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Dentifying and Clustering the Flood Impacted Areas for Strategic Information Provision
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ABSTRACT

Flooding usually brings in disruptions and aggravated congestions to the roadway network. Hence,
right information should be provided to road users to avoid the flood-impacted areas and for city
officials to recover the network. However, the information about individual link congestion may not
be conveyed to roadway users and city officials because too many links are congested at the same
time. Therefore, more significant information may be desired, especially in a disastrous situation. This
information may include 1) which places to avoid during flooding 2) which places are feasible to drive
avoiding flooding. Hence, this paper aims to develop a framework to identify the flood-impacted areas
in a roadway network and their criticality. Various impacted clusters and their spatiotemporal properties
were identified with field data. From this data, roadway users can reroute their trips, and city officials
can take the right actions to recover the affected areas. The information resulting from the developed
(©) 2021. The Korea Institute of ~ framework would be significant enough for roadway users and city officials to cope with flooding.
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[ . Introduction

Disruption of transportation networks has been widely covered in the past decade. Flooding is one of such event
which results in the disruption of transportation networks. This disruption is in form of congestion and the blocking
of road links due to partial flooding. In transportation network, it appears in the form of ‘snakes’-a series or group
of congested links- which increase of decrease in size over time interval. These snakes either split up or merge
with neighbor snakes. However, the area where snake is formed and dispersed is usually static as snakes formation
and deformation often resides in recurrent congestion of normal day. If someone goes into the area surrounded by
several snakes, they are stuck in the traffic. Additionally, the severity of disruption induced by different areas
covered by snakes are not similar in nature. Certain parts of transportation network may be more important due to
amount of traffic they carries, the centralities they got, the spatio-temporal coverage they have, and etc.. Thus, there
is a need to identify these impacted area and their severity. Identification of such impacted clusters can help
maneuvering flooding-reactive actions such as emergency evacuation, detouring information provision for roadway
users, and etc..

This study employed a simplified methodological framework to determine those affected areas and rank them
using spatial and temporal factors and congestion severity of the areas. This study used DBSCAN algorithm to
identify the neighboring impacted links as a cluster and used Convex Hull to make boundary of the cluster. Over
the last few decades, various approaches have been used in transportation researches to identify critical links.
However, the past studies were too cornered by individual links in the networks. They ignored the scenario that if
an link is congested, the neighbor links are affected. And therefore, traveler should also informed to avoid the links
surrounded by congested links. Identification of snakes, rather than individual link congestion, followed by
clustering the neighboring snakes aims to fill this gap in the past studies.

As an attempt to explore the likely impact of flood on the city, this study aims to: (1) Identify the critical links
(2) cluster the neighboring links (3) rank the clusters by spatio-temporal congestion severity factor. This study used
real road network data of Daejeon. Algorithms used for clustering and ranking are DESCAN, gift wrapping and
K-means clustering, respectively. Congestion analysis is performed based on the speed data obtained from
OBU(On-Board Unit) and RSE(Roadside Equipment) Communication in Daejeon roadway network.

This paper is organized as follows: In Section 2, briefly go through the literature review results. Then data
description and methodological framework are followed in Section 3. Then research results are presented in Section

4 and 5. And finally conclusions are drawn in Section 6.

[I. Literature Review

Measures of link ranking have been studies for a long period of time with an emphasis on criticality of the
network disruption and vulnerability. Most of the studies found in the literature measure the importance of the link
due to disruptions in order to measure network vulnerability (Jenelius and Mattsson, 2012; Rupi et al., 2014).
Similarly, there are various measures proposed in the past that calculate the link criticality in a network

(Rodriguez-Nunez and Garcia-Palomares, 2014; Sullivan et al., 2010). Some of the measures adopted in past studies
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have been found to compute the accessibility of a link in a network (Luathep et al., 2013). Some studies use link
efficiency in a network and others evaluate link interuptions and alternate routing (Qiang, 2007). Some studies have
also attempted to rank the links either based on combination of a different criteria by using spatiotemporal patterns
of alternative travel paths. Morever, researchers have also attempted to conduct studies related to evaluation of
infrastructure looking at the broader impacts including infrastructure disruptions and accessiblity index (Hasan and
Foliente, 2015).

Most of the previous studies focused on individual links. Studies related to identifying the impacted areas and

the ranking has been missing so far. This study is undertaken to fill the gap.

. Methodology

1. Data site

Travel speed data of Daejeon used in this study were collected from RSE (Roadside Equipment)-OBU(On-board
Unit) communications. The link speed data are obtained from Dajeon ITS center DB. There is also the predefined
road network data available, which includes geographic information of intersections and streets. 15min link speed
data on both flood and normal day were used for this study. Basic information for each link has defined such as
starting node name, ending node name, direction of the route on which certain link lies, and etc.. Data
preprocessing was carried out in two steps. In the first step, we made a sample out of the whole day data.
Knowing that congestion varies across time of day as well as by the direction of traffic, we sampled the data in
two groups i.e., morning peak hours 7-9 am and afternoon peak hours 6-8 pm. In the second step we defined the
parameter to distinguish whether congestion exists or not. In order to characterize the link state, the parameters
related to the traffic state need to be analyzed and processed accordingly. Commonly used parameters to
characterize the traffic state are flow and speed. This paper select speed data to analyze the traffic condition of the
road network.

In order to define the criteria for certain link to be impacted by flood, we used the speed difference of a link
between the normal and the flood day, making sure that the same link was not congested on the normal day. Let

v, speed on normal day and V. speed on flood day, then a link is considered impacted if following condition

hold.

7/ < 10KM/hr and 77] > IOKﬂf/hr and V/’_Vn © B et 6}

2. Framework Development

In this section we will describe the methodological framework developed (refer to <Fig. 1>). We took sample of
the whole data set in order to analyze the data. As mentioned before, the sampling was based on time interval,
direction of traffic and speed level. Then, we used DBSCAN algorithm to identify the neighbor congested snakes
and clustered them together. Next step was to find the boundary of the impacted area by making a convex hull
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around the obtained clusters using gift wrapping algorithm. After finally getting the clusters, we grouped them
using spatial and temporal factors. We used number of congested links within the clusters as spatial factor and
duration for which links within cluster stayed as temporal factor. To accomplish grouping similar valued clusters,

K-means algorithm was used.
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<Fig. 1> Methodological Framework

IV. Clustering

Clustering represents the most commonly used and more powerful unsupervised learning mechanism in machine
learning. It is a useful tool that aims to classify the input data into sets depending on some similarity calculations.
There algorithms are categorized into groups like partition algorithms, density-based algorithms, hierarchical
algorithms (Ester et al., 1996). Among them DBSCAN has been selected for our proposed research framework
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because it has many features that make it suitable compared to other clustering algorithms. DBSCAN is an
effective density-based clustering algorithm for spatial data systems due to its ability to discover clusters with
arbitrary shapes. The grouping process with DBSCAN can be described as a tree. It starts with any point that has
at least the MinPts-a given parameter- closest points within a given radius ¢. Then do the first search along each
of these closest points by checking how many points there are within the radius e. If it has at least MinPts
neighbors, then that point becomes a branch, and all its neighbors are added to the cluster. As our goal is to
identify clusters while removing the outliers i.e., congested links not close enough to other links as well as the
other clusters.

DBSCAN is performed based on two attributes (latitude and longitude) of the congested links initially obtained
using simple filtering process. It requires two parameters. One is the epsilon ¢, which specifies how close points
should be to each other to be considered a part of cluster. The other is MinPts, which specifies how many
neighbors a point should have to form a cluster. Selection of the ¢ and MinPts is key to the DBSCAN algorithm
(Rahmah and Sitanggang, 2016).

For a given neighborhood distance ¢ and the minimum number of neighbors, MinPts, the algorithm flow is as
follows. When N coordinates of each point are represented as D = (x1,x2,X3,......xn), the Euclidean distance

between two difference points is calculated as

dLST(X Y) — \/E(L7 7:’!5)2 ........................................................................................................... (2)

For fixed ith point, points that satisfy the following condition are grouped into one cluster, which is expressed as

dist(X, Y) < e (fOFi#i’) ............................................................................................................. (3)

where ¢ is the set threshold radius.

Cluster
[ ] Core point
° ° °
epsilon Barder point
¢ ®
Noise point
. ¥
[ ]
Source : Ester and et. al. (1996)

<Fig. 2> Concept of DBSCAN - Core, Border and Noise points

To find a suitable value for epsilon, the distance to the nearest n points for each point is calculated and sorted.
And the results are plotted. Then the point where the slope change is most pronounced, is selected as epsilon
value. The distance from each point to its closest neighbour was calculated using the NearestNeighbors (Fukunaga

and Narendra, 1975). The k neighbors method returns two arrays, one which contains the distance to the closest
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neighbor points and the other which contains the index for each of those points. In the next step, the results were
sorted and plotted. The optimal value for epsilon would be found at the point of maximum curvature. It was
assumed that the area occupied would be significant if there are more than 6 links close to each other. If the links
obtained are not close enough to each other and do not form a snake larger than 6 links combined together, they
are considered as outlier and/or insignificant areas. For the clusters obtained, a convex hull was created around the
links within a cluster to find the minimum area impacted by the flood. After the impacted area identified, the

congested time repetition of each link and the number of links within each cluster were calculated.

V. Results

Results of morning peak hours 7-9am after flooding, are shown in Figure 3 with outliers and without ouliers.
Using k-nearest neighbor analysis with minimum 6 points as input parameter, the optimal value of epsilon came out
to be 0.5 km. So, in the DBSCAN algorithm, epsilon and MinPts value 0.5 km and 6 are used, respectively.

36.30 P 36.30
.
L]
] .
3625 3625
3620 36.20
127.25 127.30 12735 127.40 127.45 12750 12755 12725 12730 127.33 127.40 127.45 127.50 127.55
(a) with outliers (b) without outliers

<Fig. 3> Impacted areas, 7-9am

13 clusters are obtained. Cluster along with its spatial and temporal properties are shown as <Table 1>. In this
table, the outliers denoted by -1 contain 144 links. The author wants to point out that the outliers do not
necessarily mean that they are not really congested or impacted. Rather the outliers are not significant enough for
citizens to be informed about. This research considers only impacted areas, i.e., clusters of neighboring links
significant, whose information, in turn, should be conveyed to citizens. In this context, links spreaded out and/or

isolated were considered outliers and filtered out.

Vol.20 No.6(2021. 12) The Journal of The Korea Institute of Intelligent Transport Systems 105



B &
o

=

<Table 1> Clusters and groups, 7-9am

Clusters Average Repetition Number of links

-1 4.03 144

0 344 140

1 335 20

2 478 9

3 3.13 70

4 425

6 3.00 6

5 293 15

7 354 24

8 4.55 31

9 4.86 7

10 3.94 16

11 3.00 6

12 4.83 6
Groups Average Repetition Average Number of links

1 343 140

2 3.19 43.78

3 4.46 18.79

After identifying the clusters and impacted areas, this research grouped the clusters with similar temporal and
spatial properties using k-mean clustering. 3 groups are obtained and shown in <Table 1>. Group 1 was the biggest
cluster with 140 link.

Similarly, the results for the afternoon peak 6-8pm after flooding were obtained, which are shown in <Fig. 4>
and <Table 2>. Using k-nearest neighbour analysis with minimum 6 links as input parameter, the optimal value of

epsilon came out to be 0.5 km, which is the same as the one of moming peak period.
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<Fig. 4> Impacted areas, 6-8pm
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<Table 2> Clusters and groups, 6-8pm

Clusters Average Repetition Number of links
-1 3.69 124
2 333 9
6 4.50 6
8 4.19 108
0 378 49
1 3.11 36
3 3.00 6
4 571
13 433 9
5 443 14
7 420 15
15 1.29 7
9 313 31
10 4.00 16
11 325 8
12 357 7
14 5.50 6
16 4.12 16
17 350 6
18 4.00 6
19 5.86 7

Groups Average Repetition Average Number of links
1 3.07 23.38
2 426 23.98
3 420 108

The number of clusters obtained were 19. Clusters and their spatial and temporal properties are shown in <Table
2>. Adopting similar methodological framework, the clusters were grouped with similar temporal and spatial properties
using K-means clustering and 3 groups obtained as shown in <Table 2>. Group 3 was the biggest of clusters with 108

links. The groups for morning and afternoon peaks are shown in <Fig. 5> and <Fig. 6>, respectively.

VI. Conclusions

Flooding usually brings on disruptions and aggravated congestion to the roadway network. Right information
should be provided for road users to avoid the flood impacted areas and for city officials to endeavor to recover
the network. However, the information about individual link congestion may not be conveyed on roadway users and

also not helpful to city officials in that there are too many links congested.

Vol.20 No.6(2021. 12) The Journal of The Korea Institute of Intelligent Transport Systems 107



Do Sl x|Aods
dets ENZE 98 ATEeTY 2eiAs
/~// \\({) / {, /
\,; v'\ Vil | e Wl 2%
| albee/ - -
= o
A a /.
{ KX, § / 4 \ {
! -
2l o 7 \ -
" \,",4 -~ \ ¥ t\\ = eg \\ J
i o\ -
l} L 7
i ° i @
° - !
/‘/ I \’f&iog ,’J g%’
L ] X DX o s
P ) 2 Y &3 U@
[ &%

/\
8 &
Lp
N,
.
h
e
L]
00
»
()
%
03 s
(%Y
X ] (@)
=\
\

\ /
RN R o u Ox”goa
e - » / - (’ f’)
/ L ‘
\ ol ! { Y AL ' ) " 4
\\ ° ,‘ = //ki‘ L'/‘//\\ o8 .
AN S \ 1 N \
\ = 4 = !
/e = 4 ) ))
|/ > ( /
2 / 7N\ /
3 3 = ( \/ |
s i 9 { \
<Fig. 5> Groups, 7-9am <Fig. 6> Groups, 6-8pm

More significant information may be desired especially for a disastrous situation, such as 1) which places to
avoid during flooding 2) which places are feasible to drive on before flooding occurs. Furthermore, such additional
information as how much risk the road users might take if they stick to their route and pass through the impacted
areas, might also be desired. This paper aims to develop a framework to identify the flood impacted areas and their
criticality. It is expected that the research results should be significant enough for roadway users to avoid
aggrevated congestion and for city officials to cope with flooding.

This study has certain limitations as well. The filtering criteria used to identify the impacted links can further be
improved by inclusion of other factors such as traffic volume and capacity of the link. Selecting adequate clustering
thresholds, € and MinPts, is a crucial issue. This issue cannot be addressed only by theoretical and/or technical
experiments but by extensive field experiments, which is undergoing as a next stage research. Ranking the obtained

clusters in terms of criticality by adding additional spatial and temporal factors also remains further study.
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