classifying people into those who are office workers and
those who are not. Similarly, we train the learner for age to classify people into those
who are in their teens and 20s or 30s and 40s. Regarding gender and interest, they are
also solved as two-class problems because they originally have two classes.

We employ a support vector machine (SVM) as a learner, which creates a hyperplane
that separates the data into two classes with the maximum-margin [19]. The SVMs tend
to be fairly robust to overfitting. In addition, there is a theoretically motivated “default”
choice of parameter setting [20]. The SVM is often used to learn the categorization
problem that is our case reduced from our user modeling problem. We employ a radius
basis function (RBF) kernel, which performs well in our preliminary experiments. The
SVM performance is evaluated using five-fold cross validation.

5 Evaluation and Results

5.1 Attribute Prediction

Performance of the learner for each attribute are shown with Recall, Precision, and F -
value in Table 2. The F -value is a geometric average of recall and precision, defined
as F -value = (2 × Recall × Precision)/(Recall + Precision). For example, if we use
frequency as a feature to predict the age of a customer, the recall is 0.74, meaning that
we can classify 74% of people with the age having a certain value.

On average, the F -value is about 62%, precision is about 60%, and recall is about
70%. However, the performance of the learner varies depending on the attribute to be
predicted. For age, gender, occupation, and interest, the F -values are as high as 0.67,
0.71, 0.79, and 0.62, respectively, with about 0.44–0.98 recall and 0.51–0.74 precision.
Depending on the attribute, the performance varies as much as 0.2 points, which in-
dicates that some attributes are predicted and others are difficult to predict. We claim
that we must carefully select the attribute to be applied for personalized information
services if we use the automatically obtained user model from location information in
ubiquitous and mobile environments.

The learner performance also varies depending on the feature. For age, n-duration
has the highest F -value and frequency is the second best. Regarding gender,
n-sequence is the best and frequency is the second. For occupation, frequency is
the best and n-duration is the second. Finally, teh n-sequence is the best and fre-
quency is the second for interest. Overall, normalization seems to function effectively
for duration and sequence. The learner based on frequency performs well for every
attribute. However, some features are useful for predicting particular attributes. Our re-
sults show that attributes such as age and occupation can be predicted effectively using
features such as frequency and n-duration whereas gender can be predicted effectively
with n-sequence. Selecting appropriate behavior features depending on the attribute to
be predicted is important to obtain a user model from location information. Although
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Table 2. Performances of prediction for respective attributes depending on the feature

age
Feature F -value Precision Recall

frequency 0.62 0.55 0.74
n-freq 0.46 0.50 0.50

bin 0.56 0.61 0.54
duration 0.60 0.61 0.60

n-duration 0.67 0.61 0.78
sequence 0.59 0.55 0.68

n-sequence 0.60 0.54 0.72
average 0.58 0.55 0.65

frequency &
duration & 0.58 0.60 0.58

sequence

gender
Feature F -value Precision Recall

frequency 0.68 0.69 0.70
n-frequency 0.66 0.56 0.84

binary 0.50 0.52 0.54
duration 0.44 0.51 0.44

n-duration 0.52 0.58 0.54
sequence 0.67 0.66 0.76

n-sequence 0.71 0.71 0.78
average 0.59 0.60 0.65

frequency &
duration & 0.69 0.64 0.8

sequence
occupation

Feature F -value Precision Recall
frequency 0.79 0.69 0.98

n-frequency 0.69 0.66 0.80
binary 0.68 0.57 0.86

duration 0.78 0.74 0.83
n-duration 0.78 0.72 0.89

sequence 0.76 0.70 0.91
n-sequence 0.73 0.67 0.87

average 0.74 0.67 0.87

frequency &
duration & 0.75 0.69 0.94

sequence

interest
Feature F -value Precision Recall

frequency 0.59 0.58 0.62
n-frequency 0.58 0.58 0.62

binary 0.55 0.55 0.60
duration 0.48 0.51 0.50

n-duration 0.57 0.54 0.64
sequence 0.55 0.56 0.60

n-sequence 0.62 0.59 0.74
average 0.56 0.55 0.61

frequency &
duration & 0.70 0.67 0.78

sequence

interest seems difficult to predict compared with other attributes, the combination and
selection of features improve the performance, as described in the following section.

