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The research of the automated essay
scoring 1s important in the natural
language, especially difficult in the
Chinese research. Although some scoring
systems have been proposed, all these
systems only score the article one-way.
They can’t provide which aspect in the
article technique may strengthen to the
user efficiently. Thus, the paper
proposes an unsupervised system. This
system could grade essays multi-face and
give the information of misspell to the
user. The adjacent rate in the overall
experiment 1is about 94% and in the

misspell judgment is about 72%.
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Analysis and Prediction of Trajectories Using
Bayesian Network

Chien-Liang Liu, Emery Jou, and Chia-Hoang Lee

Abstract—In this paper, we proposed a novel approach based described by the partitioned cells, but its patterns aréairxgd
on Bayesian network to predict a moving object’s future loc&ion by the frequent regions.
under uncertainty. The approach includes space-partitioing In this paper, we introduce a novel approach based on

schemes, popular region extraction, transformation of trgectory Bayesian network to predict a moving object's future louati
sequence and region sequence, frequent sequential pattermining

and the Bayesian network construction. Popular regions are under uncertainty. The approach includes space-paitigon
used to approximate a moving object’s trajectory sequences schemes, popular region extraction, transformation gédra
The analyzers could determine the regions they are interestl  tory sequence and region sequence, frequent sequentiirpat
in and the system could choose the frequent region patterns mining and the Bayesian network construction. The system

including these regions to construct the Bayesian networkThe I h | d . h . hat th .
popular regions will be regarded as random variables of the allows the analyzers to determine the regions that theyrare |

Bayesian network and the traversal paths of regions are used terested in and frequent region patterns including thegieme

to construct the arcs between nodes of the Bayesian network. will be chosen to construct the Bayesian network. These pop-
The local probability distribution at each node is obtainedfrom  ylar regions are random variables in Bayesian network. The
the empirical data. We propose several algorithms to transfim  gaquence of the traversal path could be used to construct the

the trajectory information into the Bayesian network structure. P o
The experiment shows that the Bayesian network allows us to arcs between these nodes and the local probability disibibu

perform inference and get the probabilities of all possiblestates at €ach node is obtained from the empirical data.

of an unobserved node under the current observed data.
Il. RELATED SURVEY

In trakectory pattern mining, Jeung et al. [5] presented a
novel approach to predict an object’s future locations in a
hybrid manner utilizing both motion function and objects’
|. INTRODUCTION movement patterns. They proposed an indexing method called

In the last decade, data mining has been proved its cagyabillfajectory Pattern Tree to discover trajectory patternd an
and it has been successfully applied to a diversity of applicnanage a large number of trajectory patterns to answer pre-
tion domains. Essentially, sequential patterns miningiges dictive query efficiently.
on finding inter-transaction patterns in the time-stampeced ~ Instead of using association rules to obtain trajectory pat
transaction set. Many algorithms for sequential pattermimgi  t€rns, Ishikawa et al. [6] proposed to extract the mobility
have been proposed, such as PrefixSpan [1] and SPADE [§]atistics, which is based on Markov Chain Model, from an

In recent years, many researchers have attempted to di§lexed spatio-temporgl da’gabase. Assume a databass store
cover usable knowledge about movement behavior. Varioishuge volume of trajectories of moving objects and each
approaches have been employed in spatio-temporal data ni@iectory record starts from= 0 and ends at = 7. Based on
ing. In association rule mining, Giannotti et al. [3] propdsa Markov Chain Model, given a moving object's current positio
novel form of sequential pattern, called Temporally-Aratetl Co at @ specific time, the probability of moving td”; at time
Sequence (TAS). Each transition in a sequential patterntig 1 could be obtained based on conditional probability.
annotated with a typical transition time. Based BAS no-  Moreover, Jeung et al. [7] proposed to use Hidden Markov
tation, Giannotti et al. [4] proposed a density-based agor Model to perform trajectory pattern mining. In traditional
for discovering regions of interest and a trajectory patteS€duential pattern mining, transition time between tretisas
mining algorithm dynamically discovering regions of irgst. are used to indicate the order of sequence and the temporal

Meanwhile, Jeung et al. [5] presented a novel hybrid prefict information will be absent in_ the mining ruI(_es. Temporally
approach to estimate an object’s future locations basedsonAnnotated Sequences (TAS), introduced by Giannotti edl. [
pattern information as well as an existing motion functiof'® €xtension of sequential patterns that enrich sequevittes
using the object’s recent movements. In addition to astionia € typical transition times between original sequences.
rules, proba}bility model apprqaches predict a moving digiec Il. SYSTEM DESIGN

future location using uncertainty and probability. Ishileaet

al. [6] proposed to adopt Markov chain model to estimate

with high probability whether an object at some regions Figure 1 shows the system flow including popular region
will move to another region in the next period. Meanwhilegxtraction, trajectory sequence to region sequence temsf
Jeung et al. [7] adopted Hidden Markov Model to describetmn, frequent region extraction and Bayesian network con-

moving object’s trajectory pattern. An object's movemears struction stages.

Index Terms—Trajectory Pattern Mining, Data Mining, Prob-
ability
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A. Popular Region Extraction
tio ftg
We adopt region concept to approximate a moving ReglonB

object’s spatio location. Thus, two objects that are lo-

cated in the same region wil be regarded as beigy 3 Transformation Between Trajectory Sequence andoReBequence

at the same location. Moreover, a moving object’s tra-

jectory sequences could be transformed into region se- TABLE |

guences. For example, if there is a trajectory sequence _ DATABASE WITH FOUR TRANSACTIONS

(€1,91) 2 (22,2)|(21,51) € Ry A (22,y2) € Ry, it could be [ [12nsaction D Sequence

transformed toR; > R,. 2 abcd
In this paper, popular regions are adopted to approximate 3 bd

a moving object trajectory information. The popular regior 4 ab

extraction process is based on the approach proposed by [4]

with minor modification. The whole plane could be regard

as a gridG, which is partitioned inta: x m cells. The density _

of each cellG(i,j) (1 <i <nandl < j < m) is based on When t_he populz?\r regions are e_zxtracte_d, the system can

the moving object's trajectory information. Figure 2 shoavs Obtain trajectory point's corresponding region based oorco

moving object’s trajectory information. At timig,, its location dinates information. In practice, the GPS recorder keegektr

is at P,. It moves to locatior?, at timeT5. When the moving of '_[rajectory information every several seconds, so canser

object’s location is at positioi;, the cells around?; (cells POiNts are usually located in the same area. Line 14

1—9) will be assigned with equal weights. Meanwhile, lineaP€rforms the aggregation of regions.

regression approximation is adopted to describe the tjec  FOT €xample, Figure 3 shows a trajectory sequence and

between two consecutive points. As shown in Figure 2 tfle includes fourteen points. The transformation result! wil
moving function betweerP, and P, is approximated using be 00AAAA0000BB00, where 0 indicates that this point

a linear regression and the cells around this line should {eN0t Within any region. Although this trajectory sequence
assigned with equal weights as well. We extend from the stR@SSes througRegion A four times, it will be recorded once.
point and the virtual points will be assigned along this lind€anwhile, the trajectory points that are not within popula
The distance between the two virtual points is the length B§9ions will be ignored. Furthermore, the trajectory magyst
the cell. For each virtual point, the cells around this \attu &t @ region for a while, but only the entry time will be taken
point will be assigned with equal weights as well. In addifio 'Nt0 account. In other words, the trajec}oI¥ in Figure 3 Wi
each cell will be weighted once for the same moving objedfansformed into the region sequenég '~ Rp. When the
Thus, the gray cells in Figure 2 will be assigned with thabove step completes, the original trajectory sequenckl cou
same weights. For each trajectory sequence, it will couteib Pe approximated by the region sequence.
weights to the cells along the trajectory. When the process
is completed, the popular cells could be determined based
on the cell’s density. Simultaneously , follow the steps of. Frequent Sequential Pattern Mining
PopularRegions algorithm mentioned in [4], these popular \hen the region sequences are obtained, Algorithm 1 (Mod-
cells could be extended as much as possible along fGHgq prefixSpan Algorithm), which is based on PrefixSpan [1]
directions to obtain popular regions. algorithm, is employed to extract frequent sequentialgoagt

In Algorithm 1, DatabaseScan procedure will get frequent 1-

eg. Trajectory Sequence To Region Seguence Transformation

itemsets. For example, if we have four transactions as shown
. in Table I. After DatabaseScan procedure applying to the
e above sequences with the minimum support of value three,
@O the frequent 1-itemset of the database willdeb andd. A
12 3®,~“ gueue will be created to store these frequent items. Databas
4 |s@ ;s
Dl
N ERE TABLE II
PROJECTIONRESULT
Transaction ID| Sequence
. . . . 1 bcde
Fig. 2. Trajectory Density Computation Model > bcd
4 b




Algorithm 1 Modified PrefixSpan Algorithm
Input: A databaseD B with transaction list, minimum supportin_supp
Output: Maximal Frequent List

1: 1l-itemsetList «— DatabaseScal{B,min_supp)

2: Queue «— CreateQueue(1temset List)

3: while Queue is not emptydo

4: e <« Queue.dequeue()

5. projectedltemList «— DatabaseScan(Projectien(D B), mini_supp)
6: if projecteditemList is emptythen

7: OUTPUTe

8 else

9: for all ¢ such thatl < i < projecteditemList.Lengthdo

10: Queue.enqueue(e.concatlojectedltem List[i])

11 end for

12:  end if

13: end while

projection will be applied to the elements in the queue. Fpropagation approach to approximate inference. Howeeer, b
example, the first element in queuedsand Table Il shows cause the graph now has cycles, information can flow many
the result ofa-projection on the database. times around the graph. For some models, the algorithm will
For each projection resulfatabaseScan procedure could converge, whereas for others it will not [9]. Meanwhile, in

be applied to get the frequent 1-itemset of the project@siany applications such as tour planning and transportation
database and the projection item could combine the newrbuting analysis, people rarely re-visit the same placengur
itemset to obtain larger itemset. For example, the freqienta fixed time interval and cycle conditions in the trajectory
itemset in Table Il ish, and it means thadb will be frequent sequence could be ignored. Thus, The region sequences with
itemset too andab will be added into the queue for furthercycle condition will be removed in this paper. The constiarct
process. When the above process is completed, the syst§na Bayesian network structure using region sequences is
could obtain frequent region patterns. presented in Algorithm 2, where Lirie-9 will create a region

node if this region node has not been created and Line20

will create the arc between parent node and child node.
D. Bayesian Network Construction In addition to the structure construction, we could cortru

As mentioned above, frequent patterns on region sequents conditional probability table for each random variable
could be discovered by sequential pattern mining. The arff@M empirical data. In trajectory a‘r‘1aly§|s, we“def,lne aé th
lyzers could determine the regions they are interested ih afCdes as discrete-valued, where "Yes” and “No” are used
the system could choose the patterns including these regidf denote whether the moving objects have visited or not.
These popular regions will be used to denote the randdMi shown in Figure 4, the_ conditional probablhty .table for
variables of the Bayesian network. In this paper, we assiffde E1 will need to take into account two conditions: the
each region an unique serial number. For example, if we dtEPPortion of region sequences includesand the proportion

interested in Region — 5, and the frequent region sequenceSf région sequences does not pass throfighAccording to
including these five regions are listed as follows: the empirical sequence data, the number of paths incluling
is 3, so the proportion would bé0%; while the proportion

Ry — Ry — Ry — Ry of paths not includingR; is 40%. As for R, it has one

Ry — Ry — Rs parent nodeR?;, so it has to take into account both its parent
Ry, — Ry — R3 — Rs node. The conditional probability table &, is presented in

Ry — Ry — R, Figure 4, where smoothing method is adopted to avoid the
R, — R3 — Rs zero probability problem. Therefore, when the above preees

are completed, we could construct a Bayesian network with
For each region sequence, we could construct a corresposilacture and parameters.
ing traversal path and Figure 4 shows the result. The orderin
of regions in the sequence indicates the visiting ordermg, IV. EXPERIMENT
the ordering is used to represent causal relationship of thdn Bayesian network, inference is the process of updating
Bayesian network. When the system proces8es— R, — probabilities of outcomes based upon the relationshipfén t
Rs — R4 sequence, a traversal path starting fr@mwill be  model and the evidence known about the situation at hand.
constructed. Therefore, performing inference means manipulating exdde
Essentially, a Bayesian network represents a system iofa model and obtaining the posterior probabilities résglt
probabilistic events as nodes in a directed acyclic graphom the changes in evidence. Essentially, exact and approx
For the graphs with loops, it is possible to use loopy belighate inferences in Bayesian network is NP-hard, but we can



Algorithm 2 Trajectory Bayesian Network Construction
Input: Region Sequences ListdgionSequenceList)
Output: A Bayesian Network

1: for all ¢ such thatl < ¢ < regionSequenceList.Lengthdo

2:  for all j such thatl < j < regionSequenceList[i].Lengthdo
3 e «— regionSequenceList[i][ ]

4: if list.ISEXxist) is Falsethen

5: list.adde)

6: create a node fo¢

7 end if

8: end for

9: end for

10: for all ¢ such thatl < ¢ < regionSequenceList.Lengthdo
11:  for all j such thatl < j < regionSequenceList[i].Lengthdo

12: parentNode «— regionSequenceList[i][j]

13: if regionSequenceList[i][j + 1] is not NULL then

14: childNode «— regionSequenceList[i][j + 1]

15: if there is no arc betweepurent Node andchildN ode then
16: create a arc fromparent N ode to childN ode

17 end if

18: end if

19: end for

20: end for

the number of trajectory sequences passing through popular
R E—— regions is120. In practice, people could choose the regions
- oE lom they are interested in to perform the inference. We sedect

& 055 | ©GE regions to construct the Bayesian network and Figure 5 shows
the model result. The direction of arcs could be determined
by the ordering of the regions in the sequences. For example,
we have sequences 0,2,4,1,3,9 > and< 0,5,2,1,3,9 >
in the raw data, so we could construct two traversal paths:
0—»2—-4—-1—-3—-9and0 -5—-2—1—3—09.
Moreover, the conditional probability table for each nodald
be constructed based on empirical sequence data as mehtione
in previous section and they are presented in Figure 5.
Essentially, Bayesian network allows us to perform in-
ference and get the probabilities of all possible states of
an unobserved node under the current observed data. For
example, when we have an evidence saying that the user’s
current location is af?,, the system could further inference
user’s previous region is @, with a higher probability:
nonetheless come up with approximations which often work
well in practice. In our experiments, inference is perfodrbg

Fig. 4. Bayesian Network Structure for Region Sequences

PT(RO = 1,R2 = 1)

using MSBNx [10], which is a component-centric toolkit for  p,.(p, = 1|R, = 1) = — 0.98
modeling and inference with Bayesian network. MSBNXx uses Pr(Ry =1)
clique-tree propagation methods to calculate the proibialsil

and it provides an extensive programming interface thatamak Pr(Rs =1, Ry = 1)

editing and evaluation of Bayesian Networks especialllyeas Pr(Rs; =1|R:2=1)= - =0.29

from COM-friendly languages such as Visual Basic, Jscript, Pr(Ry =1)

and C#. Besides, we could also derive possible reasons with a given
We use the trajectory data collected from GPS recordarause. For example, when the user’s current location iat

to construct the Bayesian network. In the data set, there #ine system could obtain the probability of arriving &t is

232 trajectory sequences. These trajectory sequencedeavill0.93 and the probability of arriving aRs is 0.07. In general,

used to extract popular regions and the number of populaBayesian network could be designed to represent the deep

regions is17. As mentioned above, the trajectory sequenceausal knowledge of a domain expert and provide probaibilist

does not pass through any popular region will be ignored aadswers to many queries by computing the posterior probabil
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Fig. 5. Trajectory Bayesian Network Experiment
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