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Abstract: Nowadays, taxi is one of the most popular
transportation modes. There is a large amount of
commuter using taxi every day and taxi trajectories
represent the mobility of people. In the big cities, taxi is
equipped GPS device and run during 24 hours per day,
they may be used to extract reliable information for
transportation status. This paper states our method using
taxi trajectories in Hanoi, Vietnam during 4 weeks from
September 18th to October 15™. In our method, Hanoi
map is divided into the smaller regions with a predefined
size. Next, we identify the contiguous regions where jams
happen during different time slots and their correlations.
Finally, we develop a model predicting taxi transportation
flow in each region and the velocity basing on historical
and weather data.
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I. INTRODUCTION

The rapid development of urban makes the popularity
increase that leads to the increasing needs of
transportation and the transportation jams in some areas.
The problems in the transportation always exist and make
bad affects to transportation, the moving time and air
pollution [1, 2]. Therefore, the prediction of regions
where the traffic jams always occur is very important.

In the big cities, there is a large amount of taxi running.
To operate and supervise effectively, taxi is always
equipped GPS device to report the location and status to
servers with a specific frequency. A large amount of GPS
device generates the large amount of trajectories every
day [1, 3, 4].

Taxi which is equipped GPS can be considered as a
popular mobile sensor indicating traffic status, simulating
trajectory patterns of people. For example, there are about
19000 taxi with transportation license for 300000
commuters (each is equivalent to 4% of the population).
Therefore, each taxi ride can be considered as a
significant pattern to reflect the movement of the resident
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of the city and the traffic flow can be modeled by using
the mobility of taxi running in the roads.

In this paper, we would like to find the regions where the
traffic jams usually occur and their reasons, also the co-
relation between each pair of regions. From that, we build
a model to predict the traffic status the next day,
providing the information to help managers to find the
appropriate solutions. We will implement 2 problems as
the followings:

Problem 1. Modeling traffics and detecting abnormal:
We model the traffics between the contiguous regions by
using region matrix. Each cell in the matrix contains a
feature set representing the effectiveness of different
regions. The values of the feature set are extracted from
the taxis which go through the region. Next, we would
like to look for pairs of regions which have traffic
problems (called skyline) from region matrix of the
duration using Skyline operator. By mining popular
sample data of each time slot of a specific number of
days, the results show pair of regions where the traffic
problems (like jams) frequently occur and their
correlations.

Problem 2. Predicting traffic flow and velocity: We
develop traffic flow set and velocity in each region in
combination with weather data to predict the traffic’s
status of the next day. The prediction results can be
considered as the suggestions to help the transportation
managers have solutions which make transport avoid
these regions.

The taxi trajectory data, velocity data have been
collected from http://gps.binhanh.vn in Hanoi during 4
weeks from September 18™ to October 15™, 2018. All the
data file is in the form .json of Java. We need to
preprocess data to extract it and transform it into suitable
form for all experiments in this paper.

The remaining of this paper includes the following
sections. Section Il indicates some related works and some
backgrounds. The problem 1 with solution and experiment
is showed in the section Il and the problem 2 in the
section 1V. The conclusion is in the section V.

. RELATED WORK AND BACKGROUNDS

A large number of studies in the field of mining taxi
trajectory has been presented for a variety of purposes.
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The study [2] provides driver assistance in picking up
passengers for increasing profits. Other studies have
focused on the construction of intelligent transportation
systems that help guide driving [5], intelligent
intersections that minimize the impact of vehicle
emissions on the air environment when vehicles are
required to wait [2, 6]. Unlike only drivers were focused,
our study can help transportation managers to find the
regions where the problems occur and the cause.

The study [3] deals with detecting traffic anomalies
such as accidents, congestion based on taxi tracking.
Several other studies have attempted to evaluate the
construction of transport works [7]. Studies in the Urban
computing group, such as the exploration of human
activities in urban areas, estimate the similarity level each
day of the week [1, 4], study traffic flow, focus on regions,
images and their effect. Unlike studies that only detect
problems when imminent, our study builds a traffic
prediction model. This model allows users to know in
advance to avoid areas with poor traffic conditions and
traffic managers offer the appropriate solution.

In the GPS data of taxi traffics, each trajectory includes
a series of points (id, time, latitude, longitude, state,
velocity, distance). A taxi has 3 operating status: no
commuter, going to have commuter, having commuter.
Definition 1. Region: Map is divided into smaller regions
with a predefined size, which includes road parts
representing their traffic status.

Definition 2. Trajectory: A trajectory is a series of GPS
points along the timeTr:p — p, »..— p,, i which,

each point p includes longitude, latitude, time, state,
velocity, distance.

Definition 3. Trip and sub-trip: From a trajectory
Tr:p,—>p,—>..—>p, by connecting GPS point to

corresponding region codes (for example
(P 1) > (P, 1) > . (P k) ). A sub-trip
s:r,—r, is created if pi and p; (from Tr) are the first

point in ry and r2 (i<j), where distance and velocity of sub-
trip s are calculated by Equation 1 and 2

d(p;, p;)=p;d-p.d 1)

V:d(pi’pj)/(pj't_pi't) (2)

In Equation 2, velocity is calculated by d/t (d here is
euclide distance) instead of calculating the average value
sent from GPS. This makes the average velocity more
exact because the traffic light waiting time (which GPS
devices might ignore) is included.

Each trajectory can produce many sub-trips but only
one trip, the sub-trip between the beginning region and
the ending region of one trajectory is a trip. At the
following sections, we will call both “trip” and “sub-trip”
as “trip”.

[ll. PROBLEM OF MODELING TRAFFICS AND
DETECTING JAMS

When going through road parts where traffic jams occur
frequently, people can choose a longer road but higher
speed. This is one of the reasons which make some roads
stuck due to the jams from other roads. The problem 1
helps to detect pair of regions which have traffic jams and
the correlation between two regions.
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3.1 Traffic Modeling

In this section, firstly we divide the city map into many
regions, then construct region matrix with each different
time slot.

3.1.1 Partitioning maps

We partition the map of Hanoi including inner city and
some areas with high population into squares sized 1km x
1 km (as showed in figure 1). Partitioning method is
chosen instead of researching roads because the jams are
the consequence while the entire regions bring the
transportation information and the roots of problems.
Moreover, partitioning maps can help us to find the place
where the jams exactly occur.
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Figure 1: Map which is partitioned

3.1.2 Constructing region matrix

Time division: Before constructing region matrix, we
divide the taxi trajectors according to each day in week
and different time slots in a day because the traffics in
different days and times are different and the traffics
status are also different [8].

During a same period of time, the traffic status and
transportation of the people are similar and the traffics
problem also can occur during this time. So, time division
can help explore the problems in more details. As can be
shown in figure 2A, average velocity in the city during
the early morning of business days (7 a.m to 10.30 a.m) is
the lowest in the mornings. The velocity is the lowest in
the afternoon during the time slot from 4p.m to 7.30 p.m,
the time for coming back home. The results have
described exactly the traffics status in rush hours is lower
than the different time slots. Figure 2B represents the
average velocity during weekends, showing that the
velocity during 2 weekend days is similar in which the
lowest velocities are of 2 rush hours slot in the morning
and afternoon.
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Figure 1: Taxi Velocity during the different time slots in

Hanoi

From figure 2, we suggest to divide time as the table 1

Time Business day Weekend
Slot 1 00:00 - 7:00 00:00 - 08:00
Slot 2 07:00 —10:30 08:00 —11:00
Slot 3 10:30 - 16:00 11:00 - 16:00
Slot 4 16:00 — 19:00 16:00 — 19:00
Slot 5 19:00 — 24:00 19:00 — 24:00
Table 1: Time Division
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Figure 2: Put some trajectories into map
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Constructing region matrix: Firstly, we choose the
trajectories having passenger, these trajectories represent
the transportations of a person. Then, we put these
trajectories into the map and construct trips between two
regions (according to definition 3).

Figure 3 describes 2 trajectories in the map with blue and
green, GPS points is orange, regions is showed by red
color. The trajectory Tr; going through rs — r— n
constructs 3 trips rs — r2, 1, — r1 and rs — r1, Trz going
through rs — rg— rz— rz constructs 6 trips. Two
trajectories with different roads can construct the trip rs
— 12. Note that trajectory Try does not construct rs — r4
since there is no GPS point from Try in ra.

Each pair of regions r1 — rz has a set of trips between
them, by summarizing these trips in this set, each a pair of
regions has a feature set: the number of trips |S]
representing traffic flow, average velocity E(V) and
average moving distance E(D). This feature set is
calculated in Equation 3 and 4 with S is the set of trips

Z SieS Si v

E(V)= ®)
|S|
S

E(D)=ZS|'TS| (4)

Region matrix M is constructed as in figure 4 from each
time slot and each day, each value in the matrix is
corresponding to each pair contiguous regions, is denoted
as feature a;, j = < S|, E(V), E(D) >.

o n ... -1 I'n
ro _(Z) .................. ao,n_
ri A0 i ain
M =
rn-1 An-10 e an-1,n
rn = Y0 [0)]

Figure 3: Region Matrix

3.2 Detecting Problem
Firstly, we detect the skyline from region matrix in each
time slot. Then we mine the patterns to find pairs of
regions which occur frequently traffic jams and the
relation between them.
3.2.1 Detecting skyline
The traffic problem between pairs of regions can be
described as the followings:
- The connection between 2 regions is represented by
all the roads which can be moved because drivers
sometimes can choose different roads to go to

other regions to avoid the traffics jams.

- Although the shortest way between 2 regions is hard
to move, the driver still decides to move through
this way instead of the round ways
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A small value of E(V) means the ways connecting
regions are having bad traffic status. A large value of
E(D) means that the taxi must go around way and the
shortest way between 2 regions has a problem. So, E(V)
and E(D) are used to find the problems. The tuple <|S],
E(V), E(D)> indicates the model of connection and
traffics between 2 regions. E(D) shows the geometric
feature of the connection between 2 regions, a large E(D)
means that we need to go a longer way to move to another
region, E(V) and |S| represent the traffics features.

At the beginning, we choose pairs of regions which have
the number of trips larger than the average number from
matrix M, these pairs of regions are considered as
crowded and having big effect regions if the some
problem occurs. Then, we use Skyline operators [9] to
detect pairs of regions according to E(V) and E(D).
Definition 4. Skyline L is a set of points which are not
dominated by any other point. A point dominates another
point if it is better in all dimensions or at least one
dimension.

In this problem, a pair of regions a el if there is no any

pair of region A4 & L in which E(V) is smaller and

E(D) is larger than 8 € L . Figure 5A shows Skyline is

the black line in the lower right conner, we can see that
there is no point outside which has smaller E(V) and
larger E(D) than any point in the skyline.

A) Skyline
Point

E(V) E(D)

4 21 1.66
5 19 1.481
6 17 1.023

9 51

2.44

B) Detecting Skyline
Figure 4: An example of detecting skyline

Figure 5 shows an example of skyline: E(V) and E(D) in
the figure 5B and the picture of a skyline in figure 5A. In
this example, point 1 and 8 are in the skyline because 2

SO 03&04 (CS.01) 2019

these points are not affected by any other point due to
they have the smallest E(V) and the largest 6.

Point 6 is not in the skyline due to it is affected by point
1. Point 2 and 3 are also detected being in the skyline but
point 4 and 5 are not due to point 2, point 9 is not due to
point 8.

3.2.2 Mining patterns

First, we build skyline for each day and each time slot.
Then, we apply Apriori algorithm to mine patterns [10,
11] to find the pairs of regions which frequently occur
traffic jams because the jams sometimes occur only in a
specific time slot. This method helps to find the
association rules between pair of regions then pair of
problem regions during the time of each day, then pair of
problem regions during a time slot. Finally, the remaining
pairs of popular regions are the pairs of problem regions.
The mining pattern process uses the following
information: the support shows the frequencies of
occurrence of pair rp (according to formula 5). The pairs
with their supports larger than a particular threshold & are
considered as the problem pairs in the duration of time
Support(rp) = S L] ®)
number of days

Association rule mining find patterns according to
formula 6, 7 in which | rp, nrp, | is the number of days

during that rp; and rp, regions occur. Support(rp, = rp,)

indicates the frequency of co-occurrence of rpi and rp..
Confidence(rp, = rp,) indicates the probability of

occurrence of rp, given the occurrence of rps.
Support(rp, = rp,) = A, | (6)
number of days

Figure 6 represents an example of association rule mining
from skyline through a number of days in the duration of
time. In time slot 1, a pair of regions r1— rz occurs in 3
days so the support being 1, r1— rs, 24— 15 OCCUr in 2 days
so0 the support is 2/3, ro— r3 occur only the first day so the
support is 1/3.

STIic:: Dayl Day2 Day3
._, 0088
Slot 3
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Figure 5: Association rule mining
Similarly, according to formula 6, the rule ((r1 — r3) =>
(ra — rs)) has the support of 2/3, the confidene of 2/3
while the rule ((ra — rs) => (r1 —r3)) has the confidence
of 1.
The association rules with their supports and confidence
larger than a given threshold can show the cause and
effect information about the pairs of regions. Then, we
continue to mine patterns of pairs of problem regions
during each time slot. The pairs of regions satisfied the
final conditions and the association rules of these regions
can be considered as problem regions during all time
slots.
3.3 Results and solution
The traffic jams usually occur in business days and rush
hours. To find the frequent jam regions, we create
skylines for time slot 2, 3, 4 of business days in a week
(Monday-Friday). During a time slot, each pair of region
occur jams more than twice a week can be considered as
problem regions.

! b o | Hek e g

o i

3 s | 1 2
A) 7a.m-10:30 a.m
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C) 4p.m-7:30p.m
Figure 6: Problem regions in business days

Figure 7 represents frequent problem regions in business
days. According to the map, the problem regions can be
divided into two main groups and some individual
regions. The first group is (ra, r2, rs) and the second group
is (r7, rs, ro). The individual pairs of regions are rs—rs,
l10—T11, 14113, N15—T16.

Look at group 1 of 3 regions (rs, r2, r3), we can see that
during the time from 7a.m to 10.30 a.m (fig 7A), the
moving direction from region r3 and r; to r; has traffic
jams but the directions from r; to others regions have not
any jam because from here people can move towards
many different directions. In addition, the moving
direction from rz to ry is shortest and most reasonable if
moving to the left of r1. The fact that the pair of region
{r1—r3} continues to appear at noon and rush hour of the
afternoon indicates the traffics jams in this region
gradually occur during all the time of days, the pair of
region {r,—r:} does not occur at the time slot from 10.30
a.m to 4 p.m (Fig 7 B) shows that this region has the
traffics jams during the rush hour.

The problems in these regions can be explained as the
followings: the shortest way connecting {rs—r:} has jams
all the time of days and especially during rush hour. So,
during this time, the around way rs—r1,—r1 (the green line
in figure 7A) is chosen. When taxies move along this way
to the square of r, the traffic flow increases a lot that
causes the problem for the pair of region of {r,—ri}. If
the problem of {rs—r} is solved then the problem of
{r2—r1} also is solved.

In the group 2 the region rq and r7 towards to rg occur the
problem in the morning. As can be seen in the map,
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people want to move towards region rqo and larger roads
(black line in figure 7A) to move more easily. At noon
and in early afternoon, the moving direction from rg to rs
still has problem while the direction from rg to r7 has
problem in the morning. This fact is because people want
to return after finishing morning activities and move to
urban. In this group, the pair {ro—rs} is considered as the
key reason of the problems, so we need to solve the
problem of this pair first then the problem of this group.

Among the remaining individual regions, the pair
{ris—r116} occurs during the rush hour in the afternoon.
Since there is no other pair in this area having jams and
there is only one connecting way, we can conclude that the
problem of this way is due to the way capacity cannot
afford the number of vehicles here. The solution is to
extend the way. The pair {ris—ri3} is rather similar to the
pair of {ris—r6}, the given solution is similar to the pair
of {ris—r13}. The pair of regions {rs—re} has no direct
connecting so people have to use around way leading to
waste fuel and time, this pair also should be solved. The
remaining pair {ri>—ru} has not been able to find the
reasons and solutions because there are some different
ways and directions to go.

The detection of jams computed basing on regions
instead of the connecting ways can provide a general view
on traffic status, however there are many ways between
two regions, even they are in reversed directions. In this
situation, the connection between two regions could not
offer some useful suggestions for drivers if the real traffics
in these ways are different.

IV. PREDICTING TRAFFIC FLOW AND VELOCITY

Each  geographic region has different traffic
characteristics, and these characteristics vary from time to
time. Some areas have poor traffic conditions in the
morning but are good at noon and afternoon. In addition,
traffic conditions are influenced by a number of factors,
such as the weather or the day of the week. For example,
a person who regularly travels by motorbike but due to
the weather is too hot, this person decides to move by taxi
or due to good weather most people decide to use
personal vehicles to move. Every weather change affects
the state of traffics, people will want to know what the
impact of weather and how much traffic is expected
tomorrow in weather conditions. The purpose of Problem
2 is to predict the flow and velocity of the taxi in each
region, which determines the traffic conditions in each
region, and gives recommendations to drivers and
managers.

4.1 Creating feature sets

The flow of taxi passing through the r region is
determined by the trajectory of passing passengers r1. By
aggregating points from these trajectories on r, we can
calculate the velocity of the taxi through Equation 8. Taxi
traffic flow represents the change in traffic flow over time
and speed represents the traffic condition here.

M), =2 peh ©)
In this case, Py is the set of GPS points located in the right
trajectory in r region
In this problem, we build the feature set in every 1 hour
because the traffic characteristics change enough to see
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the difference from the previous time. In addition, within
one hour, changes in weather conditions may be different
and impacts on traffic with varied levels. Table 2 shows
an example of a feature set of a region.

Weather is always one of the main factors of traffic.
Many studies have examined the effects of direct weather
conditions on traffics, such as pavement conditions, rain
and snow [12, 13, 14]. Rain is considered the most
influential factor in traffic in Hanoi due to tropical
climate. Here, the average annual rainfall is 1800mm and
in the rainy season in July, August, the rainfall can reach
500mm / month (data from the Statistics General Office
2016). Rain causes the area of the road to be reduced,
moving difficult due to being limited by water and
slowing people down due to dressing and feeling.

In addition to the direct impact elements, several studies
conducted to determine the effect of weather on the driver
[15]. In addition, weather can affect the decision to
participate in human traffic and indirectly affect traffic. In
this study, we use the following information and
indicators

Heat Index: The heat index is a combination of
temperature and relative humidity. This index considers
the comfort of the body. For example, when the body
feels hot it will sweat to lower body temperature. When
the humidity is high, the rate of sweat decreases making
the body feel hotter. The Heat Index is calculated by
Equation 9 where T is the temperature measured in
degrees F, R is the relative humidity.

Hi= -42.379 + 2.04901523T + 10.14333127R -
0.22475541*TR — 6.83783 * 102 T2 — 5.481717 * 10°%R?
+ 1.22874 * 10°T?R + 8.5282 * 10“TR? — 1.99x * 10
5T?R? 9)

Dew Point: Dew point is a combination of heat, humidity,
it refers to the temperature at which steam condenses into
liquid water, which can be changed into rain. Dew Point
is calculated by Equation 10 with a = 17.27, b = 237.7.

aT
. b(b+T+In(RH)) 10
" a—( aTT +In(RH)j

Table 2 shows an example of the change in flow and
velocity of days in the week that combined the weather
data. In the table 2, T (C) is the temperature in degrees
celsius, P (MM) is the rainfall in millimeter, HI and DP are
the temperature and dew point, and M (V) is the average
taxi flow and velocity. On rainy days (3-8 / 10), people
usually take more taxis and the speed of travel is also
lower than the sunny days (1.2 / 10, 9/10).

Table 1: An example of feature sets and weather

Day Time Outlook T(C) | P(MM)
1/10 7:00 Sunny 29 0
2/10 7:00 Sunny 28 0
3/10 7:00 | Moderate rain shower 28 1.4
4/10 7:00 | Moderate rain shower 28 1.4
5/10 7:00 | Patchy rain possible 27 0.6
6/10 7:00 | Moderate rain shower 27 1.3
9/10 7:00 Partly cloudy 27 0
10/10 7:00 Light rain shower 26 2.9
11/10 7:00 | Torrential rain shower 26 125
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12/10 7:00 Light rain shower 27 1
13/10 7:00 Cloudy 24 0
Day | Time | HI(°C) | DP(°C) [S| | M(V)

1/10 7:00 34 25 50 23

2/10 7:00 33 24 55 25

3/10 7:00 33 24 63 13

4/10 7:00 32 24 69 12

5/10 7:00 31 23 72 15

6/10 7:00 31 23 65 17

9/10 7:00 31 23 56 21

10/10 7:00 29 23 68 14

11/10 7:00 29 24 71 17

12/10 | 7:00 30 23 64 19

13/10 | 7:00 26 19 56 24

4.2 Building machine learning models

To build machine learning models for predictive work, we
first transform the data to fit the model by dividing the
information and indexes into some groups. Table 3A
shows rainfall classification with P is the rainfall in mm/h.
Table 3B shows the classification of temperature, Table 4
shows the classification of heat index and dew point.

Table 2: Rain and Temperature classification

slot, we used two algorithms, K nearest neighbor (KNN)
and random forest (RF) for predictions.

4.3 Experimental results and evaluation
To evaluate the effectiveness of the model, we use
Accuracy measurement. The accuracy (denoted ACC) is
calculated by Equation 11.

ACC — number of correct predictions

number of predictions

Table 5 and table 6 show the accuracy of built models for
predicting flows and velocity in 10 high traffic areas and
poor traffic conditions. Where the blue columns represent
the K-Nearest Neighbor (KNN) algorithm with different
K values, the green column represents the Random Forest
(RF) algorithm, the final line is the average ACC of each
color model in which red marks the best model.

Table 5 shows that the taxi flow prediction model with the
KNN method and K = 7 gives the best average result.
Table 6 shows that the velocity prediction model with the
best ACC is KNN with K = 8. However, ACC's
predictions in some areas are not high because of these
chaotic traffic or speed changes due to other factors (such
as traffic accidents or some events).

In this study, KNN is most likely to produce better results
because each weather stage will have different weather
patterns and usually lasts from one week to two weeks.
During this time, the weather will be similar each day so

(11)

or P(mm Or | Temp | Perc the rules of travel will also be similar. KNN uses similar
der | YV | yn der | (°C) | eptio dates for predictions so it can be seen that KNN has the
i n practical implementation approach. The RD results are less
1| Norain 0 1] Less | Very exact than the KNN’s because RD considers each factor
than 10 | cold and can ignore some elements in the training process.
2 | Small Less 2| 10to19 | Cold
rain than Table 4: Accuracy of models predicting taxi traffic flow
0.25 - — — _ _
3| Heavy | 0.25t0 3| 20t025 | Cool TSStl K7_23 5 Kg647 K7656 %67 5676
rain 2.0 - - - - -
T Vey | Mo | [ 4] %05 |Nom 2| 05| Tas| 75| 6861 725
hf;‘r’]y tga(;' al 4| 588 | 647| 627 | 588 62.7
- 5 74.5 70.6 74.5 78.4 76.5
5 More Hot
than 33 6 80.4 76.5 76.5 78.4 86.3
. e 7 84.3 86.3 86.3 86.3 | 88.2
A) Rain Classification B) Temperature 8 60.8 64.7 608 62.7 62.7
Classification Mean | 7254 | 73.79 | 73.78 | 73.76 | 75.96
Table 3: Heat Index and Dew Point Classification Tost K-8 =62 T 7=96 | T=128
Heat Perception Dew Point | Perception 1 66.7 725 725 70.6
Index (°C) (°C) 2 74.5 60.8 60.8 56.9
27to 32 Feeling Greater Serious 3 90.2 824 84.3 82.4
tired than 27 °C 4 56.9 60.8 62.7 56.9
32to0 39 Heat 21-26 °C Very 5 78.4 72.5 78.4 74.5
shock, loss annoyed 6 82.4 82.4 82.4 78.4
of strength 7 84.3 84.3 86.3 86.3
39to51 Heat cure 16-21°C Pretty 8 58.8 58.8 56.9 54.9
annoyed Mean | 74.03 | 71.81 [ 73.04 [ 70.11
More than | Heat shock 10-15°C | Comfortabl
51 may occur e o .
- Table 6: Accuracy of models predicting velocity
A)Heat Index B)Dew Point

Classification Classification

Next, we classify traffic flow and velocity by value
because the days having similar weather patterns will have
similar taxi’s flow and similar taxi’s moving speeds.
Finally, with the feature set that changed during each time
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Test | K=3 K=4 K=5 K=6 K=7
1 68.8 72.7 76.7 70.8 70.8
2 74.7 80.6 825 80.6 86.5
3 78.6 74.7 74.7 2.7 74.7
4 59 51.2 59 62.9 53.1
5 66.9 61 62.9 66.9 59
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6 64.9 59 64.9 51 62.9

7 64.9 64.9 59 68.8 70.8

8 68.8 70.8 727 68.8 74.7
Mean | 68.33 | 66.86 | 69.05 | 69.06 | 69.06
Test | K=8 | T=64 | T=96 | T=128

1 727 | 708 | 68.8 68.8

2 825 | 747 | 747 74.7

3 76.7 | 649 | 64.9 74.7

4 61 | 531] 571 53.1

5 68.8 61 | 571 61

6 66.9 | 473 | 453 453

7 66.9 | 629 | 64.9 64.9

8 76.7 | 70.8 | 7038 62.7
Mean | 71.53 | 63.19 | 6295 | 63.15

From the built-up models, we will proceed to predict the
velocity in the next time and the next day. Figure 8 shows
the heat map of some regions in an hour with the red areas
having the lowest velocity then increasing, the colorless
areas being the places where no taxis moves.
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Figure 8: Heat map of average velocity of taxis

V. CONCLUSION

In this study, we have solved two problems using GPS
data of taxi.

1) Finding out where frequent problems occur in cities
using taxi GPS data by modeling traffic between
geographic pairs of regions. The results reveal the
problems of each pair of regions such as insufficient
response to demand or lack of direct connection and the
relationship of pairs of regions. After grouping these pairs
and identifying the problem, we proposed a solution for
each group. However, the cause can not be identified and
solutions can not be offered for some specific pairs of
regions.

2) Developing traffic flow and velocity models with the
accuracy of 76% and 72% allowing drivers and managers
to know future traffic patterns in regions which have not
frequent good traffic conditions. However, the predicted
results in some areas are not high.

In the future, we intend to continue to work on Problem 1
with a number of other ways of partitioning regions to
better pinpoint the problem and propose solutions. We
will also continue to work on Problem 2, taking into
account the direction of travel in each region, proceeding
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with different group divisions, and incorporating more
elements, applying additional learning algorithms to
increase the accurancy.
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PHAT HIEN TUONG HO VUNG UN TAC VA TIEN
DOAN LUU LUQNG VA VAN TOC DI CHUYEN
CUA TAXI

Tém tit: Ngay nay, taxi 1a mot trong nhitng phuong tién
di chuyén pho bién nhit. Co mét s6 lugng 16n nguoi di lai
str dung taxi hang ngdy va hanh trinh cua taxi thé hién su
di chuyén ctia con nguoi. O nhiing thanh phd 16n, taxi déu
dugc trang bi thiét bi GPS va chay 24 gid mdi ngay,
chung s& duoc sir dung dé trich ra nhimg thong tin tin ciy
vé tinh trang giao thong. Bai bao nay phat biéu phuong
thirc cia chung t6i dung hanh trinh cla taxi tai Ha ndi,
Viét nam trong 4 tudn tir 18 thang 9 téi 15 thang 10.
Trong d6, ban d6 Ha noi dugc chia thanh cic ving nho
hon v6i mot kich ¢& dugc xac dinh trude. Sau do, chung
t6i xac dinh cac ving ké can nhau noi ¢ cac un tic xay ra
trong cac khoang thoi gian khac nhau va mdi tuong quan
giita chiing. Cudi cing, chung toi xay dung mot mo hinh
tién doan luu luong di chuyén cia taxi trong mdi vung va
van tdc cua chung dya trén dir liéu lich str va thoi tiét.

Tir khod: Tién doan luu luong di chuyén cia taxi, Un tic
vung ké céan, van toc.
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