5.2 Feature Selection

The results show that behavior-based features are effective to predict some attributes.
We were able to further assume that combining features such that they represent be-
havior patterns in a more detailed way would improve the performance. Although it
is difficult to represent overall behavior patterns using only our simple features, com-
bining those features represents customers’ behavior more precisely than any single
feature. For example, combination of the duration and the sequence can represent a
user moving and stopping. The frequency & duration & sequence in Table 2 shows
the performance of a learner with combined features. For age, gender, and occupation,
a learner with the combined features does not perform better than using the best per-
formance feature. On the other hand, the combined features improve the performance
of a learner for interest as much as 0.08 points from the best performance feature and
0.14 points from average performance. Moreover, interest, which shows a customer’s
positive or negative attitude towards the shop or its goods seems affected by overall
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Table 3. Performance of prediction for interest depending on feature selection

interest
Feature F -value Precision Recall

frequency & duration & sequence 0.70 0.67 0.78
profile (age, gender, occupation, marriage, etc.) 0.74 0.74 0.73

frequency & duration & sequence + profile 0.70 0.72 0.74
selected features 0.72 0.72 0.74

behavior patterns rather than partial behavior patterns. Some attributes are clearly bet-
ter predicted by the combined behavior-based features.

In addition to our behavior-based features, we were able to design various features
using other information sources. For example, if we were able to know user demo-
graphic data such as age, gender, and occupation beforehand, we could use those at-
tributes as features to predict interest. In our experiment, each participant filled out
a questionnaire that enabled us to derive user profile data such as age, gender, marri-
age, occupation, and PC proficiency. Based on the profile data, we design the
profile-based features for predicting interest. As presented in Table 3, a learner with
profile-based features performs better than the combined features. The combination
of profile-based features and behavior-based features does not perform better than the
profile-based features. The features from the user profile are clearly effective to predict
interest. However, behavior-based features can predict interest with comparable per-
formance of the user-model based features. This is important for modeling a user in a
ubiquitous and mobile environment, where it is often difficult to obtain user information
beforehand. Our behavior-based features, which are obtainable from the sensors in the
environment, are useful to predict some user attributes like interest without knowing
the user information.

For this purpose, several feature selection strategies to determine a proper set of
features among many features have been proposed [21]. As portrayed in Table 3, the
performance of a learner with selected features is better than the combination of all
possible features. It is also comparable with the performance of profile-based features.
Feature selection provides a set of weighted behavior-based features; consequently the
weighted features give information about which behavior on a certain location is for
the prediction. This information can be used for installing sensors so that the important
location, the particular block in our case, is properly detected. From a practical per-
spective, such information is useful for arranging displays in a shop or for controlling
customers’ flow in the shop.

6 Discussion and Conclusion

Although we focused on predicting a customer model using features based on cus-
tomers’ behavior in a shop, our method is not limited in such environment. Our method
is applicable to a sensor-equipped environment which could provide a user’s simple
behavior history as described in this paper. By predicting a user model of a new vis-
itor to the environment such as a shop and museum, we can offer personalized infor-
mation services to the visitor. In particular, many researchers have examined systems
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using the user model from location information to improve a museum visitor’s ex-
perience by recommending points of interest and personalizing the delivered content
[7, 8]. Our method can be adopted easily to such existing systems by providing the user
model from location information. Some studies use the user model ontology to provide
such context-aware services [6]. Importantly, our method contributes to the popula-
tion of existing user modeling ontologies for ubiquitous computing such as those of
GUMO [9].

Because we provide an online system that helps a user create a Blog based on his or
her behavior data during our experiment, our method can facilitate creation of a user-
adaptive “Lifelog” by predicting whether the user liked a certain point in one’s behavior
history or not. Lifelog is fundamentally a dataset composed of one or more media forms
that record the same individual’s daily activities [22]. A main challenging issue is how
to extract meaningful information from the huge and complex data which are captured
continuously and accumulated from multiple sensors. Our method can tackle the issue
by predicting what events, states, or places are interesting or important for a user and
summarizing the useful records.

