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ABSTRACT

Recently, many applications in video surveillance, intelligent traffic system and social
security management require information of vehicle trajectories in an urban area.
Conventional methods tried to track moving vehicles by using either appearance matching or
spatial and temporal information to estimate vehicle trajectory. However, the authors have
recognized a phenomenon that vehicles have tendencies to follow some main roads. Therefore,
the trajectory could be reconstructed based on a small observation-set. By using a training
process, we analyze driver behavior to find out main roads of an urban area. Besides, the
authors propose a new idea to predict the vehicle trajectory based on these learned main
roads. Based on an observed location, these main roads that the vehicle could go through
have been estimated. The full trajectory is would be fusion process of these roads.
Experiments prove our hypothesis about the existence of key roads that citizens prefer to use
and proposed method could improve reconstruction performance.

Keywords: User behavior analysis; Tendency learning; Non-overlapping camera network;
Recommendation system; Trajectory prediction.
TOM TAT

Ngay nay, rat nhiéu ing dung doi héi thdng tin vé duong di cia cac phwong tién giao
théng trong khu vire dé thi nie giam sat an ninh, hé thong giao théng théng minh, quan Iy
trdt tw x& hgi.  Céc nghién ciu trwedc dday vé giam sét dwong di cua phirong tién giao thong
chi yéu dira vao viéc tim kiém s neong dong gigga mét mé hinh mdu véi thong tin tir may
quay giam sat; hodc dira vao c&c thong tin veé khdng gian, thoi gian dé woc hwong dwong di
cua phuong tien. Mac du vay, tac gid nhdan ra mgt hién ruong la cac phuwong tién giao théng
c6 khuynh fueéng di chuyén theo mét vai truc duong chinh. Nho thé, duong di cua phirong
tien do c6 thé dupctai tao néu ta biét diroc mot vai vi tri trén duwong di chuyén. Bang cach si
dung mét qué trinh huan luyén, tac gia da phan tich da liéu nguroi ding dé xac dinh cac cung
dwong chinh trong dé thi. Bén canh dé, tac gia dé xudat mét phwong phap méi dé tai tao lgi
dwong di cua mgt pleong tién giao théng dwa vao cac cung dwong chinh da duwroc hoc. Dua
Va0 mgt sorat it vi tri trén quang dwong di chuyén, tac gia da woc heong dioc cac cung
dwong chinh ma tai xé da di qua. Quy dao dwong di cia phwong tién sé dwoc suy dién nhur 1a
sir két hop giira cac cung diwong chinh ma tai xé da di qua. Két qua thi nghiém khang dinh gid
thiét cua tac gida vé viéc ton tai nhing truc dwong chinh ma nguoi dan c6 khuynh huwéng sir
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dung va phwong phéap dé nghi c6 kha ndng nang cao kha néng téi tao lai dwong di cua

phuongtién.

Tir khoa: Phan tich hanh vi nguoi ding; hoc tap khuynh huweéng; hé théng camera khong

tring lap; hé thong @é nghi; di béo dwong di.

1. INTRODUCTION

A ot of intelligent applications such as
video surveillance, traffic monitoring, social
security management, public transportation
and military rely on non-overlap camera
network to estimate wvehicle trajectory. In
general, trajectory prediction could help to
well estimate traffic flow or to know where
the wvehicle visited. That information is
important in traffic management and criminal
investigation. Many previous methods [1-3]
were proposed to track the moving vehicles.
Those methods mainly based on the
measurement of space-time relationships and
appearance similarity to recover the vehicle
trajectory. However, the object appearance
similarity may be corrupted due to dynamical
illumination  changes or inter-object
occlusion. On the other hand, the transition
time across cameras is irregular because of
traffic condition and traffic light. Those
factors may increase matching uncertainty
and reduce system performance.

Recently, to overcome above challenges
of a vision based system, the prediction has
been modeled as a recommendation system
[4]. Here, vehicle trajectories are modeled by
a vector of cameras in an urban area. When a
vehicle appears at a camera, the
corresponding value is set to one and
otherwise. If the information is not available,
the wvalue is empty. A recommendation
system could help to predict empty value so
that a full trajectory could be reconstructed.
While avoid challenge of vision based
system, the accuracy of the approach relies
on the applied recommendation algorithm.

Moreover, conventional recommendation
algorithms do not explore raw data; therefore
they work as black-boxes to reconstruct a
trajectory. Hence, in this paper, we aim to
propose a novel method that explore the raw
data as well as introduce a method to infer
vehicle trajectory in an efficient manner.
Contributions of the paper are listed below:

e A proposed method to learn latent roads
in an urban area. By analyzing user
behavior, we find out there are main
roads that users prefer to use. The learned
process could help officer pay more
attentions to avoid traffic jam on these
roads.

e Moreover, an inference method to
estimate vehicle trajectory base on a very
few observations are also proposed. By
using the learned road segment, the
authors can infer full trajectory by fusing
all appearing segment on the map. The
properties provide a clear viewpoint
about how the algorithm can work and
improve  performance  significantly
compare with based-line methods.

2. PROBLEM MODELING

In this paper, we assume that a vehicle is
partially observed by some cameras in the
public multi-camera surveillance networks.
The proposed system aims to predict the full
vehicle trajectory based on the partial camera
observations. One example of input data is
present in Fig.1. Here, the numbers present
camera-IDs on a network and the green
circles present the cameras where target is
observed. In particular application, license
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plates could be used to identify a target
vehicle. Due to occlusion effect and
illumination effect, the license plate could
not be detected at all camera nodes.
Therefore, it is assumed that the plate is
detected only at some camera nodes. Our
method will predict a full trajectory as in
Fig.2. The red line connects all cameras on
the trajectory.
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Fig.2 Out put: full trajectory.

3. THE PROPOSED METHOD

In this section, let us discuss how labeled
data for training process were collected. Based
on the data, the authors introduced a method
to learn main roads as well as inferred a full
trajectory based on the learnt road.

3.1 Data collection

In order to collect vehicle trajectories for
training, we create a web interface, as shown
in Fig. 3, which helps one to select the
preferred trajectory from one place to the
other place. First, a start point and a stop
point are randomly selected in the map
region of interest. Our system then
automatically generates an initial trajectory
connecting the start point and the stop point

and shows the trajectory in Google Maps.
Finally, users are required to modify the
default trajectory to meet their personal
preference. In our data collection process, we
select a region in Kaohsiung city as our
testing environment. Many users who are
familiar with the environment are invited to
collect the data.
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Fig.3 Our Web interface used for data
collection.

Next, we define the available cameras
inside our experimental region in Kaohsiung
city. In our system, the location of each
camera is recorded by its longitude and
latitude. This information could be extracted
from the Google MAP API. Now, a
trajectory is presented as a group of identify
numbers. The example of labeled data D is
shown as in Table.1. Here the element Dij is
set to one if the ith camera appears on the jth
trajectory. Otherwise, if a camera is not
appeared on a trajectory, the corresponding
element is set to zero. By using the modeling
method, each trajectory is presented by a
n-by-1 vector in each column of the matrix D.
Totally, we have collected 239 trajectories
which include 627 cameras in our
experimental region.

3.2 Learning process

To learn the main trajectories; we based
on two assumptions. The first assumption is
that a trajectory is a combination of several
sort-main trajectories. It is reasonable
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because there are some key traffic nodes
that help to move faster from a region to
another region. The key traffic node will
define main road segment. The second
assumption is that if a segment is a main
road, it should be used by many users.
Therefore, these cameras of the segment had
a high appearance frequency. Supported by
two assumptions, we can learn the main
road by factorize the labeled data in section
3.1 into two matrixes as in Fig.4. The first
matrix presents the main road in each
column whereas the second matrix present
the contribution of each main roads in the
weight. An intuition is showed in Fig.4; here
a full trajectory is presented by some
cameras in a column in D matrix. The full
trajectory is a combination of three main
trajectories. Our method aims to learna M
matrix that present main road in each
column. Hence to present the full trajectory
we only need to use three main road in M
matrix. The corresponding in W matrix
introduce which main road that used to
create the full trajectory. Therefore, we can
treat each element on D matrix is the
property that a camera appeared on a
trajectory, and an element on W matrix is
the property that a camera appeared on each
sort-main trajectory.

Table 1. Labeled trajectory on the road

T1 (T2 | T3 | T4 Tm
Cl |1 0 1 0 0
C2 |1 1 0 0 1
C3 |0 1 1 1 0
C4 1|0 1 0 1 1
Cn |1 0 0 1 1

Weight
1 H

Trajectory Main road

MNain road

Camera

Camera

D M W

Fig.4 Matrix factorization of labeled data

To learn M matrix and W matrix, we
need to optimize the energy function (1):

(m, W) = argmin||D — M = W||?
(mw)

st M,W>0 1)

Here, the term ||[D — M * W||? is data
error term; it is hoped that the learnt
trajectory could fit well with labeled data.
Moreover, the authors introduce
Non-Negative Constraint to force each
column of M is a part of a full trajectory. The
concept is supported by result in [5] where
non negative constraint can help to learn
parts of face from a face dataset. In addition,
we expect the weight of a main road is zeros
if the segment does not have any connection
to a trajectory. Therefore, the non-negative
constraint in W matrix is introduced. The
method in [6] is used to solved the problem
in (1). The optimal solution is an integration
process that presented in (2-3).
(M" D),

W = Wo oo,y

(2)
(47,

Mo = M G

3)
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Under update rule in (2-3), the Euclidean
distance ||[D —M «=W/|| is non-increase.
Therefore, the solution could converge after
an integration process.

3.3 Inference method

Given some partial observations at some
camera node. If the wehicle appears at a
camera, we name the camera is an appearing
camera and denote as ‘1’°. Otherwise, if the
vehicle does not appear at a camera, we name
the camera is non-appearing camera and
denote as ‘0°.Other cameras on map are not
observed, hence we call they are unknown
cameras denoted by ‘U’.

To infer status of these unknown camera,
we proposed a hierarchical framework as
presented in Fig.5. Here, we introduce a
bottom-to-up and a top-to-down processes in a
unified framework. For the bottom-to-up
process, based on the main trajectory and
given observations, we estimate a confident
vector which present the ability that a camera
iS an appearing camera given by some
observations. Consequently, each unknown
camera is presented by a value. If the value is
high, we predict the camera is an appearing
camera. If the value is small, we predict the
camera is a non-appearing camera. Others
should be predicted as unsure cameras; this
means we do not confident about their
statuses. Then, for top-to-down process, we
compare the confident vector with several
hypothesis solutions. Which hypothesis could
provide a small reconstruction error could be
select as a best suitable solution. The method
is based on an idea that, if a hypothesis is a
real trajectory, the hypothesis is well
reconstructed from training data. Otherwise, if
a hypothesis is not a trajectory, the hypothesis
will have a reconstruction error. Follow the
method, we recommend top N candidates
which have high abilities to be a ground true.

Hypothesis

‘ Hypothesis ‘ Hypothesis

Top

Reconstruction
error

Reconstruction
error

Recanstruction
error

Down

Confident vector
Bottom

to Up

P = ~ = ~ P L ~ P P
( ( [ ( Yol

Particular ol:.lser\ratigr;.
Fig.5 System flow of the proposed method

Section 3.3.1 introduces confident vector
and section 3.3.2 discusses about hypothesis
method.

3.3.1 Confident vector

By factorizing matrix D(m*n) into two
matrixes, M(m*k) and W(k*n), we have k main
trajectories which are columns of M matrix.
Each M element presents ability that it camera
appears onthe main trajectory j. We denote:

o X: a confident vector, X evaluates
confidences of cameras could appear on
a trajectory.

o Xj: a confident vector given by an
observed " camera, Xi evaluates
confidences of cameras could appear on
a ground true if the it" camera appears on
the testing sample.

o Xijj: evaluate ability that cameras on main
trajectory j appear on a ground true if the
i'" camera appears on a testing sample.

o M(.j): the jt" column of M, presents ability
that cameras appear on main trajectory j.

o Sj: the set of appearing camera on the jth
main- trajectory

First, given one particle observation at
the ith camera and the j!" main trajectory, we
compute the probability that cameras on the
jth trajectory could be an appearing camera.
The value could be score in a vector Xl as:
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2]
ixllcjesj = Mkji (4)
l Xlicjss =0 J

Follow the equation (4), where a camera
IS an appearing camera, we set its probability
to be an appearing camera is one. Each
camera on the trajectory could receive the
probability in M matrix; others camera is set
to zero mean that this camera does not have a
change to appear on the trajectory.

The probability that cameras be an
appearing camera given by all learnt
trajectory is defined as equation (5); and the
confident vector X is defined as (6).

Xy ()
Xi (6)

X =

i Zjemain trjectory set

X = Zieappearing camera set

After estimate confident vector X, we
identify all cameras on the map as three
classes include appearing, not appearing, and
unsure cameras. Figure (6) presents one
example these classes. Here, 39, 9th 11¢,
12nd 16t 21t 22nd 25t cameras are not
observed cameras. The 3'%camera has a high
confident value; hence we predict it is an
appearing camera. The 9t 11th and 12t
cameras have moderate confident values,
hence we predict they are unsure cameras.
The 16th, 21%, 22" and 25" cameras have
small confident values, hence we predict they
are non-appearing cameras.
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Confident value

1]

3 9 1112 16 2122 25

Camera ID

Fig.6 One example of sub confident vector

This vector shows confidences of not
observed cameras.

The number of appearing cameras in
each testing sample is different. Therefore,
we should not set up a threshold to classify
unknown cameras into the three groups.
Hence, we suggest use k-means method [7]
to automatically predict statuses of unknown
cameras.

3.3.2 Hypothesis method

For each unsure camera, we have two
available options. Therefore, for each mn
unsure cameras, we can generate2”t options.
Each option is called a hypothesis. We
reconstruct all hypotheses by using training
data follow a process in Fig.7. An accuracy
of the reconstruction is applied to predict
what hypothesis could be aground truth
trajectory. If the reconstruction error is small
enough, it means the corresponding
hypothesis has a high chance to be a truth
trajectory.

hypothesis
Trg'p'qu]aga l
Find k neighbors of
Training set a hypothesis from
training set
]
Reconstructed
Matrix factorization | > hypothesis
W
D =
= M Reconstruction eror =
|IIypothesis - reconstructed hypothesis| |
I A
Reconstuction aceuracy =
1/ Reconstruction error

Fig.7 Reconstruction process and
reconstruction accuracy.

First, we select k neighbors of a
hypothesis by compute similarities between
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the hypothesis and all trajectories in training
set as equations (7)

mun(ua=D(;D)

m

()

Here, ua is a hypothesis, D(:,1) is the ith
column of D matrix which represents a
training sample, m

sim; =

is the number of
cameras on a map, simi is the similarity
between the hypothesis and the training ith
trajectory. Then we compute the
reconstructed hypothesis given by the kth
neighbor as in (8)

R, = M+W(:,k) (8)

Here, W (:, k) isthe column k" of the W
matrix. The reconstructed hypothesis for a
given ua is a linear combination of each Rkas
in (9).

> i sim;, *R
Ra= keneighbot set k™ 'k (9)

2k eneighbot set SiMy

Reconstruction error of ua is calculated
as equation (10) and the corresponding
accuracy is calculated as equation (11).

error, = |lu, — R|| (10)

acc, = (11)

error,

The selected hypothesis is based on the
rule in (12).

R = argminerror, (12)

a

4. MAIN-ROAD
EVALUATION

LEARNING

To prove our idea about the existence of
main road on a map, we analysis values in
each column. If a camera has a high value on
a column, the camera is identified as a camera
on a main trajectory. We show the high
confident cameras in each columnona map in
Fig.8a and Fig8.b; the result shows that these
cameras create a short trajectory on a road.
Moreover, we show all main roads on the map
in Fig.8c. Each color presents a main road.

[E—
School

Fig.8 Some main roads on a map

5. RECONSTRUCTION EVALUATION

To evaluate our system, we compare our
proposed method with the item based
methods, user based method and latent based
method as in [4]. For each comparison
method, we try several parameters to select
the best result, then we compare the result to
our proposed method. This process prove our
method is outstanding than the previous
works in almost setting option.

To create the testing set, we randomly
select 20 trajectories as the testing set and the
other 219 trajectories as the training set. This
experiment process is repeated ten times to
make our evaluation trustable. We introduce
evaluation metric in section 5.1 and detail of
experimental result in section 5.2.
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5.1 Performance Metric for Evaluation

Since the trajectory is represented as a
camera status vector, which is a Boolean
vector, we decided to use a confusion matrix

described inFig.9 to evaluate the performance.

If a camera is predicted to appear in a
reconstruction trajectory, and the camera also
truly appears in the ground true, it is named
as a true positive (TP). However, if the
camera does not appear in the ground true
then it is said to be a false positive (FP).
Conversely, a true negative (TN) has
occurred when a camera does not appear in
both the reconstruction trajectory and the
ground true. Moreover, a false negative (FN)
indicates when a camera does not appear on
the reconstruction trajectory while appears in
the ground true.

Ground true

Appear Not appear

T

3 True False
= 3 | positive positive
O -
o
=
k7 =
c 2 | False True
Sm negative negative
8o g g
o g=]

1]

jui]

-

Fig.9.Confusion matrix.

The overlap between an output and
ground true is described by a recall rate
calculated by equation (13)

TP
TP+FN

recall = (13)

Even if recall rate can measure the
overlap between an output and ground true
trajectory, it can’t prove that the output is a
good result. For instance, in the situation that
many cameras are predicted as appearing
cameras, the recall rate is very high. However,
the prediction output may still far away from
the ground true. Hence, the precision rate is

also considered to measure the expandable
ability of an output. The precision rate is
calculated by equation (14)

TP
TP +FP

precision = (14)

To find an optimal trade-off between
precision and recall, a single-valued measure
like the E-measure can be used.

_ 1
- 1 1
measure o 1 +(1-0)
precision recall

E

(15)

In (21), parameter o controls the trade-off
between precision rate and recall rate. In our
paper, we assume that precision rate and recall
rate are equivalent important. Hence the
parameter o is set to 0.5, and E measure
become F_measure as equation (16).

2 precision.recall

F_measure = (16)

precision+ recall
5.2 Experimental Results

To evaluate the system performance, we
tested the system in these situations that only
20%, 40%, or 60% of the camera statuses are
observed. To be fair, the testing trajectory
should be carefully generated. For instance, if
we would like to test the 20% case, we
generated a trajectory by removing 80% data
with “l1” camera statuses and removing 80%
data with “0” camera statuses separately.
Result for each experiment is presented in
Fig.10, Fig.11, Fig.12 respectively.

Performance Under 20% observation

058
0.8 - w
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06
0.5

ol 1IN A

Latent based

User based tem_based Proposed

BRecall rate  EPrecisionrate B F-measure

Fig.10 Recall rate, precision rate, and
F_measurement under 20% observation
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For the first experiment; since we rely on
20% camera on map, we expect the prediction
should be a challenging task. Hence, our goal
is notto build a system with high accuracy but
to discover other helpful information that
could be the complement of other previous
methods. To discuss the experimental results,
we firstly check the Recall rate. If the value is
higher than the information we are given, it
means the algorithm could provide positive
help. Next, we check the Precision rate.
Higher precision rate means the algorithm
could give better recommendation. F-measure,
it provides a measurement of owverall
performance. The experiments in Fig. 10, 11,
12 prove the outstanding of our method
compare with previous work. The reason of
the good performance is because our method
can explore the structure of raw data; and used
the structure efficiently.

Performance Under 40% observation
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0.4
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User based Latent based Proposed

tem_based

Recall rate Precision rate F-measure

Fig.11Recall rate, precision rate, and
F_measurement under 40% observation

The F measure of the proposed method is
0.8054, 0.9025, 0.9154 for 20%, 40%, 60%
observed data respectively. Therefore, the
proposed method can work well with a few
(20% observed data). In addition, even 60%

data is observed, the performance is only
increase slightly compare with 40% data is
observed. Therefore, we could rely on a
smaller data to have a fair performance.

Performance Under 60% observation

1
03
0.8
0.7
0.6
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0.4
0.3
0.2
01

0

User based Item_based Latent based Proposed

mRecall rate W Precisionrate  mF-measure

Fig.12 Recall rate, precision rate, and
F_mesurement under 60% observation

Moreover, in all experiments, our
proposed method provided approximate recall
rate, precession rate, and F_measure score
whereas the other method does not provide a
recall rate as good as precision rate. It means
that our proposed method does not provide
too many positive samples or too many
negative samples and work robustly.

6 CONCLUSION

In this paper, the authors proposed a
method to investigate the main trajectory of
an urban area and a prediction framework to
estimate vehicular trajectory. By factorizing a
matrix with non-negative constraint, main
trajectories as columns of a component
matrix have been learnt. By using the main
trajectory, one can boost the information
from a few observations to active a higher
accuracy.
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