This paper has presented a proposal of a method to predict user attributes from lo-
cation information. In particular, we described our specific examination of the location
information of customers in a shop. We designed several features that characterize the
behavior pattern of a customer in the shop. Machine learning techniques were applied
to learn the pattern between the features and customer’s attributes such as age, gender,
occupation, and interests. Our results show that some user attributes are well predictable
with behavior-based features. The results also show that the selection and the combina-
tion of features are important to predict some attributes. In future work, we will employ
more complicated features that characterize various types of behavior patterns for pre-
dicting user models.
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Not, E., Rocchi, C.: Adaptive, intelligent presentation of information for the museum visitor
in peach. User Model. User-Adapt. Interact. 17(3), 257–304 (2007)

9. Heckmann, D.: Ubiquitous Use Modeling. Ph.d thesis, University of Saarland (2005)
10. Camichael, D.J., Kay, J., Kummerfeld, B.: Consistent modelling of users, devices and sensors

in a ubiquitous computing environment. User Modeling and User-Adapted Interaction 15(3-
4), 197–234 (2005)

11. Matsuo, Y., Okazaki, N., Izumi, K., Nakamura, Y., Nishimura, T., Hasida, K., Nakashima,
H.: Inferring long-term user properties based on users’ location history. In: IJCAI,
pp. 2159–2165 (2007)

12. Zancanaro, M., Kuflik, T., Boger, Z., Goren-Bar, D., Goldwasser, D.: Analyzing museum
visitors’ behavior patterns. In: Conati, C., McCoy, K., Paliouras, G. (eds.) UM 2007. LNCS,
vol. 4511, pp. 238–246. Springer, Heidelberg (2007)

13. Bohnert, F., Zukerman, I., Berkovsky, S., Baldwin, T., Sonenberg, L.: Using collaborative
models to adaptively predict visitor locations in museums. In: Nejdl, W., Kay, J., Pu, P.,
Herder, E. (eds.) AH 2008. LNCS, vol. 5149, pp. 42–51. Springer, Heidelberg (2008)

14. Webb, G.I., Pazzani, M.J., Billsus, D.: Machine learning for user modeling. User Model.
User-Adapt. Interact. 11(1-2), 19–29 (2001)

15. Zukerman, I., Albrecht, D.: Predictive statistical models for user modeling. User Modeling
and User-Adapted Interaction 11, 5–18 (2001)

16. Niu, W.T., Kay, J.: Pervasive personalisation of location information: Personalised con-
text ontology. In: Nejdl, W., Kay, J., Pu, P., Herder, E. (eds.) AH 2008. LNCS, vol. 5149,
pp. 143–152. Springer, Heidelberg (2008)

17. Kobsa, A.: Generic user modeling systems. User Modeling and User-Adaptied Interac-
tion 11, 49–63 (2001)

18. Jameson, A.: Modeling both the context and the user. Personal Technologies 5 (2001)
19. Vapnik, V.: The Nature of Statistical Learning Theory. Springer, Heidelberg (1995)
20. Joachims, T.: Text categorization with support vector machines: learning with many relevant

features. In: Nédellec, C., Rouveirol, C. (eds.) ECML 1998. LNCS, vol. 1398, pp. 137–142.
Springer, Heidelberg (1998)

21. Chen, Y.W., Lin, C.J.: Combining SVMs with various feature selection strategies. Springer,
Heidelberg (2006)

22. Kleek, M.V., Shrobe, H.E.: A practical activity capture framework for personal, lifetime
user modeling. In: Conati, C., McCoy, K., Paliouras, G. (eds.) UM 2007. LNCS, vol. 4511,
pp. 298–302. Springer, Heidelberg (2007)


	Predicting Customer Models Using Behavior-Based Features in Shops
	Introduction
	Related Work
	Behavior Data from Sensors
	Sensors
	Data Acquisition and Representation
	Online System

	Predicting a Customer Model
	Customer Model
	Behavior-Based Features
	Prediction

	Evaluation and Results
	Attribute Prediction
	Feature Selection

	Discussion and Conclusion



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated v2 300% \050ECI\051)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 600
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU <>
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice




