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ABSTRACT

SPATTIAL SIMILARITY MEASURES WITH APPLICATIONS TO MAP
INTEGRATION AND IMPROVING ACCURACY OF MAP DATA SETS

Mousa Almotairi

The University of Texas at Arlington, 2019

Supervising Professor: Ramez Elmasri

These days we live in a digital era where most societies rely on applications that
depend on digital data. One popular type of digital data that is the basis many of
applications is spatial data. Road network maps are one of the spatial data sets that
are available for many important applications. However, acquisition of Road Network
maps is an expensive task in terms of cost and time, not to mention the maintenance
and the updating costs on these spatial data sets. In addition, each Road network
map is captured for specific applications such as: road navigation, topographic cartog-
raphy for printing maps, and so on. Thus, each application focuses on some aspects
of the real-world while other aspects are ignored or not given sufficient attention. In
order to tackle this problem, this dissertation provides a solution to utilize existing
Road network maps by integrating them with one another. However, there is a high
chance of mismatches between various road maps that represent the same area for
many reasons. These reasons include but are not limited to the following: one of

the datasets is not up to date; datasets have different names for the same road; the



co-ordinates or features of road segments are not identical in the two maps; and so
on. As a result, matching the roads in such datasets with each other is a challenging
task. This dissertation introduces a framework that demonstrates methods of how
two map datasets for the same area can be matched to each other even though there
are some data discrepancies. In addition, it gives an overview of each component of
the framework and focuses mainly on the similarity measurements. These measure-
ments are local divergence measurements and global divergence measurement. Local
divergence measurements compare two roads from different datasets to each other to
see if they are similar or not by deciding if these two roads have a similar shape as
well as the same length. On the other hand, global divergence measurement is used
in order to ensure that these two roads are similar in the real world with respect to
the location, not different roads that happen to be beside each other having similar
length and shape. This dissertation discusses several types of applications that could
utilize this framework not only for matching different road maps and unifying the
information for smart cities usages but also for data enrichment purposes, historical
datasets comparison, and ensuring that maps are up-to-date. As an example, we
compare a historical map of Tarrant County, Texas roads with a map of the same
area after 11 years. We determine which subareas have grown by calculating the
percentages of new roads in each subarea, as well as determining which roads have

been taken off the map, for example for stadium construction or flood abatement.

vi
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CHAPTER 1
INTRODUCTION

In this chapter, we first introduce the area of this dissertation research, known
as spatial databases and specifically road network maps in section 1.1. Then we talk
about the challenges in this field in section 1.2. Our research contributions come next
in section 1.3. After that, in Section 1.4, we give an outline of the remaining chapters

of the dissertation and how it is organized

1.1 Spatial Database and Road Network Map

With technology revolutions these days, Geographic Information Systems (GIS)
field has gotten more attention and a lot of applications nowadays relies on tech-
nologies that explore the benefits of GIS data further[1]. A spatial Database is a
regular database that has the capabilities to store and query spatial data, which
means database that can deal with geometries. Vector data models [2] are used in
Spatial databases as they represent the spatial objects as basic shapes- points, lines,
or polygons-. Road networks maps is one of the datasets that are stored in spatial
databases as they can be represented by one of the geometry basic shapes (lines).
There are different types of Road networks map sources. One of these types is the
Authoritative Geospatial Data that are owned by the government such as Topologi-
cally Integrated Geographic Encoding and Referencing system (TIGER)[3]. Another
type is the commercial Geospatial Data that are owned by private entities such as
Google maps[4], Bing maps[5], Here maps[6], and so on. Another type of maps

that has become more interesting and is the subject for most recent research pa-
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pers is crowd-sourced map data, also known as Volunteered Geographic Information
(VGI)[7]. Examples of such map datasets are OpenStreetMaps[8] and Wikimapia[9].

Another classification for Road maps datasets is based on the map usage. For
instance, car navigation systems are usually using complete and precise information
on speed limits or turning restrictions while for creating printed maps some of data
sources have been discarded for the sake of readability using cartographic generaliza-

tion.

1.2 Road Network Maps challenges

Acquisition of road maps is expensive both for the cost as well as the time
consumption, not to mention the cost of maintenance and update on these spatial
data. In addition as mentioned above, each dataset is captured for specific application
and each one focuses on some aspects of the real-world carefully while other aspects
are ignored or not given much attention. Therefore, Road maps integration takes
place to get the most of such different Road maps with minimum cost and reasonable
time. It provides:

e High re-usability: new applications from existing data sets that are not designed
for such applications.

e Quality improvement: data set with low quality in some aspects could be im-
proved by integrating it with other data sets with high quality in these particular
aspects, finding incorrect captured elements or new updates in the data sets.

e Cost minimization: no need to capture new data from the real world neither
maintain or update it.

Thus, the purpose of this dissertation is to present techniques and algorithms
for integration of these highly diverse of spatial data sets. It allows to use different

sources in a common context and to avoid duplicates and mismatches in an integrated
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dataset. Road matching process is the core component of the Road maps Integration.
Road matching utilizes the similarity measurements in order to decide if the two roads
from different datasets are similar or not. According to [1] the similarity measure-
ments could be one or a combination of the following types: 1) Geometric measures
which relate to the location features such as distance[10], shape[l1], or area[12]; 2)
Topologic measures study the relationships between two near features[13]; 3) At-
tribute measures evaluate the non-spatial features of a spatial object such as name or
ID[14]; 4) Context measures evaluate the geographic context of a feature relative to
its neighbourhood[15]; and 5) semantic measures that compare the similarity between
concepts[16].

However, matching different datasets, which are represent the same area, to-
gether is a difficult task for many reasons. For example, each road maps dataset
has some characteristics that differ from others due to the way of using the tools
that capture the data and store them and how to represent these data based on its
applications [17]. As a result, the road representation via different datasets for the
same real road have differences. Even though high technology equipment is used for
capturing the data to generate accurate road maps, there are differences that make
challenges to compare two roads from different datasets such as the exact coordinates
that represent the road. Thus, there is no notion of equality between different road
maps coordinates.

The date and time of road maps updates are different among various road maps
datasets, which brings another challenge of comparing roads. Some road map datasets
are not up-to-date, and there are some new roads or new parts of roads that are not
captured by these road maps. Sometimes the roads are expanded from one-way road

to two-way road and these changes are missing in some datasets. For example, figure
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Figure 1.1: OSM has extra information such as cities boundaries while TIGER does
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2.1 in chapter 2 shows a road in OSM that is represented as two-way roads while in
TIGER it is represented as a one-way road.

There are cases when the semantic attributes for the same road in the real
world are different from one road map dataset to another. These semantic attributes
could be the road name, road identifier number, or any other meaningful features
that differentiate one road from another. Some road maps use abbreviations instead
of whole words such as E for Fast, NW for Northwest, or St for Street and so on.
These types of differences are easy to solve by string matching algorithms. However,
there are cases when there are completely different semantic values for the same road,
and such cases complicate the matching process.

As most of our work in the dissertation is focusing in two real datasets, which
are TIGER [3] and OSM [8], we are going to discuss the challenges of road matching
process by providing some examples that shows the difference of representing a same
area of real world. One observation is that OSM has more information other than
roads such as the city boundaries. These differences should be taken into consideration

so to be avoided to compare them with other physical roads in other road network



Figure 1.2: Cities’ boundaries are not exist in satellite images

maps. For example, OSM has virtual lines represent the city boundaries while the
TIGER roads map dataset does not have boundaries. Figure 1.1 shows the boundaries
of Arlington, Dalworthington Gardens and Pantego (highlighted in gray color) from
OSM (red lines) while TIGER (blue lines) does not have such lines. We can observe
in figure 1.2 that there are no boundaries lines in satellite images that means they
are virtual lines have same representations of the roads in the datasets.

Another observation is that OSM dataset has information about electric power
lines as shown in figure 1.3. Such these information are considered as noisy informa-
tion from road perspective and they need to be identified and filtered during road
similarity matching which is not an easy task. What makes it challenging task is
that there is no such attributes that differentiate road lines from other lines (i.e.
boundaries lines, power lines and so on).

Semantic attributes could play major role to matching similar roads from dif-
ferent datasets. However, sometimes the names are not identical for different reasons.

For instance, naming convention using abbreviation in Tiger such as ”S Cooper St”
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Figure 1.3: Power lines are among the data representations in OSM dataset

while in OSM naming convention is not using the abbreviation and road is named as
"South Cooper Street”. Such differences are easy to deal with. However, the matter
becomes more complicated when there is omission instead of abbreviation like the
case in OSM for some roads when the road name contains direction as well as the
name, the direction is omitted from the name. For example, a road is named "W
Pioneer Pkwy” in Tiger, it has been named ”"Pioneer Parkway” without mentioning
the direction Figure 1.4 shows a plot of part of West Pioneer Parkway and the name
of this road in OSM (red fonts) comparing to the name of the road in TIGER (blue
font). The challenge becomes more harder when there is completely different name
for the same road such as the road in figure 2.1 in TIGER dataset where part of the
road called ”S Cooper St” and another part is names "FM 157” while in OSM the

whole road has been named as "South Cooper Street”.
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One of the main comparison factor between two datasets is the geometric fea-
tures and most importantly is the location. We should keep into consideration there
will be different of capturing the coordinates that represents the same area from dif-
ferent datasets which means we expect slight divergence from different datasets such
as "West Lavender Lane” in figure 1.5. Another issue is number of lines in map rep-
resenting a road. Some roads are represented as a single line (one-way) in one road
network map, while another map represents it as two lines (one for each direction of
the road). Sometimes, the expansion of the road is not captured from one dataset
while another dataset gets the changes and store the information. Usually, this differ-
ence occurs in some of the main roads. As an example of this case is "South Cooper
Street” as shown in the figures 1.6. Sometimes, the difference could be when some
road get extension to be longer to serve additional areas and this extension has been
captured by some datasets while the others do not capture this change. For example
Center St has an extension in its south side and this extension has been captured by

TIGER dataset while OSM is not yet getting this change as shown in figure 1.7.
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1.3 Dissertation Contributions

The contributions of this dissertation are to introduce efficient and scalable
Road Map integration system that has the capabilities to match the roads from
different Road maps. Additionally, we propose a framework that is confirming the
similarity of two roads from different datasets and then highlighting the differences
between them such as missing road segments, road name mismatching, and two-way
road in one dataset compared with a one-way road in another dataset. Moreover, this
dissertation contributes in similarity measurements by introducing a novel methods
inspired by Hausdorff distance to confirm if two roads from different maps are really
similar to each other or not. We use local divergence measurements that make sure
these candidate roads have approximately the same length and also run in parallel
to each other, which preserves the shape between them. Confirming the similarity
requires also a global divergence measurement to be met that ensures the candidate
roads are for the same road, not different roads that happen to be beside each other

having similar length and shape.



1.4 Dissertation Organization

In Chapter 2, we introduce our framework for road map networks matching.
We name the framework "TAREFEQ” after the name of "Road” in Arabic Language.
The TAREEQ framework has four main components that are: 1) Data Sources, 2)
Generate Candidate Roads, 3) Similarity Measurements, which is our topic in chapter
3, and 4) The Results. These components are described in section 2.3. After that,
we introduce list of different types of applications that can utilize this framework for
different purposes in section 2.5. We sum up our work and contributions in the last
section (the conclusion) of each chapter.

In Chapter 3, We introduce a novel approach that is inspired from Hausdorff
distance [18] to measure candidate similar roads, which are represented as lines in
vector data type [2]. This approach is to confirm if the candidate similar roads from
different maps are really similar to each other or not. We introduce local divergence
measurements that make sure these candidate roads have approximately the same
length and also run in parallel to each other, which preserves the shape between them.
Confirming the similarity requires also introducing a global divergence measurement
to be met that ensures the candidate roads are for the same road, not different roads
that happen to be beside each other having similar length and shape. Moreover, this
approach has the capability to identify similar roads when one of the roads has either
missing road segments or extra incorrect road segments as shown in the experimental
results. Finally, we conclude our work and contributions for this chapter.

One of the application of the proposed framework that have been introduced
in chapter 2 is comparing the new version of Road maps with an older version to
study the roads changes in the city. We start chapter 4 with introduction in section
4.1 and list different type of usages by comparing historical datasets among each

other. After that, we define the problem. Then, we explain the matching process in
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section 4.4 by focusing mainly on the second process of TAREEQ framework which is
Generate Candidate. Next we conduct the experiment in real datasets for two areas
4.5. After that, we compare our outcomes with the state-of-are framework in this
field and discuss the outcomes. Finally, we will give a conclusion for this chapter 4.6.

To sum up, Chapter 5 summarizes the contributions made in this dissertation

and discuss the future work.
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CHAPTER 2

A FRAMEWORK FOR COMPARING AND MATCHING ROADS
FROM DIFFERENT SPATIAL DATASETS

In this chapter, after having an introduction in Section 2.1 and considering
the challenges of comparing and matching roads in 2.2, we introduce our TAREEQ
framework in Section 2.3, which consists of four components: Data sources Prepro-
cessing 2.3.1, Generate Candidates 2.3.2, Similarity Measurements 2.3.3, and Can-
didate Matching Decision 2.3.4. Then, we discuss the experiments and results on
TAREEQ framework 2.4. After that, we list different types of applications that can
utilize this framework in section 2.5. We mention the related works in section 2.6.

Finally in section 2.7, we conclude our work for this chapter.

2.1 Introduction

Any smart city in the world should have Road Network Maps. These maps
have different owners, some of them came from Volunteered Geographic Information
(VGI) such as OpenStreetMaps[8], others are produced by governmental authorities
like TIGER [3]. Also, there are private companies who create their own maps, for
example, Google maps [4] and Bing maps [5]. There are different approaches to create
such road maps, for instance, GPS coordinates, moving-objects trajectories, satellite
images, and so on. Therefore, there is a high chance that there are differences between
these road maps in representing the same road in reality due to different ways of
capturing roads coordinates. In addition, the nature of city growth makes these cities

change over time (i.e., some new roads are built, others are extended, and some roads

13
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Figure 2.1: Compare roads in OSM (red) vs. TIGER (blue and green)

are permanently closed.) These changes should be captured and stored in road maps.
The approaches of capturing the changes and the time of updates are different among
various road maps that eventually create differences among these road maps. In order
to highlight the differences between road maps, a matching roads process between two
road maps should be conducted.

This chapter introduces a general framework of matching the roads. One of
the essential components in this framework is the similarity measurements because
based on these similarity measurements the framework can decide when comparing
two roads from different datasets whether they are similar or not. We are utilizing
the Local Roads Divergence Measurements (LRDM) and Global Roads Divergence
Measurement (GRDM) [19]. The reason for choosing them is the ability of these
measurements to identify the similar roads even if there are missing, or additional,

road segments in one of the road map datasets. LRDMs check that two roads from
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different datasets have roughly a similar length and these roads keep running in
parallel to one another if they represent the same road in the real world, which preserve
a similar shape between them. This technique can be performed by computing the
gap between the two roads from different datasets after overlaying one of the datasets
over another. Affirming the similarity between these two roads requires also passing
the GRDM condition after the LRDMs conditions have been met. GRDM ensures
that the distances’ between the roads’ coordinates are within the limits of GRDM
threshold. GRDM ensures the two roads are for a similar road in reality and they are
not different roads that happened to be adjacent to one another.

The contribution of this work is confirming the similarity of two roads from
different datasets and then highlighting the differences between them such as missing
road segments, road name mismatching, and two-way road in one dataset compared
with a one-way road in another dataset. In addition, this chapter presents applications
that get benefits of this framework such as road map corrections, comparing road
map with moving objects trajectories (cars, buses, bicycles , and so on), capturing
the changes (new roads, permanently closed roads) between two versions of same

datasets, and road maps integrations for data enrichment.

2.2 Challenges of Comparing Roads from Different Datasets

Each road maps dataset has some characteristics that differ from others due
to the way of using the tools that capture the data and store them and how to
represent these data based on its applications [17]. As a result, the road representation
via different datasets for the same real road have differences. Even though high
technology equipment is used for capturing the data to generate accurate road maps,

there are differences that make challenges to compare two roads from different datasets
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such as the exact coordinates that represent the road. Thus, there is no notion of
equality between different road maps coordinates.

The date and time of road maps updates are different among various road
maps datasets, which brings another challenge of comparing roads. Some road maps
datasets are not up-to-date, and there are some new roads or new parts of roads that
are not captured by these road maps. Sometimes the roads are expanded from one-
way road to two-way road and these changes are missing in some datasets. Figure
2.1 shows the road in OSM that is represented as two-way roads while in TIGER it
is represented as a one-way road.

There are cases when the semantic attributes for the same road in the real
world are different from one road map dataset to another. These semantic attributes
could be the road name, road identifier number, or any other meaningful features
that differentiate one road from another. Some road maps use abbreviations instead
of the whole words such as E for Fast, NW for Northwest, or St for Street and
so on. These types of differences are easy to solve by string matching algorithms.
However, there are cases when there are completely different semantic values for the
same road, and such cases complicate the matching process. For example, Figure 2.1
shows SouthCooperStreet in OSM has two different names in TIGER (SCooperSt
and FM157).

To cope with these challenges, our framework provides a novel techniques that
taking into consideration all coordinates that represent the road and compare it with
corresponding coordinates in another dataset. By utilizing LRDMs and GRDM the
framework can match many-to-many (N:M) road segments, which leads to match
roads with missing segments with their pairs that have all road segments from a
different dataset. In the following sections, we present our method, which introduces

the framework and its components in section 2.3. Next, in section 2.5, we highlight
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Figure 2.2: TAREEQ Framework to find similar roads between two different road
maps

some applications that can benefit from our framework. In section 2.6, we mention
the related works have been done for matching similar roads. Finally, we conclude

the chapter and highlight the future work based on this chapter.

2.3 The TAREEQ Framework

The proposed framework, which we name it TAREEQ for matching similar
roads between two different road maps, works on road maps datasets that are stored
as a vector data type. Vector data is a 2-dimensional representation of the world
using points, lines, and polygons. These types are composed of coordinates (latitude
and longitude) as well as the features that give meanings to the coordinates such as
road name, road type, and so on. In a case of the road maps, the roads are usually
represented by lines, which is an ordered set of coordinates that define road location.
Figure 2.2 shows our proposed framework and its components. This framework has
inputs, which are the data sources. Then the process to generate the candidate similar
roads. After that, there are similarity measurements that provide the decision about
these candidates to determine if they are similar roads or not in reality. The result
of matching is one of the three possibilities: the two candidates are similar, they are

similar but one of the roads has missing road segments or has additional incorrect
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road segments, or they are not similar roads. The following subsections are describing

each component from figure 2.2 separately.

2.3.1 Data Sources Preprocessing

This component deals with the inputs to our proposed framework. There are
two types of inputs: either Road maps datasets or moving objects trajectories. The
framework can take two road maps to match their roads to each other, or it can take
one road maps dataset with moving objects trajectories to match the roads with the
trajectories. This component has the preprocessing phases that prepare the inputs
for the next process. For example, preparing two datasets to have the same scale
on the plane, unify the format for the two inputs, using the same spatial reference
identifier associated with specific coordinate systems. In this chapter, we used two
road maps datasets when applying this framework: 1. OpenStreetMap (OSM): a free
road-map open to the public to contribute and build up the data and it belongs to Vol-
unteered geographic information (VGI) category|[8]; and 2. Topologically Integrated
Geographic Encoding and Referencing system (TIGER): Authoritative Geospatial
Dataset, which is produced by the US Census Bureau and it is considered as a pro-
fessional datasets[3]. Both OSM and TIGER have stored their data as a vector data

format.

2.3.2 Generate Candidates Similar Roads

The second component in the framework is the process of generating the can-
didate similar roads from different datasets. It means these candidates roads from
different datasets may be similar and represent the same road in the real world. It
needs further verification steps in order to make sure if these two candidates are simi-

lar or not. Different techniques can be used in this component in order to generate the
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candidates. We have divided them into two main categories: 1. define the candidate
similar roads manually, and 2. generate the candidate similar roads automatically.
Both categories can use semantic or spatial roads features (attributes) in order to
generate the candidates. Semantic features relate to any feature that gives meaning
to the road such as Road name and Road type while spatial features identify the
geographic location of features and boundaries, such as length and shape. There
are techniques that can be used to capture the candidates based on the type of fea-
tures, for instance, semantic features can generate the candidates that have similar
Road Names, and for spatial features, we can get the candidates by using the buffer
technique [20, 17].

In this chapter, we generate the candidate similar roads manually using semantic
features and particularly road names. Even though road name between two road maps
datasets intuitively means that the candidate roads are similar, there are difficulties
like the names sometimes are slightly different from one dataset to another such as
SCooperSt in TIGER dataset and compare it with SouthCooperStreet in OSM. In
addition, sometimes such matching candidate road maps highlight the changes and
differences between the two candidates like road extensions that are captured in one

dataset and not updated in another one.

2.3.3 Similarity Measurements

The core component of the proposed framework is to determine if the candidates
are similar, partially similar, or not similar to each other. This component provides
the decisions of the matching similarities between the candidate similar roads. There
are several approaches of the similarity measurements, and it will be discussed in
related works in section 2.6. This work is utilizing LRDMs and GRDM to define

the similarities between two candidate roads. This technique takes the benefits of
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Figure 2.3: Hausdorff distance measures the divergence distances from A to B and
from B to A

Hausdorff distance, which is one of the popular approaches to measure lines similarity
as a base and tries to find out the abnormalities between a road’s representations from
different datasets. Figure 3.2 shows an example of Hausdorff distance measuring
the divergence distances between lines A and B. It walks through all the points
of line segments from the first line’s coordinate until the last coordinate. For each
point computes the minimum distance between this particular point to the closest
point from the corresponding line and vice versa from the points that represent the
second line to the nearest point from the first line as the Hausdorff distance is not
commutative. However, Hausdorff distance take into consideration only the maximum
value of minimum distances. Therefore, if there is one outlier coordinate points of
the candidate similar roads, it will affect the decision to confirm the similarity of the
candidate similar roads. Moreover, it ignores the other divergence distances values
between the candidates, which in our cases have meaning if there is partial similarities
between the candidates, i.e., the candidate similar roads are similar in reality but one
of them has missing road segments or additional incorrect road segments. As a result,
we are using additional measurements, which are the LRDMs and GRDM [19]. They

are described in the following subsections.
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2.3.3.1 Local Road Divergence Measurements LRDMs

The purpose of these measurements is to find out the similarities between the
candidate similar roads in two aspects: shape and length. There are three measure-
ments in this category: 1. Mode value between roads A and B Mode(A, B), 2. Mode
Frequency value Freq(A, B), and 3. Local average divergence (Avgy). The first mea-
surement is the Mode, which is the distance value that has the highest frequency of
occurrences in the two lists of minimum distances between each road’s coordinates
and corresponding road Py;rr(A, B) and Pyrp(B, A). When creating the list of min-
imum distances; then we count the most frequent number occurring in the list to

indicate the divergence. As in the Py vectors that are defined as the following:

Puiss(A, B) = [min(a;, B)|Va; € A

Pdiff(B,A) = [mln(bZ,A)]Vb, €eB

where min(a;, B) represents the distance from point a; in the road (line) A to the
nearest part of the line B and this distance could be computed by ordinary straight-
line (Euclidean) distance. Also, the distance values are rounded to the closest Integer
number (in meter unit). This Mode value is used to determine overall how far apart
these two lines are from each other as well as to determine the length similarity
between two lines. Mode value can be compared with Hausdorff value dg, which is
the maximum value of the two vectors Py; (A, B) and Py¢(B, A), and based on that
two possible cases could happen; either (Mode(A, B) + €) > dy or (Mode(A, B) +
€) < dy where € is an estimated value of the margin of error of lines locations -
the value of the margin error is computed manually and based on the nature of the

datasets. In the first case when the single bidirectional Hausdorff is less than or
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equal (Mode(A, B) + €), this indicates there is a high possibility that these two lines

are identical and have the same shape and length. While if the (Mode(A, B) + ¢€)
is less than bidirectional Hausdorff distance, it indicates there is a divergence in one
line segment or more from one line or both lines. Furthermore, the two directional
Hausdorff distances may provide more information when compared to Mode value.
For example, if d (A, B) is less than or equal (Mode(A, B)+¢é) and dy (B, A) is greater
than (Mode(A, B) + €), this indicates that line B has one or more line segments that
do not exist in A. This difference can have several explanations from traffic road
perspective such as new line segments are captured by B’s dataset while missing in
A’s dataset, or it exists in A’s dataset but with different road name, and so on.

The second measurement is the Mode Frequency Freq(A, B) and by using this
measurement, it can determine the shape similarity between the candidates. Mode
Frequency counts the frequency of the Mode value occurrences. As there are slight dif-
ferences (margin errors) between the representations of the road in different datasets,
we take a range [(Mode(A, B)—€), (Mode(A, B)+¢€)] and count all values in the range.
Mode Frequency can determine the shape similarity between two lines by comparing
its value that represents occurrences with the total number of points in both lists.
This comparison can be computed by getting the percentage between Mode Frequency
and the total number of points in both lists, Freq(A, B)/(N + M) where N and M
are the numbers of coordinates for roads (lines) A and B, respectively. Because there
is a slight divergence in the road representation from different datasets, it is better
to add the three highest occurrences of distance values in the list together. Then we
see if the value of summation represents 80% or more of the number of points, which
indicates these two candidate lines have an overall similar shape. It is important to
mention that these cumulation frequencies should not be apart more than +€ from

each other.
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The third measurement is the Local average divergence (Avgy) that can be
computed from Local road divergence arguments and used to compare with GRDM.
This measurement gets the average divergence distance between two candidate similar

lines, and it could be computed as the following:

( f\il[min(ai, B)| + Zj]\iﬂmin(bj» A)])
(N + M)

Avgp, = (2.1)

VaiEAandbjeB

2.3.3.2 Global Road Divergence Measurement GRDM

LRDMs determine the similarity between two roads (lines) from the shape and
the length perspective. They do not take into consideration the overall datasets
divergence. GRDM provides an average of all Local Average divergence between the
two datasets that are similar in reality. Therefore, Global divergence is important
as sometimes LRDMs can compare two parallel roads and find out they are similar
while in the real world they are two different parallel roads happen to run beside each
other, even though they have a similar value of Mode and the Frequency Freq(A, B)
is bigger than 80%. Therefore, it is important to use GRDM to make sure these roads
(lines) are representing the same road in the real world. We can compute Global road

divergence value as follows:

(i Avgr)
w

Avge =

where Awvgy; is the Local Average distance for all similar road pairs and w is

the number of those similar road pairs.
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Global road divergence can be used to compare the Local road average distance
of the candidate similar roads Avg; with the Global road distance value Avgq. If the
Avgy, is larger than the Avgg by more than 10%, it indicates that most likely these
two candidate roads are different from each other and happens to run parallel in the
real world. Otherwise, it is most likely these two roads are similar to each other.
The 10% value added to Avgg is the threshold, and it is manually identified based
on the nature of datasets. Based on trial and error, our experiments show that 10%
difference splits the similar roads than different roads and this is the reason why we
choose 10%. In the case of missing road segments from one road while it is available in
the other corresponding road, this measurement can be used to identify the similarity
by comparing the Mode(A, B) instead of Avg, with Global road divergence value

Avgg.

2.3.4 Candidate Matching

Figure 2.4 shows how to use the LRDMs and GRDM in order to determine if the
two candidate roads are similar or not. If the three following conditions are met by
the candidate similar roads: 1. Freq(A, B)/(N + M) > 80%, 2. Avgr < Avgg * 1.10,
and 3. (Mode(A, B)+¢€) > dg, that means these two candidates are similar. The first
condition Freq(A, B)/(N + M) > 80% implies the two roads are running in parallel
with an almost fixed distance between them and it means they have a similar shape.
The second condition Avgr, < Awvgg * 1.10 means they the same road because the
distance between them is within the average of other similar roads- to make sure they
are not two different roads in the real world that happen to run in parallel. The third
condition is to make sure that the candidates have approximately similar length. If
this condition is not met while the first two conditions have been met, this indicates

these two roads are partially similar, which means one of them has missing segments
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Figure 2.4: Flowchart of how to determine the similarity

of the road for any reason such as different name, new segments of the road have not

been captured or simply incorrect additional road segments in another road.

2.4 Experiments and Results
Our TAREEQ framework can work on any application that has more than one
road map representing its roads. In addition, TAREEQ framework can work on the

real world data, not the synthetic data as most of the time these synthetic data are
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Figure 2.5: Distance Distributions for Pioneer Pkwy

tailored to fit a particular system. As a matter of fact, our datasets are real data,
and we have selected OSM [8] and TIGER [3] datasets that represent the roads in
Tarrant County, Texas. There are a certain parameters that need to be set up once
based on the types of the datasets, such as the error margin parameter € ; which we
assume it is equal to 7 meters based on the average width of the roads and how far
are the similar roads from different datasets to each other. For GRDM value, it is
calculated based on training sets from the real data for the correct matching roads;
after taking the average of several correct matching roads, the Global road average
distance is equal to Avgg = 19meters. Furthermore, this method provides accurate
results with relatively long candidate roads as compared to small road segments that
could confuse their geometry length with divergence measurements. As we conducted

several experiments to test this framework, we list some scenarios below.
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2.4.1 Correct Matching between the Candidate Roads

The example is for "Pioneer Parkway” road in Tarrant County. This road
stretches more than 17 kilometers. It is represented in TIGER by 434 coordinate
points while in OSM this road has 668 points. After computing the distance value
for each coordinate to the nearest point of the corresponding candidate road, the
following values are the results: Mode(T,0) = 1, dg = 7 where T is TIGER and O
is OSM, highest Freq(T,0); = 1102, Local Average distance Avgr_pioneer = 2, and
global average distance Avge = 19. There is no need to count the second and third
highest frequency as all number of coordinates are falling in the highest frequency
category. Figure 3.4 shows the frequency of coordinate points in each meter.

As shown in table 3.1, we check to see whether the measurements conditions
have been met or not: 1) Are 80% of roads’ coordinates or more running in parallel
to each other or not?: ((Freq(T,0); = 1102)/(434 + 668 = 1102)) = 1.00, which
means 100% of candidate roads’ coordinates are running exactly in parallel. 2) Are
the candidate roads representing the same road in the real world or different parallel
road?: Avgr_pioneer = 2 < Avge = 19 % 1.10 = 21. 3) compare Mode(T,O) value
with bi-directional Hausdorff distance: (Mode(T,0) +€) = 14+7 =8 > dy =7,
therefore, this condition is passed; As a result, all measurement conditions have been
met. Therefore, we can say these two candidate roads are matching to each other,

and they represent the same road in reality.

2.4.2 Partial Similarity between the Candidate Roads

Figure 2.1 shows a case when the candidate roads are partially similar, which
means there are road segments are missing from one dataset while they are available
in another. This case is happening for different reasons: capturing new updates while

others are not updated, adding additional road segment that is incorrect and does
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Table 2.1: Comparisons between TIGER and OSM for Pioneer Pkwy

Measurement Value

Mode(T < O) 1
Freq(T < O); 1102
Freq(T < O), 0
Freq(T < O)3 0

Avgy, 2
dy 7
Avgg 19

Table 2.2: Comparisons between TIGER and OSM for South Cooper Street

Measurement  Value

Mode(T < O) 7

Freq(T < O); 546
Freq(T < O)y 231
Freq(T < O); 31

Avgr, 9
dy 289
Avga 19

not exist in the real world, missing road segments due to having different road name
or naming road segments wrongly. For this scenario, we have "South Cooper Street”
that spans for more than 14 km, and it is represented in TIGER by 207 coordinates
while in OSM, it is represented by 648 coordinates. Table 3.2 has the computation
values for these two candidate roads.

Figure 3.6 shows the distributions of the coordinates based on the distances.
For first measurement condition, (546+231+31)/(207+648)) = 0.95, which indicates
that 95% of coordinates are running in parallel to corresponding candidate road; thus
this measurement condition has passed. Regarding the second condition, which is
the global road divergence, it compares local road average distance to the global road

average distance and sees if the local average distance is within the global average
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Figure 2.6: Distance Distributions for South Cooper Street

distance range or not: Avgr_scooper = 9 < Avge = 19 % 1.10 = 21 it is shown this
condition has been met. For the third condition: (Mode(T,0) +¢€) =7+ 7 = 14,
which is very small comparing to the bi-directional Hausdorff distance dg = 289 so,
this condition is not met. From the above results, the third condition is not met while
the first and second conditions of local divergence and global divergence are met. It
indicates the two candidate roads are similar, but there is a missing road segment
from one dataset while it exists in the other or additional incorrect road segment
in one dataset. In this case and after investigation, figure 2.1 shows that TIGER
dataset has missing road segment of "South Cooper Street” due to renaming some

road segments with another name "FM 157"

2.4.3 Candidate Roads are not Similar

In this scenario, it shows where the global divergence plays its role to decide if
the roads are for the same road or for different roads that happen to be in parallel.
Such scenarios frequently happen when matching the candidate roads based on spatial
features only, i.e., semantic features like road name are not taken into consideration to
generate candidate similar roads in the second component of the proposed framework.

The experiment conducted in this category is getting the road called ”Janann Ave”
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Table 2.3: Divergence measurements for Janann Ave (TIGER) vs. Marlee Lane(OSM)

Measurement Value

Mode(T < O) 83
Freq(T < O); 10
Freq(T < O),y 0
Freq(T < O)3 0

Avgr, 82
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Figure 2.7: Roads have same length and shape but they are not similar

from TIGER and match it with OSM road called "Marlee Lane”. These two roads
span for more than 500m. It generates ten coordinates points in total. The values of
local divergence measures are computed and presented in the table 3.4.

These results can pass the LRDMs conditions. It shows that the candidate
roads maintain constant distance apart from each other Freq(T,0), = 10/10 = 1.0
thus all coordinates are running in parallel to the corresponding road from the other
dataset, which meets the first condition. The second condition Global road divergence
takes place here: Avgr = 82 > Avgg * 1.1 = 21, which indicates that these candidate
roads are representing different roads and they are not similar in the real world even
though they have similar shape as shown in Figure 3.9 that is depicted from a satellite

image.
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2.5 Some Applications of the Proposed Framework

Our proposed framework can be used in different applications. These applica-
tions can solve different types of problems such as the categories of applications listed
in figure 2.2. Some of them could be used manually to inspect one or a couple of
roads in order to capture the changes like new expansions to the roads or permanently
closed. Other types of applications work on entire datasets, which require automatic
matching for data enrichment such that we have one accurate road maps dataset but
without Point of Interests (POIs) for example, while the other dataset has the POIs
but it is not accurate in term of roads information, and it is not up-to-date. Below are

examples of different types of applications that can utilize the proposed framework.

2.5.1 Highlight Road Differences for Road Maps Corrections

By matching two different road maps datasets, our proposed framework has the
abilities to find out the differences between the road’s representations from different
datasets:

e Identifying if the road that has two ways (two-line representation) in parts of
the road and other parts are not updated and became a single line in one dataset
while the other datasets capture all two-lines parts. This application can utilize
the directed Hausdorff distance and compare the distances for the road from one
dataset to another dataset and vice versa. If there are consecutive coordinates
that have distances within 30 meters, this indicates the corresponding road has
a single line instead of two-line representation.

e Using Semantic features: It identifies if there are parts of the road having a
different name (or without a name at all) than the remaining parts of the road.
This scenario could be identified by the proposed framework. When candidates

reach similarity measurements component, it will give partial similar due to
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some road segments have different road name, and also the process of generating
the candidates using semantic features does not capture any road segments with
different name. Figure 2.1 shows that some road segments of SCooperSt have
a different road name in TIGER.

e Identifying missing road segments when one of the road map datasets is out-
dated and did not capture new changes. Sometimes, the problem is not with
the dataset that has missing road segments when it compares with different
dataset; the other dataset has incorrect road segments that do not exist in the
real world. Also, this could be captured by the partial similarity between the

two road map datasets.

2.5.2 Matching Road Maps with Moving Objects Trajectories

Identifying the mismatching between two road maps network is the first step.
Next step is to determine which dataset has the correct information and is up-to-
date [21]. Most of the times this process is complicated. One solution is to match
the differences with moving objects (such as cars and buses) trajectories and check if
there are trajectories that pass through these differences and the road map that has
road match with these trajectories is considered as a correct map. As the trajectories

are stored as a vector data, our proposed framework can deal with them.

2.5.3 Compare the Road Map with its Old Versions

This is a straight forward road matching to capture the updates between two
versions of the same road map dataset. This application provides interesting infor-
mation by identifying road map changes over time (new roads or road extensions,
permanently closed roads, a one-way road turns to be a two-way road, and so on). In

addition, it gives overall pictures of where is the growth in the city and by comparing
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multiple versions of the road map dataset, we can get a prediction of the pace of

changes over time-based on the differences between datasets versions.

2.5.4 Road Maps Integrations

Acquisition of new road map dataset is expensive for the matter of the cost, not
to mention the cost of maintenance and update. In addition, each road map dataset is
captured for a specific application such as road navigation, topographic cartographic
for printing map, and so on. Therefore, each one focuses on some aspects of the real-
world carefully while other aspects are ignored or not given much attention. Thus road
map integration is coming in order to provide new applications from existing datasets
that are not designed for such applications and quality improvement. Our proposed
framework can integrate two road maps utilizing LRDMs and GRDM. It has the
capabilities to match N:M road segments, which leads to match roads with missing
segments with their pairs, that have all road segments, from a different dataset.
This could be done by automating the process of generating the candidate similar
roads and going through all the roads in the road map dataset to match them with

corresponding roads in different road map dataset.

2.6 Related Works

Finding the differences and matching similar roads methods from different
datasets have been the interests of several papers [1] for different types of applications
such as road maps integration and data enrichment, resolving data discrepancies in
semantic attributes like road ID, road name, and so on. Several methods have been
introduced to identify similar roads such method in paper [20] by Safra et al. that is
using endpoints of road segments matching. This approach is matching small straight

road segments, and it did not take into consideration more than one road segment
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for a matching. Also, it could not help to identify similar roads with additional road
segments. Other methods are utilizing buffer for road or part of it in one dataset and
find the roads from another dataset that fit entirely inside the buffer [22, 17]. Such
methods can fetch candidate roads. However, the buffer technique does not determine
if the candidate roads are similar in shape or not; neither specify if it can confirm
the matching if one road in one dataset has additional road segment than the road
representation in another dataset. In [23] and [24], the road comparisons are begun
with road intersection (point-matching) to the next road intersection and then use
the topology matching of the polyline to identify matching segments. Finally, they
measure the average distance between roads. This method of comparing the intersec-
tions considers significant points in the road. However, it does not pay attention to
the points that change the shape of a road, and they are not intersections.

Matching similar roads process is utilizing polylines matching process as the road
maps datasets are stored as vector data. Therefore, there are well-known measures
are used such as FEuclidean distance, which it has been widely used in the Geospatial
field [25]. Tt is a simple distance measure process between two points and its value is
calculated by determining the average distance between corresponding points. How-
ever, it may not give enough information such as how much the polylines are similar
to each other. There is a Hausdorff distance method, which is a way to express the
spatial similarity between two polylines [26]. It chooses the largest values among
minimum distances from one set to another. However, this method takes only into
consideration the maximum value of these distances and ignores all other points’ dis-
tances. Therefore, outliers play a major role to make similar roads different in the
results. Moreover, there is another measure called Fréchet Distance [27]. Fréchet dis-
tance measures the maximum distance between two oriented lines, which takes into

consideration the location and the order of points along the polylines. It has the same
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drawback as Hausdorff distance since it considers only the greatest distance value.
In addition, Fréchet distance has a high cost of computation and complexity [28].
One of the interesting measures is called Dynamic Time Warping (DTW) distance
that has been originally used in automatic speech recognition [29], which selects the
optimal alignment between two time-series. However, DTW can lead to dramatically

different results due to the sampling process [30].

2.7 Conclusion

This chapter presented a framework that is beneficial to smart cities and other
applications that use maps. Our framework could be adapted to be utilized by var-
ious applications. It takes advantages of existing multiple road maps then matching
them together to find the differences between them and produce more accurate road
maps. The main two components in this framework are generating the candidate
similar roads and similarity measurements. In this chapter, we have utilized semantic
features manually to generate the candidate. Then we have used the measurements
to confirm if the candidate similar roads are similar or not by using local divergence
measurements that make sure these candidate roads have an approximately same
length and these roads run in parallel beside each other, which preserve the shape
between them. Confirming the similarity also requires global divergence measurement
condition to be met that ensures the candidate roads are for the same road in reality
and they are not different roads that happened to be beside each other. Also, our
method can identify partially similar roads when one of the roads has either missing

road segments or additional incorrect road segments.



CHAPTER 3

USING LOCAL AND GLOBAL DIVERGENCE MEASURES TO
IDENTIFY ROAD SIMILARITY IN DIFFERENT ROAD NETWORK
DATASETS

In this chapter, we start with an introduction about identifying the road simi-
larity and the difficulties of how to measure the roads’ similarity in Section 3.1. Then,
we mention the motivation of this chapter in section 3.2. After having an overview of
previous works in section 3.3, we define our method of measure the similarity of two
roads in Section 3.4. In Subection 3.4.1, we provide an overview about the Hausdorff
distance as our method inspired by this measure. Then, we Define our methods in
3.4.2, which are Local Divergence Measurements 3.4.2.1 and Global Divergence mea-
surement 3.4.2.2. In Section 3.5, we list different scenarios of experiments and provide
a real example. In Section 3.6, we summarize and conclude the research contribution

presented in this chapter.

3.1 Introduction

GIS Road network maps can be represented in a raster format or a vector
format. Vector data deal with coordinate systems and its representations could be
points, lines, or polygons, while raster data is a cell-based data where each cell has
information from sources such as aerial and satellite imagery [31]. This chapter focuses
on road network maps, which are represented as vector formats that deal with object
coordinates. Most recent vector road network maps have good accuracy from the

road’s coordinates (positions) perspective that form the roads segments representing
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the roads. These maps may not have exactly the same coordinates, but they have
minor divergences and are generally close enough to tell they belong to the same road
with matching processes. Figure 1 shows an example of four road network maps for
the same area with relatively minor divergence. The left picture has the OSM [8] (red
lines) and TIGER [3] (blue lines) maps on top of BING maps [5] and in the right
picture shows as well OSM and TIGER on the top of Google maps [4] for the same
area. However, there are data discrepancies between road network map datasets for
various reasons. For example, specific roads may have different names in different
maps, or other datasets may have roads that do not exist anymore. Some road maps
are not up-to-date, which leads to missing new roads or new road segments. These
data discrepancies lead to errors in different applications such as navigation services,
data integration, missing/incorrect locations, and more. Therefore, matching the
similar roads could help to point out such discrepancies, and determine new roads or
missing ones as well as correcting other errors.

This chapter contributes in confirming candidate similar roads from two datasets

(OSM and TIGER) to determine if they are really similar or not by using local di-
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vergence measurements and global divergence measurement. We define candidate
roads as similar or not by making sure they have similar length and shapes, and
these roads are located in the same locations. Local divergence measurements ensure
these candidate roads have approximately the same length and these roads run in
parallel to each other, which preserves the same shape between them. This method
could be done by measuring the distances between points of each pair of candidate
road segments after overlaying one dataset on top of the other. Confirming the simi-
larity also requires global divergence measurement to be met certain value after the
local divergence measurements have been met their conditions. Global divergence
measurement, ensures the candidate roads are for the same road in the real world
and they are not different roads that happened to be beside each other. There are
several ways to find the candidate similar roads such as utilizing semantic attributes
such as road name or road ID, or using geometric attributes and computing metric
features to determine the candidates. Therefore the approach of this chapter is to
find a way to confirm if the candidate roads are similar or not. Our method can also
identify if there are missing road segments or extra incorrect road segments in one of
the datasets by checking if they satisfy all conditions except the Mode comparisons
(see section 3.4). This novel method utilizes geometric methods for computation that
requires the similarity of geometric coordinates for both datasets in order to make
these datasets overlay on top of each other.

This chapter is organized as follows: in section 3.2, we provide our motivations
to do this work. Then in section 3.3, we describe the related works have been done
for matching similar roads. In section 3.4, we define road divergence mathematically
and how to compute the local and global divergence measurements. Next in section
3.5, we conduct the experiments to test this method and discuss the results. Finally,

we conclude the outcomes and highlight feasible future work based on this chapter.
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3.2 Motivation

Many of cities in the world have several road network datasets from different
sources that represent the roads for these cities. Most of the times these datasets have
data discrepancy among each other such as different names from different datasets
for the same road, missing road segments, and so on. As a result, it requires after
running the matching process to find out a way to confirm if the candidate similar
roads are similar in the real world or not. Road similarity matching can be done either
automatically by utilizing the road’s spatial or semantical features, or manually by
searching for specific roads by any semantic road features such as road name or
road ID. The results of this matching process are the candidate similar roads. It is
not always the case that the candidate similar roads are really similar. As a result,
identifying the actual similar roads from the list of candidate similar roads is essential.
Criteria like similar length and parallel road segments can be used. In addition, there
are cases where the candidate roads are similar, but one of them has missing road
segments or has extra road segments that are mistakenly included in a specific road
while in the real world they do not exist.

The contributions of this chapter are to identify if these roads are really similar
or not in the real world as well as to determine missing road segments or incorrect
extra road segments in one dataset than another. Therefore the method of this
chapter is to find a way that can confirm if the candidate roads are similar or not.
One of the applications for this method is comparing the road map dataset with its
old versions to identify new roads and direction of existing roads’ expansions. Also, in
this application, determination of new roads can be detected as extra road segments
exist in the newer version and also, a closed road can be caught that if the extra road

segments come from the older version.



40
3.3 Related Works

Matching similar roads methods from different datasets have been the focus
of several papers [1] for various applications: road networks integration and data
enrichment, resolving data discrepancies in semantic attributes such as road name,
and more. Different methods have been used to identify similar roads such methods
utilizing buffer for road or part of it in one dataset and find the roads from the
other dataset that fit entirely inside the buffer [22, 17]. These methods can fetch
candidate roads. However, the buffer technique does not determine if the candidate
roads are similar in shape or not; neither does it have the capability to confirm the
matching if one road in one dataset has extra road segment than the road in another
dataset. Other method [20] by Safra et. al is using endpoints of road segments
matching. This approach is matching small straight road segments and it did not
take into consideration more than one road segment for a matching. Also, it could
not help to identify similar roads with extra road segments. In [23] and [24], the
matching process is started with road intersection (point-matching) to the next road
intersection and then use the polyline topology matching. At the end, they measure
the average distance between roads. This method of comparing the intersections
considers significant points in the road. However, it does not pay attention to the
points that change the shape of a road and they are not intersections.

In general, matching similar roads method is considered as polylines matching and
there are well-known measures used such as Euclidean distance and such measure has
been widely used in the Geospatial field [25]. Euclidean distance is the simple distance
measure between two points. Euclidean distance value is calculated by measuring the
average distance between corresponding points. However, measuring the distance
between polylines using Euclidean distance may not give enough information such as

how much the polylines are similar to each other. Also, there is a Hausdorff distance
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which is a way to express the spatial similarity between two polylines [26]. This
method chooses the largest values among minimum distances from one set to another.
However, it takes into consideration the maximum value and ignores all other points’
distances. Therefore, outliers play a major role to make similar roads different in
the results. Moreover, there is another measure called Fréchet Distance [27]. Fréchet
distance measures the maximum distance between two oriented lines which takes into
consideration the location and the order of points along the polylines. It has the
same drawback as Hausdorff distance since it considers only the greatest distance
value. In addition, Fréchet distance has a high cost of computation and complexity
compared to the Hausdorff distance[28]. One of the interesting measures is called
Dynamic Time Warping (DTW) distance that has been originally used in automatic
speech recognition [29] which selects the optimal alignment between two time-series.

However, DTW can lead to dramatically different results due to the sampling [30].

3.4 Mathematical Definitions of Road Divergence

In order to compute the similarity between two roads that represent the same
road in the real world but they have slight difference due to how their road’s coordi-
nates were captured, there is a need to find out the points coordinates that represent
the road segments. These points have coordinates information, longitudes and lat-
itudes. Based on this information, road similarity could be measured between two
roads.
There are various ways to measure the divergence between two roads as discussed in
section 3.3. One approach is to use Hausdorff distance (section 3.4.1), but this ap-
proach is not enough to confirm the similarities between two candidate similar roads.
Therefore other divergence measures (local and global divergence measurements) are

introduced in this chapter that can give more information to decide whether the can-
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Figure 3.2: Hausdorff distance is not commutative

didate roads are similar or not. These two measurements are discussed in section

3.4.2.

3.4.1 Hausdorff Distance Between Two Candidate Roads

Our method is inspired by Hausdorff distance method [26] which is one of the
well-known approaches to measure lines similarity. This method helps to find out the
abnormalities between a road’s representations from different datasets since roads
are represented as lines in the vector datasets. Therefore, we use sometimes in this
chapter term ”line” to refer to the "road”. It basically goes through all points of
line segments from the first line and for each point computes the minimum distance
between this point and the closest point from another line. After that, the same
approach will be repeated from other direction, i.e., from the points that represent
the second line to the nearest point from the first line. The Hausdorff distance is a
single value defined by finding the largest value of distances that were computed from
those points (i.e., the maximum of the minimum distances).
Let us suppose there are two lines A and B. Each line is consisting of list of con-

nected points that represent the line or part of the line (line segment) such that:

A= {(11,(12, ...,an} and B = {bl,bg, ,bm}
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The one-sided Hausdorff distance from A to B is defined as:

where Py;r(A, B) is a list of minimum distances between A’s points to the line B:
Pdiff<A, B) = [min(ai, B)]Vaz €A

where min(a;, B) represents the distance from point a; to the nearest part of line B
and this distance could be computed by ordinary straight-line (Euclidean) distance

as in the following equation:

lla —bl] = /(s — bs)? + (a, — b,)?

where a,, b, and a,, b, represent the longitudes and latitudes of the point for points

a and b respectively.

Note the Hausdorff distance is not commutative, which means dy(A, B) #
dy(B,A). Figure 3.2 shows a case where there is a big difference between values
of dy(A, B) and dy (B, A) because line A is shorter than line B and the distances
are short when they are computed from A’s points to nearest point of B. On the
other hand, if the distances are measured from B the far endpoints on B have longer

distance value than the maximum distance from any point on A to B. Therefore, it is
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important to compute both directions. As a result, bidirectional Hausdorff distance

between A and B can be found as follows:

dy = max(dy(A, B),dy (B, A)) (3.2)

3.4.2 Other Road Divergence Measurements

In order to have more accurate findings, this chapter introduces other measure-
ments in order to determine the similarity of two lines. These measures have im-
portant indications for global divergence, which take into consideration the dataset

overall, and for local divergence relates to the specific two lines’ characteristics.

3.4.2.1 Local Divergence

There are two metrics- Mode value Mode(A, B) and its Frequency value Freq(A, B)-
can be used in order to determine the divergence between two lines. The first metric
is the Mode which is the distance value that has highest frequency of occurrences
in the two lists Pyrr(A, B) and Pysr(B,A). When creating the list of minimum
distances, the numbers are rounded to the closest meter; then we count the most
frequent number occurring in the list to indicate the divergence. Recall that the Py s

vectors are:

Puiss(A, B) = [min(a;, B)|Va; € A

and

sz‘ff(B,A) = [mln(bZ,A)]Vbz €eB

This Mode value is important to determine overall how far apart these two lines are
from each other. Mode value can be compared with Hausdorff value from equation

3.2 and based on that two possible cases could happen; either (Mode(A, B)+¢€) > dy
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or (Mode(A, B) 4+ €) < dy where € is an estimated value of the margin of error of
lines locations -a relatively small value that is computed manually-. In the first case
when the single bidirectional Hausdorff is less than or equal (Mode(A, B) + €), this
indicates there is a high possibility that these two lines are identical and have the same
shape and length. While if the (Mode(A, B) + €) is less than bidirectional Hausdorff
distance, it indicates there is a divergence in one line segment or more from one line
or both lines. Furthermore, the two directional Hausdorff distances may provide more
information when compared to Mode value. For example, if d (A, B) is less than or
equal (Mode(A, B)+¢€) and dy; (B, A) is greater than (Mode(A, B)+¢), this indicates
that line B has one or more line segments that do not exist in A. This difference can
have several explanations from traffic road perspective such as new line segments are
captured by B’s dataset while missing in A’s dataset, or it exists in A’s dataset but
with different road name, and so on.

The second metric that can be used to measure lines divergence locally is Mode
Frequency Freq(A, B), which counts the frequency of the Mode value occurrences.
When counting the frequency of the mode, we take a range [(Mode(A, B) — é€),
(Mode(A, B) + €)] and count all values in the range. Mode Frequency can detect
the similarity between two lines by comparing its value that represents occurrences
with the total number of points in both lists. This comparison can be computed by
getting the percentage between Mode Frequency and the total number of points in
both lists, Freq(A, B)/(N + M) where N and M are the numbers of coordinates
points for sets A and B, respectively. Because there is a slight divergence in the road
representation from different datasets, it is better to add the three highest occur-
rences of distance values in the list together. Then we see if the value of summation

represents 80% or more of the number of points, which indicates these two candidate
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lines have overall similar shape. It is important to mention that these cumulation
frequencies should not be apart more than +€ from each other.

There is one more metric that can be computed from local divergence arguments
and used to compare with global divergence measurement. This metric is a local
average divergence between two candidate similar lines. Local average divergence

(Avgy) for two lines could be computed as the following:

(27 [min(a;, B)] 4 7L, [min(b;, A)])
(N + M)

Avgr, = (3.3)

VaiEAandbjeB

3.4.2.2 Global Divergence

Local metrics deal with only two specific roads (lines). It does not take into
consideration the overall datasets divergence. Global divergence provides an average
of all local divergence between the two datasets. Global divergence is essential as
sometimes local divergence measurements can compare two parallel lines and find
out they are similar while in the real world they are two different parallel lines, even
though they have a similar value of Mode and the Frequency Freq(A, B) is bigger
than 80%. Therefore, use global divergence to make sure they are the same road in
the real world. We compute global divergence as follows:

(i, Avgri)

w

Avge =



A7

where Avgy; is the local average distance for all similar road pairs and w is the
number of those similar road pairs.

Global divergence can be used to compare the local average distance of the

candidate similar roads Avg; with the global average distance value Avgg. If the
Avgy, is larger than the Avgg by more than 10%, it indicates that most likely these
two candidate roads are different from each other and run in parallel in the real world;
such as an example in subsection 3.5.4. Otherwise, it is most likely these two roads
are similar to each other. The 10% value added to Awvgg is the threshold and it is
manually identified based on the nature of datasets. Based on trial and error, our
experiments show that 10% difference splits the similar roads than different roads
and this is the reason we choose 10%.
This comparison comes as a second step after the candidate similar road pairs have
passed the local divergence test. In the case of missing road segments from one dataset
while it is available in the other dataset, this measurement can be used to identify
the similarity by comparing the Mode(A, B) instead of Avgy, with global divergence
value Avgg. Moreover, it can predict the locations of the missing segments.

Two candidate roads can be similar if the three following conditions are met: 1.
(Mode(A, B)+€) > dy, 2. Freq(A,B)/(N+M) > 80%, and 3. Avg;, < Avgg*1.10,
which means the overall distance between the two candidates similar roads is within
Mode(A, B) value. While Freq(A, B)/(N + M) > 80% means the two roads are
running in parallel and consequently have similar shape, and Avg;, < Avgg * 1.10
means they are most likely to be the same road because the distance between them
is within the average of other similar roads- to make sure they are not two different
roads in the real world that happen to run in parallel. If the first condition is not
met while the others have been met, this could mean that there is a high possibility

these two roads are similar but one of them has missing segments of the road for any



48

reason such as different name, new segments of the road have not been captured or

simply incorrect extra segments.

3.5 Experimental Results

In order to examine our method, we use two road-map categories: Volun-
teered (crowdsourced) geographic information (VGI) category is represented by Open-
StreetMap (OSM)[8]. The second category is Authoritative Geospatial Data which is
represented by Topologically Integrated Geographic Encoding and Referencing sys-
tem (TIGER)[3]. The datasets we have are for Tarrant County, Texas: 1. OSM:
which is a free road-map open to the public to contribute and build up the data; 2.
TIGER Road map dataset that is produced by the US Census Bureau. TIGER is
considered as a professional road map network. In order to apply the method in this
chapter, first, we have to identify the candidates of similar road pairs either manually
by specific road name for example or automatically such as road maps integration. In
this chapter, the experiment has run manually by identifying the candidate similar
roads semantically using road name and then applying the divergence measurements
on these roads to figure out if they are similar and are representing the same road in
the real world or not. Measuring of a distance has been approximated to the near-
est integer value of meter unit as the fraction of meter does not have a significant
impact since the coordinate is captured as a point in the lane which has a width of
up to 3.6 meters [32]. Estimating € -which is the margin of error of candidate roads’
locations- is based on two factors: 1) The average width of the road and 2) how far
is the similar roads from different datasets to each other. Based on that, the distance
of similar roads from two datasets (OSM and TIGER) is within 4 meters as well as
almost all the roads have at least two lanes, one for each direction, so any coordinates

point to any location within the road’s width (7.2 meters) is considered from the
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Figure 3.3: Pioneer Parkway road Satellite image (A) vs. Tiger Dataset (B)

road. Therefore, whichever is the bigger value from these two factors is going to be
assigned as a value of the margin of error €. In this case, the average road’s width
is bigger and therefore é= 7. Regarding the global divergence measures after taking
the average of several correct matching roads, the global average distance is equal to
Avgs = 19. Furthermore, this method provides accurate results with relatively long
candidate roads as compared to small road segments could confuse their geometry

length with divergence measurements.

3.5.1 Candidate roads are similar

This subsection shows an example of candidate roads that are similar in the real
world and have met all three measurements conditions. The example is for "Pioneer
Parkway” road in Tarrant County. This road stretches more than 17 kilometers.
Figure 3.3 shows a satellite image from Google maps [4] for "Pioneer Parkway” road
as well as the plot of TIGER coordinates. It has been represented in TIGER by
434 coordinate points while in OSM this road has 668 points. After computing the
distance for each coordinate point to the closest point of the corresponding candidate

road, the following values are the results: Mode(T,0) = 1, dg = 7 where T' is TIGER
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Figure 3.4: Pioneer Pkwy distance histogram between Tiger and OSM

and O is OSM, highest Freq(T,0); = 1102, local average distance Avgr_pioneer = 2,
and global average distance Avgg = 19. There is no need to count the second
and third highest frequency as all number of coordinates are falling in the highest
frequency category. Figure 3.4 shows the frequency of coordinate points in each meter.

Now, we see whether the measurements conditions have been met or not: 1)
compare Mode(T, O) value with bi-directional Hausdorff distance: (Mode(T, O)+¢€) =
1+7 =28 > dy = 7, therefore, this condition is passed; 2) Are 80% of roads’
coordinates or more running in parallel to each other or not?: ((Freq(T,0), =
1102)/(434 4668 = 1102)) = 1.00 which means 100% of candidate roads’ coordinates
are running exactly in parallel. 3) Are the candidate roads representing the same road
in the real world or different parallel road?: Avgr_pioneer = 2 < Avgg = 19%1.10 = 21.
As a result, all measurement conditions have been met. Therefore, we can say these
two candidate roads are matching to each other and they represent the same road
in the real world. As it is shown in figure 3.5 after we get a close look at TIGER
plot and OSM plot these roads are not exactly identical and there is some divergence
between them. However, these small differences between them are considered as the

margin of errors (section 3.4.2.1) and it does not impact the overall outcome.
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Table 3.1: Local and global divergence measures’ values for Pioneer Pkwy

Measurement Value

Mode(T < O) 1
Freq(T < O); 1102
Freq(T < O), 0
Freq(T < O)3 0

Avgy, 2
dy 7
Avgg 19

— OSM

— TIGER

Figure 3.5: TIGER and OSM plots part of Pioneer Pkwy

This case is the optimal scenario but in the real world with different represen-
tations, this is not always the case. Sometimes, it represents the same road but with
some missing road segments from one dataset or extra incorrect road segments in

another such as the next scenario in section 3.5.2.

3.5.2 Candidate roads are similar but there are some road segments miss-
ing/extra in one of the dataset
There are some roads that have different representations in different datasets

due to many reasons; for example, some datasets capture new updates while others
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Table 3.2: Local and global divergence measures’ values for South Cooper Street

Measurement Value

Mode(T < O) 7

Freq(T < O); 546
Freq(T & O), 231
Freq(T < O); 31

Avgy, 9
dg 289
Avgg 19

Distance Histogram

Figure 3.6: South Cooper Street distance histogram between Tiger and OSM roads

are not updated. Sometimes there is some extra road segment that is wrong and does
not exist in the real world. In some cases, road segments are missing due to having
different road name or sometimes it is renamed in different road segments especially
adjacent road segments. Here is the example for "South Cooper Street” which spans
for more than 14 km and it is represented in TIGER by 207 coordinates while in
OSM, it is represented by 648 coordinates. Table 3.2 has the computation values for
these two candidate roads.

Figure 3.6 shows the distributions of the coordinates based on the distance. For
the first condition: (Mode(T,O) + €) = 7+ 7 = 14 which is very small comparing
to the bi-directional Hausdorff distance dy = 289 so, this condition is not met. For

second measurement condition, (546 4+ 231+ 31)/(207 + 648)) = 0.95 which indicates
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that 95% of coordinates are running in parallel to corresponding candidate road; thus
this measurement condition has passed. Regarding the third condition which is the
global divergence, it compares local average distance to the global average distance
and sees if the local average distance is within the global average distance range or
not: Avgr_scooper = 9 < Avge = 19 * 1.10 = 21 it is shown this condition has been
met. Note, sometimes if the first condition is not met and the candidate roads are not
relatively long, it is better to use Mode(T, O) + € instead of Avgy, which is met in this
case also Mode(T,0)+¢€ = 14 < Avgg = 19%1.10 = 21. In the above result, the first
condition of local divergence is not met while the second condition of local divergence
and global divergence are met. It indicates the two candidate roads are similar, but
there is a missing road segment from one dataset while it exists in the other or extra
incorrect road segment in one dataset. In this case and after investigation, figure 3.7

shows that TIGER dataset has missing road segment of "South Cooper Street”.

3.5.3 Candidate roads are not similar

The scenario for this case is significant because common mistakes could happen
just with swapping the direction of road name such as "North Cooper” instead of
"Cooper North” and sometimes the road names are totally different from each other.
Such errors could also happen when we make auto road matching depending on
semantic attributes only. The experiment gets two candidate roads where TIGER
takes road name called "Cooper North” and OSM takes a road name called "North
Cooper”; same names but the difference is one has the direction before the road name
and the other has it after the road name. The total coordinates for these two roads
are 252 coordinates points. Based on that and measurements values in table 3.3, the

following are the explanation for these values:
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Figure 3.7: S Cooper Street in TIGER has missing road segment

Table 3.3: Local divergence values for North Cooper

Measurement  Value

Mode(T < O) 7
Freq(T < O), 5
Freq(T < O),y 4
Freq(T < O); 4
Avgy, 1165
dy 3123

54
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—— OSM

— TIGER

Figure 3.8: North Cooper from OSM and Cooper North from TIGER

When applying these values for Mode(T, O) condition in local divergence, it is
shown that this measurement condition is not met : 74+ 7 = 14 << dy = 3123. To
test if the candidate roads are parallel or not: ((5+ 4+ 4)/252) = 0.05 that is a very
small value (5%) to confirm the parallelism between the roads, so, this condition is
not passed. For global divergence, this case shows the local average distance is bigger
than the global average distance Avgr ncooper = 1165 >> Avge = 21 which does
not meet the condition. As local divergence measurements are not met the matching
criteria, these two candidate roads are not similar, and there is no need to continue
for computing the measurement for global divergence. Figure 3.8 shows the plot of
TIGER and OSM and how it is obvious these two roads are not similar in the real

world and from a satellite image, too.
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Table 3.4: Local divergence values for North Cooper vs. Cooper North

Measurement Value

Mode(T < O) 83
Freq(T'< O); 10
Freq(T < O), 0
Freq(T < O); 0

Avgr, 82

3.5.4 Candidate roads have similar shape but are not similar

Testing candidates roads to determine if they are apart from each other by a
fixed distance along roads plays a significant role in deciding if they are similar roads
or not. However, this is not enough because sometimes there are two different roads
running in parallel with a fixed distance between them, but this distance is very long
and indicates they are different roads in the real world. Here is where the global
divergence plays its role to decide if the roads are for the same road or for different
roads that happen to be in parallel. Such scenarios frequently happen when matching
the candidate roads based on spatial features only. The experiment conducted in this
category is getting the road called ”Janann Ave” from TIGER and match it with OSM
road called "Marlee Lane”. These two roads span for more than 500m. It generates
ten coordinates points in total. The values of local divergence measures are computed
and presented in the table 3.4.

These results can pass the local divergence measurements, since Mode(T,O) =
83 and 83+ 7 = 90 > dy = 84. So, this indicates there are no missing/extra
road segments in one dataset than another. Also, it shows that the candidate roads
maintain constant distance apart from each other Freq(7T,0); = 10/10 = 1.0 thus all
coordinates are running in parallel to the corresponding road from the other dataset.

At this point, local divergence metrics have been met which could conclude they are
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Figure 3.9: Candidate roads have same length and run in parallel but they have a
long distance far them apart

similar except we need to make sure if they are similar or just two different roads
that happen to run in parallel. Global divergence takes place here: Avgy, = 82 >
Avgg * 1.1 = 21 which indicates that these candidate roads are representing different
roads and they are not similar in the real world as shown in Figure 3.9 that is depicted

from a satellite image.

3.6 Conclusion

This chapter presents a novel method inspired by Hausdorff distance to confirm
if the candidate similar roads are similar or not by using local divergence measure-
ments that make sure these candidate roads have approximately same length and
these roads run in parallel beside each other which preserve the shape between them.
Confirming the similarity also requires global divergence measurement to be met that
ensures the candidate roads are for the same road in real words and they are not
different roads that happen to be beside each other. In addition, our method can
identify the similar roads, but one of the roads has either missing road segments or

extra incorrect road segments.



CHAPTER 4

HISTORICAL COMPARISON BETWEEN OLD VERSION OF ROAD
MAP DATASETS WITH NEW VERSION

One of the application of the proposed framework that have been introduced in
chapter 2 is comparing the new version of Road maps with an older version to study
the roads changes in the city. We start with introduction in section 4.1. After that,
we define the problem. Then, we explain the matching process in section 4.4 and next

we conduct the experiment in 4.5. Finally, we give a conclusion in this chapter 4.6.

4.1 Introduction

Over time everything is changed with slow or fast pace of changing; either we
notice it or not. Roads of the cities are also changing over the time for many reasons
(28, 33, 34, 35]. For example, new commercial or residential areas need new main and
local roads to be constructed to serve these area; or some main roads are extended to
serve new areas. Congested roads that have high traffic are gotten changes therefore,
such roads are expanded to contain the high traffic and make the traffic flow smooth.
From road map perceptive these changes are captured by representing them by two
parallel lines -one line for each direction- instead of one-line representation. Another
reason of the change in roads are changing semantic attributes such updating the road
name or road ID either for misspelling correction or simply changing the attribute for
any other reason. Sometimes the existing roads are needed to be removed for some
other projects for instance, AT-T stadium which is also known as Cowboys stadium

has been built on area that has roads and buildings as shown in figure 4.1 that is taken
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Figure 4.2: Old roads were removed and new roads are built after AT-T stadium
built
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Figure 4.3: 2007 Dataset (red lines ) overlay 2018 Dataset (blue lines) for Tarrant
County and it shows the new roads in 2018 DS

from [36] and after building the stadium all these roads and buildings are removed
and new roads were built as shown in figure 4.2 that is taken from [37]. Occasionally,
some roads are shifted and their locations and shapes were changed and usually such
cases happen in new areas that are recently built which make eventually changes in

road network.
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As mentioned above, there are different reasons that change the road network.
Therefore, all these changes should be captured in new version of Road Network Map.

These maps can be compared with its old versions.

4.2 Motivations and Contributions

One of the TAREEQ framework application that has been introduced in chapter
2 is the ability to matching new version of road map with old road map and making
historical comparison between both road maps. This comparison brought several
benefits such as keeping track of changes that have happened overtime such as road
name was changed, road was permanently closed or removed, road was extended,
road was expanded and represented by two-line instead of only one-line, or simply
new road was built.

In addition to keep track of the changes, this comparison gives overall picture
of where is the city or area growth and we can get a prediction of the pace of changes
in future by knowing the pace of changes that have happened between the two maps
period. Furthermore, this application can define which region that has the highest
percentage of removed roads. Figure 4.3 shows that road map that is updated on
2007 (red lines ) overlies road map that is updated on 2018 (blue lines) for Tarrant
County and it shows the new roads in 2018 DS. This visual representation does not
give clear pictures of the growth percentage for each region neither it gives any idea
about the removed roads.

One of interesting findings is simplifying the process of finding errors in updated
version of road map. So, the question is that can we count on the most recent version
of Road Map and assume it is correct? Are there missing roads that were exist in
older version and mistakenly deleted from newer version? Are there in newer version

confusing Roads’ names such as spelling mistakes, wrong directions that were correct
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on older version. This application facilitate the process to highlight the differences
between them to take a decision if there are issues with new dataset or not.

The contributions of this work can be summarized as the following: Highlight
the differences of historical road maps comparison, Identifying the areas that have
gotten changes, Determining the overall changes during the period between the old
dataset and new dataset. Finally, Facilitating the investigation of finding the errors
by listing the major differences between two historical road map dataset and listing

all roads’ names changing.

4.3 Preliminaries
In this we are going to define the terminologies we use in this study to avoid
any confusion that may happen in section 4.3.1; after that we are going to define the

problem formally in section 4.3.2.

4.3.1 Definition
There are some terminologies we use and they may refer to something wrong

for the audience, for this reason we try to define them here to avoid any ambiguity.

Definition 1 (Road Coordinates/ Road Points).  Road coordinates and
Road Points are the same and we use them interchangeably. Road Coordinates are
indicate the position of points that forming a line in Road map. It has two values-

longitude (X-axis) and latitude (Y-axis).

Definition 2 (Road/ Lines).  Road and Lines are the same and it represent

a road or part of road that consists of number of coordinates that represents the Road.
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Definition 3 (Road segments). is a sub-road that represents part of the

road and it also consists of number of coordinates.

Definition 4 (Partial Similar Roads).  two roads are partially similar

when one of them has extra road segments or the other one has missing road segments.

Definition 4 (Road Extensions).  when the road has new road segments

connect to the existing road.

Definition 5 (Road Expansions).  when the representation of the road
has changed from one-line representation in the road map to two-line representation

and usually each line represent a direction of vehicle traffic.

Definition 6 (Region).  when we have a large area like Tarrant County
that has number of cities, this large area can be divided into small areas and each

one of them called region.

4.3.2 Problem Definition

We have two version of road network maps for the same area, one is old road
network map and the second is the recent road network map. The problem is that:
How can we compare same datasets with its old version? Also, How can we make
sure missing roads, which were exist in old dataset and no more exist in new version,
do not exist anymore in real life or simply the name has changed? In addition, can
we get overall picture of the changes and how can we get overall picture of where is
the region growth and based on that we can have a sneak peek of the pace of changes

over time and predict the changes in future such as the trend of city growth.
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Figure 4.4: TAREEQ Framework

This chapter introduces one of TAREEQ framework application and how the
system is built. Then we discuss its results for Tarrant and New York Counties and

the quality and performance of the system.

4.4 Map Matching of Old Version vs. New Version (Historical Road Map

Matching)

We incorporate our TAREEQ framework in this method of Historical Road
Map matching as shown in figure 4.4, which begins with data source preparation.
After that, the framework generates the candidate similar roads and it conducts the
similarity matching. The later two processes may call each other depends on the
certain criteria. Finally, the framework provides the results if the two candidate pairs
are similar, partial similar, or different roads. If the decision is partial similar, the
framework has the ability to find out what cause this dissimilarity in part of the road.

First cause is that if the change is happened because of the road gets extension to
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reach further area and it is called road extension; road gets expansion to contain a
high traffic and avoid bottleneck, if any, and this is called road expansion which is
represented by two-line instead of one-line; or if the new road in different area is built
and has a name that is same as name of existing road, then the system will identify
it as partial similar with existing of new road that has same name in different area.
This section talks about about data source preparation in subsection 4.4.1. After
that, in subsection 4.4.2 the main process which is Historical Road Map Comparison
that consists of two main methods from TAREEQ framework: generate the candidate
similar roads and similarity measurements process. Last subject 4.4.3 is talking about

the possible scenarios that TAREEQ framework can determine.

4.4.1 Phase 1:Data Source Preparation

In this phase, we prepare the dataset for the main next phase which is generate
candidate similar road and similarity measurements. This phase is important to study
the data and how it is constructed and extract the important data. We try to not
modifying the data like other methods [38, 39, 40, 41, 42, 43| that they change the
roads’ coordinates for the sake of their system’s results. In this phase we just filter
the data that are not related to roads network. It is important to study the data and
know which field from first dataset is going to be compared with second data-set’s
field. Even for the same road map with different version such as the case that we have
it when we try to compare 2007 dataset with 2018 dataset. In 2007 dataset, the data
has all lines in one dataset and dataset has Hydrography, Rail, Road, and so on while
in 2018, the dataset is built to store only roads attributes. Therefore, we work on
2007 dataset to filter and remove all data unrelated to roads before comparison. Even
though representing the roads are different in number of records required to store the

road’s coordinates, our framework has the ability to work with such differences and
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Figure 4.5: Number of records needed to store the information of Interstate Highways
in 2007 Dataset compare with 2018 Dataset

it does not need further process to prepare the dataset which differ than other work
[44, 31, 45, 20]. For example, if we take all Interstate Highways in Tarrant County,
2007 dataset requires 1435 records while they required only 22 records in 2018 dataset

as shown in figure 4.5.

4.4.2 Phase 2: Historical Road Map Comparison: Generate the Candi-
dates and Measure the Similarity

In this phase, we are going to use two processes from TAREEQ framework:

"Generate Candidate” and "Measure Similarity” and we will go through this in details.

First of all, let us look at the flow chart for the Historical Road Map Comparison

Process that is shown in figure 4.6 to get overall idea how it works. Is starts taking

the two datasets, i.e. the old dataset and new dataset, we are going to start with

generate candidate similarity roads and at the beginning we use semantic attribute
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Figure 4.6: Historical Road Map Comparison Process

to find candidate similar roads.
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The semantic attribute we have used is the name.

This process provides three lists: Existing Roads’ names in old dataset but missing

in new dataset, Existing Roads’ names in both datasets, and Existing Roads’ names

in new dataset and not exist in old dataset.

After we have these three lists, we start with the list that has Existing Roads’

names in old dataset but missing in new dataset to do further check if the roads

are still exists but with different name. We run the STEP # 1 process as shown in

figure 4.6 and we expand this portion of the figure to know exactly how the historical
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comparison process do it in figure 4.7. In this subprocess we take first road name
that is missing in new dataset. We start the generate candidate process again but
with different approach which taking spatial attribute into consideration instead of
semantic attribute. We use the buffer technique which we make buffer around the
road in old dataset and overlay the new dataset on the top of old dataset and fetch
all the roads that are fully or partially inside the buffer. After that we sort the list of
candidate similar roads based on how much this candidate road similar in length to
the missing road that exist in old dataset and missing in new dataset and also making
the sort based on the portion of the candidate road exist in the buffer. In this point
we finish the from the generate the candidate process using spatial attribute and start
the similarity measurement process. It takes the first candidate roads in the list and
measure the similarity with the missing road that exist in old dataset and missing in
new dataset and see if they are similar or not. If they are not similar, take the second
candidate roads and again make the similarity measurement and see the result. If
they are not similar, repeat the last step till either there is similar matching road
or the sorted list is empty. If the sorted list is empty that means the missing road
that exist in old dataset and missing in new dataset is truly removed in new dataset.
Note, if there is partial similarity between the two roads, the loop will continue to see
if the unmatched part has matching road with different name or it is removed. Also
note that the matching road from new dataset could be from the list of New roads
names that exist in new list and missing in old dataset. If so, this list will remove
this specific road name.

After step # 1 is processed, the second step is started as it is shown in figure
4.6. It is basically running the similarity measurements process on the list that it has
roads names in both datasets; one road name at a time. The possible answers are: the

roads that have the same name in the list are similar and identical in both datasets ,
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Figure 4.7: Check missing roads names if they exist with different names

the roads are partially similar, or the roads are totally different. If the results of the
similarity measurement is either partially similar or different, we took the different
portion from the old dataset and call the process of step # 1 again on it to see
if it exists in new dataset with different name. It worths to mention that similarity
measurements keep track for all dissimilar roads points and its corresponding distance.

After STEP # 2 has finished, we have six lists that are identifying the results
of the historical road map comparison process which are: 1) the list of the roads that
are similar and there is no changes have been happened to them, 2) the list of the
roads that are similar spatially but their names have been changed in new dataset,

3) the list of the roads that are partially similar, and 4) the list of the roads that are
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Figure 4.8: Similar Candidate Road

not similar which indicates that the road has been shifted in new dataset, 5) the list
of roads that were exist in old dataset and removed in new dataset, 6) and the list of

new roads that were captured after old dataset has been created.

4.4.3 Possible Types of Road Similarity Matching
This section is created mainly to highlights the types of partial similar matching
as our TAREEQ framework has the ability to differentiate them. Below are the type

of road similarity matching:

4.4.3.1 Similar Candidate Roads

It means that the candidate roads are similar and they have the same length
and the same shape and located in same position in both datasets. For example, 2007
dataset and 2018 dataset has similar road that is called "W Pioneer Pkwy”. After
running the similarity measurements, the process gave us a decision that the road is

similar in both datasets and the figure 4.8 shows that they are indeed similar.
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4.4.3.2 Partial Similar Candidate Roads

This means one of the candidate road has one or more road’s segments missing
or extra when it compares with its candidate pair. There are three types of partial
similar candidate roads: 1) Partial similar due to Road Extension, 2) Partial similar
due to Road Expansion, and 3) Partial similar due to new road is built in different

area.

1. Partial similar due to Road Extension: in this case the old road is
gotten extension to serve new area. This makes the new dataset has same road and
similar with the old part of the road. The new road segments that built after the old
dataset was created do not have match pair in the old dataset such as road "TX-360’
that is shown in figure 4.9. In order to know how we distinguish this type of partial
similar, i.e. Road Extension, the framework is looking for gradually increasing in the
distance between points consisting the new extension- starting from the coordinates
that close to the old part- and the corresponding nearest point in the old dataset.
Figure 4.10 shows how the TAREEQ framework know the partial similar case is
because of Road Extension. Road Shortening is a special case of Road Extension and
TAREEQ framework can identifying this except the extension happened in the road
stored in the old dataset. This mechanism of finding the the road extension is using

directional Hausdorff distance.

2. Partial similar due to new road is built in different area: some-
times new area has been developed and some of its new roads are gotten names same
as existing road in different area. Therefore, it may happens that there are number of
different roads in different areas have same name such as the figure 4.11 that shows

road name 'Carol Way’ in two different area; the old one in Euless city, which is avail-



C

Loyd Park at
Joe Pool Laki

ligh School o

=

~" State

Lake Ridge High Si

. ansfield Complex
field r Sports

nter

o Py

e

o Big League
Dreams Mansfield

72

Figure 4.9: Road TX-360 has exension in 2018 while this part was not there in 2007
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Figure 4.10: The distances between new extension and old road are increasing grad-
ually

able in old dataset and new dataset, and the new one in Newark city that is captured
only by new dataset. This case of partial similar roads can be determined when the
framework measure the distance between the nearest coordinates from the old road
in old dataset to the nearest coordinates for the new road in new dataset and the gap
and we define the gap if it is more than 500 meters we consider the new road is a new
road in different area. This is the different between road extension and new road in
different area. Road Extension the distance is gradually increasing between the old
road and its new segments while the new road the distance is very large between the
nearest coordinates from new segment to the old road. Figure 4.12 shows there is gap
larger than 500 meters between the new road and old road. This case is happening
vice versa but we conclude that there is removed road that was exist in old dataset

but no more exist in new dataset.

3. Partial similar due to Road Expansion: usually road expansion
is happening when there is a need to expand the old road in order to overcome
high traffic in this road. Also, this change is captured in most of the road maps by
representing the road by two lines running in parallel to each other such as the case
in road "Academy Blvd’ that is shown in figure 4.13. Our framework can detect this
type of partial similarity. This can be detected by the framework through compare

the distances and if there are number of consecutive coordinates have distance bigger



74

Westiake

sssssssss

eagle Mhuntain

Blue Mound

Fe =

carol \Na\/lIO km

v

0\\@
’ caro WY Carol Wa

— 2007 DS
— 2018 DS

Figure 4.11: New road is built (left) and its name is exist in different area (right)

than the threshold and less than or equal double value of the threshold as shown in
figure 4.14. If such case exists that indicates the partial similarity between the two
roads is because of the Road Expansion. There are cases that our framework cannot
detect the road expansion such if the new expansion road is placed with distance
larger that two times of threshold value like in some highway roads or when the old

road has removed and its location becomes in the middle of the new two-line road.

4.4.3.3 Candidate Roads are not Similar

When the system try to match the candidate roads and the similarity mea-
surement return the results back that they are not similar and there is no another
road with different name has similar matching, we conclude that these two candidate
similar roads are not similar. This means the road has been shifted in new dataset

and spatial characteristics are not any more the same as before. Such cases usually
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Figure 4.12: New Road in different area Explanation

happens in new area when they remove existing road for the sake of new residential
or commercial projects. Figure 4.15 shows the following roads are shifted: Cancun

Dr, Sail Fish Dr, and Bertram Dr.

4.5 Experimental Evaluation

We run our experiment in two real-world dataset to test and find the outcomes
from these experiments. We choose Tarrant County as it is growing county and there
is growth in number of areas inside it and we can have an overlook of the growth

trends. We discuss its results in section 4.5.1. Then we have another real-world
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Figure 4.14: The expansion segments run in parallel with the old road

dataset which is about New York County and the reason we take this data is because
most of the map matching works take New York County as an experiment data.
Therefore, we discuss our results with this data in 4.5.2. After that, in section 4.5.3
we discuss how good is our framework doing in terms of the accuracy and quality of

the output and we discuss efficiency of our framework.
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Figure 4.15: Candidate Roads are not Similar and Shifted from their old location

Table 4.1: Tarrant County Datasets basic information

Dataset # 1 Dataset # 2

Year 2007 2018
Number of Roads 19,007 24,144
Number of Records 104,920 40,671

4.5.1 Tarrant County Experiment

Tarrant County is one of the biggest counties in Texas and it spans in area of
2,238 km? [46]. It has at least 20 cities. This area has grown over last 11 years and we
would like to study the growth for this area. We have two datasets for Tarrant County
from TIGER- Topologically Integrated Geographic Encoding and Referencing that is
generated by United States Census Bureau- as a source: 1) 2007 Tarrant County
Dataset; and 2) 2018 Tarrant County Dataset. For phase # 1, which is data sources
preparation, we have 2007 Datasets for the Tarrant County and this dataset has a

lot of unrelated data to the roads. There are Hydrography, Rails, Roads, and so on.
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Therefore, we need to prepare this dataset and filter all data that is not related to

the roads in order to avoid any confusion could happen from it. After we filter the
2007 dataset we come up with total records 104,920 and these records represent only
19,007 Road names. The other dataset is the 2018 Tarrant County dataset and this
new dataset has the most recent update Road Map of Tarrant County. This new
dataset has the road data only so it does not need any further action in preparation
process. It has 40,671 records that represent 24,144. Table 4.1 shows these number
to compare the number for both datasets. As we notice, 2007 dataset has more
records to represent less number of roads comparing to 2018 dataset which means the
efficiency of memory usage in 2018 dataset is much better than 2007 dataset.Even
though the number of records are different between 2007 and 2018 dataset which
means the representation may differ than each other, our TAREEQ framework can
handle this difference. In the following subsections, we are going to discuss the results
of our framework after we run it for Tarrant datasets in 4.5.1.1. Then we are going
to discuss how the county was growing in overall pictures then based on regions in
4.5.1.2. After that, we conclude with some highlighted samples of this historical

comparison in 4.5.1.3.

4.5.1.1 TAREEQ framework results for Tarrant County

After we run phase # 1 that is the data sources preparation to 2007 dataset and
make the dataset is ready and check 2018 dataset and it was ready by itself, we run
phase # 2 which is the historical comparison we got the following results as shown in
figure 4.16. After we run the initial semantic attribute filtration which is the process
of "Generate Candidates”, we got 768 road names were exist in 2007 DS and no more
exist in 2018 DS. In addition, There are 5,905 new road names show up in 2018 that

were not exist in 2007 DS. The remaining road names, which are 18,239 raod names,
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are exist in both datasets. This step is very important to speed up the performance
for TAREEQ framework. These results are shown as the outputs of "Road Name
Matching” process in figure 4.16.

The idea for this historical matching is to go through all old dataset’s elements to
know if they have matching pair in new dataset. At the end the remaining elements
of the new dataset are considered as brand new elements never exist in old dataset.
Therefore, we start first with the roads that exist in 2007 and are missing in 2018
and step in STEP # 1. The STEP # 1 process has been explained in section 4.4.2.
As mentioned before, this STEP use another type of ”"Generate Candidate” process
which is depending on spatial attribute instead of semantic attribute and then run the
“similarity measurements” process on the candidates similar roads to get the results
if the missing road exists in new dataset or it is simply removed from the new dataset.
Therefore, there are 234 roads are actually not exist any more in 2018 dataset and
there are 534 roads are exist in 2018 but with different names. It worths to mention
that most of these roads names - 497 road names- come from the list that has new
road names in 2018 dataset and they are not in 2007 dataset. Therefore, the list of
"Missing in 2007 DS” is reduced by 497 road names.

In STEP # 2, the framework takes the list that has the road names that exit
in both datasets, i.e. 2007 dataset and 2018 dataset, and run the "Similarity Mea-
surements” process on them. After we get the initial results, we run the processes
in STEP # 1 for each road or segments of a road in 2007 dataset that is not similar
with its pair from 2018 dataset with same road name. The later process is important
to verify if the road’s name was changed or the road has been shifted. Of course after
this step the list of "Missing in 2007 DS” will be decreasing if the framework find

different road names and after it is running we found 277 new road names from the
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list. We get the following results: 69 roads are not similar which means the roads
have been shifted; 16,407 roads are similar; and 1,763 roads are partially similar.

After finishing the step # 2, all the remaining road names in the list "Missing
in 2007 DS” are considered as new roads that never exist in 2007, which has 5,131
new road names.

As we discuss in section 4.4.3, the partial similar roads has three types that
our framework can determine. Based on that and for Tarrant County experiment,
we found that there are 586 roads that have missing (Removed) segments and then
the new road corresponding to it gets shrinking. On the other hand, there are 605
roads have extended their length to serve new areas.Also, there are 168 whole roads in
different area have been completely removed while there are 277 new roads have been
built in different areas. The framework finds there are 127 roads have gotten expansion
and become two-line representation instead of one-line. Figure 4.17 summarize the
findings. It worths to mention that some roads has new extensions and new road
segments and expansion, too. However, to avoid the confusion and for the sake of
simplicity, we prioritize them as the following: First name the type New/Missing
roads if there is new or missing complete roads, second name the type expansion if
there is no New/Missing roads and the road gets expansion, finally we name it missing
segment or extension if the road has no New /Missing roads nor expansion. We believe
that most important is to find New/Missing roads; then find the expansion as they

are not a lot.

4.5.1.2 Determine the trends of county growths

Tarrant County is growing county and between year 2007 to 2018 the area
has changed and this change can be reflected on the road map. We have done this

comparison based on the road’s length and not on the number of the road for two
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reason: 1) some new roads have small length and others has very large length and
if we count by the number, we will make all roads have same length. 2) we cannot
calculate by the number of new roads due to partial similarity roads could miss up
the results. We start with overall picture of how much the growth of new roads within
the period of 11 years. Figure 4.18 shows that overall new roads length represents
12% of the total Road’s length and the remaining percentage is for the roads’ length
in 2007.

Now We would like to divide Tarrant County into regions. We have manually
divide the Tarrant County into nine regions that can be named by directions as shown
in figure 4.19. After that, we compute the length of the following for each region:
new roads and new extensions, old roads, removed roads or road segments, and total
current roads. Based on these information we can know the growth in each region
and percentage of growth in each region and so on.

Figure 4.20 shows that the north region has major growth comparing to the
total number of the current roads’ length. After that northwest region then southwest
region.

Figure 4.21 and figure 4.22 shows last information in different representation
for each region. These two figures give a look of how much represent new roads length
in the specific region and how much the old roads’ length represent from the current
road’s length in terms of percentage and roads’ length respectively.

Even though the percentage of growth could be high but this does not mean this
region gets the major of growth overall Tarrant County. To simplify the idea, Figure
4.23 shows how much the new roads in each region represent from the total new roads
all over Tarrant County. Notice the northwest region gets the second region in terms

of the growth comparing to existing roads in region. However, these new roads in
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Ratio of the new roads length to old
roads length

m Total length of New roads
m Total length of Old Roads

Total length of New roads | 3015.307049 Total Roads Length 24123.43262

Total length of Old Roads | 21108.12557

Figure 4.18: Ratio of the New Roads’ Length to the Old Roads’ Length

northwest region represent only 8.1% of total new roads and 6 regions has number to
new roads’ length greater than northwest region.

In Figure 4.24, we can see both numbers- i.e. percentage of new roads’ length
to the total roads’ length in each region and percentage of new roads’ length to the
total new roads all over Tarrant County- in one chart to make the comparison.

Now we see how much of removed roads’ length represent in each region. In
figure 4.25, we can see the removed roads in northwest region represents the highest
percentage among all regions when we compare the removed roads’ length to the total
roads’ length inside the region. After that north east region then north region. Figure,
4.26 and figure 4.27 shows the percentage and length of removed roads respectively to
the total roads inside each region. When we compare the total removed roads inside

each region to the total removed roads all over the Tarrant County, the northeast
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Figure 4.21: Percenatge of new roads length and old roads length for each region

region got the most removed roads compared to other regions same as information
depicted on 4.28. For the sake of comparison, figure 4.29 compares percentage of
removed roads’ length in each region to the total current roads length Vs. percentage
of removed Roads’ length to the total removed Roads’ Length.

Finally, we would like to see if there is relationship between the new roads and
removed roads in a region or not. It turns out there is no relationship between these

two factors as shown in figure 4.30.

4.5.1.3 Highlight samples of the matching results

As our framework produces the results, we have the ability to draw the con-
troversial cases that let us pay attentions to them. Some these cases are reflecting
the real-world but some of them raise a concern if the new dataset is correct or not.
Our framework can help on such cases by providing exact locations of that have the

differences between old dataset and new dataset.
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Figure 4.22: New roads’ length and old roads’ length for each region

Case 1. Removed roads in 2018 dataset that were exist in 2007
dataset. During 11 years period, there were roads that were available and nowa-
days those roads are not exist anymore for any reason. Our sample is for AT&T
stadium- a.k.a. Cowboys Stadium-. The area of the stadium was residential area and
there were number of local roads like "Ivy Ln” and ”"Vine St”. After the construction
project finished, those local roads are not exist any more and there are new roads
are built in different places than the old roads such as "Cowboys Way” and "AT&T

Way” as shown in figure 4.31.

Case 2. New Roads are emerged in new dataset that are not available
in old dataset.  North region has the highest growth for all over Tarrant County,

which means there are a lot of new roads are constructed. Figure 4.30

Case 3. One of the two-line Representation for I-820 in 2018 is miss-
ing but Exist in 2007. This case shows that there is an issue in part of highway

road called "I-820”. After doing the ”similarity measurements” process, the frame-
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Figure 4.23: Percentage of New Roads in each region to the Total New Roads

work identify that part of I-820 roads has one-line representation instead of two-line
representation for the whole road as shown in figure 4.33. The framework identifies
this difference after it starts measuring the distance from 2007 DS coordinates for the
road to nearest point from the road in 2018 DS. The framework shows that number
of coordinates have distances greater than threshold. Figure 4.34 shows the distances
that have values greater than threshold. As this part of the road is missing from 2018
DS, then our framework call STEP # 1 to check if it exists with different name or
not. It turns out it exist with different name called "Northeast Loop” as shown in

figure 4.35

Case 4. Missing Road in 2018 DS while it exists in 2007 and in real-
world.  This is one of the cases that the road has removed from new dataset while
it exist in real-world. TAREEQ framework helps to identify the missing roads in new
dataset to verify if they are really removed in the real-world or still exist. Figure 4.36
shows the road "Kaitlyn Ct” is available in 2007 DS and in real-world. However, it

is missing in 2018 DS.
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Case 5. Possibly misspelling name or wrong direction in new datasets.

The results show there are cases where there is high potential of misspelling road
names such as the case in figure 4.37. The road "Calender Rd” in 2007 DS has two
names in 2018 which are: "Calender Rd” and "Callender Rd”. Or the direction in
the name could be wrong. The example that is shown in figure 4.38 has this type of
error where 'S Shadycreek Dr’ in 2018 DS is named on Shadycreek Dr that is in the

north side. The direction in 2007 DS is correct.
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Table 4.2: New York County Datasets basic information

Dataset # 1 Dataset # 2

Year 2007 2018
Number of Roads 942 943
Number of Records 16,109 2,058

4.5.2 New York County Experiment

The reason we take New York dataset in the experiment is because most of
the works in Road Map Matching took New York County as test data. Therefore,
we discuss our results with this dataset and see what is the outcomes. New York
county is much less than Tarrant County. Its area is only 87 km? [47] compare to
2,238 km? [46] for Tarrant County. We have two datasets for New York County
from TIGER- Topologically Integrated Geographic Encoding and Referencing that is
generated by United States Census Bureau- as a source: 1) 2007 New York County
Dataset; and 2) 2018 New York County Dataset. For phase # 1, which is data sources
preparation, we have 2007 Datasets for the New York County and this dataset has a

lot of unrelated data to the roads. There are Subways, Hydrography, Rails, Roads,
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and so on. Therefore, we need to prepare this datasets and filter all data that is not
related to the roads in order to avoid any confusion could happen from them. After we
filter the 2007 dataset we come up with total records 16,109 and these record represent
only 942 Road names. The other dataset is the 2018 New York County dataset and
this new dataset has the most recent update Road Map of Tarrant County. This new
dataset has the road data only so it does not need any further action in preparation
process. It has 2,058 records that represent 943. Table 4.2 shows these number to
compare the number for both datasets. As we notice, 2007 dataset has more records to
represent less number of roads comparing to 2018 dataset which means the efficiency
of memory usage in 2018 dataset is much better than 2007 dataset.

After conducting the experiment on these datasets, we got 366 road names were
exist in 2007 DS and no more exist in 2018 DS. In addition, There are 367 new road
names show up in 2018 that were not exist in 2007 DS. The remaining road names,
which are 576 road names, are exist in both datasets. This step is very important to

speed up the performance for TAREEQ framework. These results are shown as the
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outputs of "Road Name Matching” process in figure 4.39.

The idea for this historical matching is to go through all old dataset’s elements to
know if they have matching pair in new dataset. At the end the remaining elements
of the new dataset are considered as brand new elements never exist in old dataset.
Therefore, we start first with the roads that exist in 2007 and are missing in 2018
and step-in STEP # 1. The STEP # 1 process has been explained in section 4.4.2.
As mentioned before, this STEP use another type of ”"Generate Candidate” process

which is depending on spatial attribute instead of semantic attribute and then run
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Figure 4.39: The final results of TAREEQ framework experiment on 2007 and 2018
New York datasets

the ”similarity measurements” process on the candidates similar roads to get the re-

sults if the missing road exists in new dataset or it is simply removed from the new

dataset. Therefore, there are 31 roads are actually not exist any more in 2018 dataset

and there are 335 roads are exist in 2018 but with different names.

It worths to

mention that all those roads names - 335 road names- come from the list that has

new road names in 2018 dataset and they are not in 2007 dataset. Therefore, the list
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Figure 4.40: 'East Rd’ is the only road that has been shifted since 2007

of "Missing in 2007 DS” is reduced by 335 road names.

In STEP # 2, the framework takes the list that has the road names that exit
in both datasets, i.e. 2007 dataset and 2018 dataset, and run the ”Similarity Mea-
surements” process on them. After we get the initial results, we run the processes
in STEP # 1 for each road or segments of a road in 2007 dataset that is not similar
with its pair from 2018 dataset with same road name. We get the following results:
1 road is not similar which means the roads have been shifted as it shows in figure
4.40; 423 roads are similar; and 152 roads are partially similar.

After finishing the step # 2, all the remaining road names in the list "Missing
in 2007 DS” are considered as new roads that never exist in 2007, which has 32 new

road names.
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Figure 4.41: Partial similar roads types for New York County

For partial similar roads, we found that there are 38 roads that have missing
segments and then the new road corresponding to it gets shrinking. On the other
hand, there are 112 roads have extended their length to serve new areas. For new
roads, there is no a whole road in different area that has been completely removed
and same thing from 2018 dataset there is no new roads in different area. The
framework finds that there are only two roads have gotten expansion and become
two-line representation instead of one-line, which are F D R Dr and Henry Hudson
Pkwy. Refer to the figure 4.41.

We are not talking about the growth trends as the number of new roads and
extensions is spread all over the county and especially in the borders of the county.
We would like to show two more cases, one where couple of roads have been removed
from 2018 dataset that is shown in figure 4.42. The example of removed roads in new
dataset where this road is still exist in real-world. We can see that 'Broadway Aly’

in 4.43 is no longer available in 2018 DS while it exist in real-world.
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4.5.3 Evaluation of the TAREEQ framework (Quality and Performance)

In this section we would like to talk about the quality of the TAREEQ frame-
work and how much is the accuracy that we can get and what is the method that we
have use. The first topic is the quality and we discuss it in the following subsection

4.5.3.1. Then we talk about the performance of the framework and what is the overall

idea about it in 4.5.3.2.

4.5.3.1 The Accuracy of TAREEQ framework

Most of the road matching studies work manually to evaluate their systems
(48, 39, 49, 50, 51, 27, 52, 53]. This evaluation is good when you can manually
handle the road map matching process. However, such as our experiment which is
conducted on Tarrant County, it seems very difficult and it may takes months to finish
the evaluations. Some research use automated evaluation to measure the accuracy.
One of the research measure the lengths of matched pair and the length of unmatched
roads then see the ratio with respect to the total length of the datasets. One of our
work [54] has done experiment that automatically compute the length of matched
pair and the length of unmatched roads then provide the quality of the framework
based on the given dataset. In this case we assume the new dataset is the ground
truth to run the experiment on it.

We choose the North region of Tarrant County to test the quality of our
TAREEQ framework. We take new Road Map DS (2018) as the ground truth and
calculate the accuracy based on total matched lengths from 2007 Road Map DS to
2018 Road Map DS. We calculate our results to get the values of Precision, Recall,

F-Score. Based on our methods the equation of the three metrics as the following:
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Total_Length_matched_pairs

Precision —
recston (T'otal _Length_matched_pairs + Total _Length_unmatched_roads)

Total _Length_matched_pairs

Il =
feca Total _Length_ground_ Truth

F Score — 2 % Precision x Recall

Precision x Recall

We prepare two scenarios to test the TAREEQ framework, one when the datasets
are not updated and the differences between two datasets exist and the second sce-
nario when eliminate all the differences and we choose only the similar pairs between

the two datasets that are gotten from the similarity measurements process:

Scenario 1. All the roads with expansions in new dataset and removed
roads in old dataset . We run the experiment and we know the accuracy will not
become 100% due to the differences between the datasets. We build a buffer -with
TAREEQ framework threshold as the buffer width- around all the roads in ground
truth dataset and see how much part of the roads from the old dataset are within the
buffer and we compare the length inside the buffer and length outside the buffer and
calculate the precision, recall, and F-Score. We have in this scenario:

Total Length of 2007 DS = 1,716,983m
Total Length of Ground Truth (2018 DS) = 2,423,651m
Matched Roads Length = 1,690,343.1

Based on that: Precision = 0.98448447; Recall = 0.69743668; and F-Score =
0.81646584
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Our framework have the ability to score high points and fetch all similar roads

even if there are differences between the dataset.

Scenario 2. Filter both datasets to have only the similar roads gen-
erated from TAREEQ framework This scenario to verify if the new dataset
and old dataset have only the similar roads, the quality should be 100% on Precision,
Recall, and F-Score. We eliminate also the partial similar roads. The question is:
Does TAREEQ framework produce correct matching when it says these two roads are
similar, it is similar in reality. After we conduct this evaluation we have the following:
Total Length of 2007 DS = 347,257m
Total Length of Ground Truth (2018 DS) = 347,257m
Matched Roads Length = 347,257m

Based on that: Precision = 1.0; Recall = 1.0; and F-Score = 1.0

As a result, the values of quality metrics give the same results of TAREEQ
framework as all the 2007 DS roads fall inside the buffer of all the roads in ground

truth (2018 DS).

4.5.3.2 The Performance of TAREEQ framework

One of main process in TAREEQ framework is ”Similarity Measurements” pro-
cess. This process is run over all coordinates consist the roads in both datasets- i.e.
old dataset and new dataset-. Therefore, this process is extensive and consume a lot
of time. In performance point of view, our framework can not compete the state-of-
the-art. However, other state of the art road matching processes have preprocessing
before the matching algorithm. This is to simplifying the matching process to match

road segments together. Such preprocessing deleting two-line representation and con-
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Number of Coordinates (Y-Axis) vs. Time in seconds(X-Axis)
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Figure 4.44: TAREEQ framework has high computation

vert it to single line. Also, our framework study the details to have the ability to
determine partial similar roads that most other works do not do it.

Computation cost of the framework is high due to: 1) Similarity measurements
process takes into consideration all the coordinates consist the road and match it
with whole points consists the candidate pair from corresponding dataset. 2) It
generates more details than getting results of matched or unmatched roads. 3) It
depends on number of points that represents the roads O(n+m) which gives linear
time complexity. Figure 4.44 shows the performance of TAREEQ framework based
on the number of coordinates. We use personal computer (Intel(R) Core(TM) i7-
4600U@2.1GHz) to conduct the experiment. It consumes around 100 seconds to
finish comparing 500 coordinates. Our Tarrant experiment has 868,076 coordinates in
both datasets and it takes around 48 hours, 13 minutes, and 35 seconds. It worths to
mention that this computation is for ’Similarity Measurements’ process with semantic
filtration for ’Generate Candidates’ process which does not consume time to fetch the
results. However, if we consider spatial filtration for ’Generate Candidates’, this will

consume much more time.
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4.6 Conclusion

In this chapter, we have apply TAREEQ framework to make historical com-
parison between two version of Road Map dataset (old dataset and new dataset).
It tries to find missing roads names from new map dataset and indicate the road is
either permanently closed or the road is changed its name to different name. Also,
it compares all existing roads from old dataset with same roads from new datasets
and find out: roads are either similar in length and shape, roads are partial similar-
i.e. get extensions in new dataset or complete new roads in different area, road is no
more exit in new datasets which means road is permanently closed or road has been
shifted. In addition based on framework, we get the results that help to study the
growth of the city based on discovering the area that has most new roads by dividing
the hole area into 9 main grids. Our framework can help identifying the differences
between roads which help to inspect more on datasets to determine if there are mis-
takes in new dataset or not.Our framework shows the flexibility in terms of how large
datasets can be processed through this framework and our Tarrant County dataset
is an example of that, though the performance does not compete the state of the art
methods.

Future work is to incorporate constructing a road map by moving object trajectories[54],
which building new road map network by studying and analyzing moving object tra-
jectories. This will help to identify the errors systematically on new dataset instead

of manually investigation.



CHAPTER 5
CONCLUSIONS

5.1 Summary of Contributions

This dissertation is focused on how can we get benefits of existing road maps
and enhance each other by finding the matched pairs and identifying the differences
for further investigation to determine which is the correct one. The idea of this work
is to find feasible solution that could be used to enhance the existing road map or add
more features on it by comparing it with other road maps. Acquisition of road maps
is expensive in two main perspectives: the cost as well as the time consumption, not
to mention the periodically cost of maintaining and updating on these spatial data.
In addition to what mentioned above, each dataset is captured for specific application
and each one focuses on some aspects of the real-world carefully while other aspects
are ignored or not given much attention. Therefore, Road maps matching takes place
to get the most of both road map dataset, i.e. the accuracy and up-to-date, with
minimum cost and reasonable time.

We introduce our solution by presenting our TAREEQ framework. One of the
main components in this framework is the ”Similarity Measurements” process because
based on these similarity measurements the framework can decide when comparing
two roads from different datasets whether they are similar, partial similar, or different.
We are utilizing the Local Roads Divergence Measurements (LRDM) and Global
Roads Divergence Measurement (GRDM) [19, 33]. The reason for choosing them
is the ability of these measurements to identify the similar roads even if there are

missing, or additional, road segments in one of the road map datasets. LRDMs check
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that two roads from different datasets have roughly a similar length and these roads
keep running in parallel to one another if they represent the same road in the real
world, which preserve a similar shape between them. This technique can be performed
by computing the gap between the two roads from different datasets after overlaying
one of the datasets over another. Affirming the similarity between these two roads
requires also passing the GRDM condition after the LRDMs conditions have been
met. GRDM ensures that the distances’ between the roads’ coordinates are within
the limits of GRDM threshold. GRDM ensures the two roads are for a similar road in
reality and they are not different roads that happened to be adjacent to one another.

Our TAREEQ framework shows the flexibility in terms of how large datasets
can be processed through this framework and our Tarrant County dataset is an exam-
ple of that, though the performance does not compete the state of the art methods.
However, the ability of the framework to find the partial similar roads between the
datasets and it does not identifying they partial similar only, it can determine which
type of partial differences cause. Does it because of new road extension, road expan-

sion, or new road in different area.

5.2 Future Work

As we are getting promising results, the future work will have two paths: Match-
ing Road Maps with Moving Objects Trajectories, and Road Maps Integrations. Re-
garding Matching Road Maps with Moving Object Trajectories, one of the dataset
is constructed using moving object trajectories such as buses or cars and the other
dataset is road map that is available from other sources such as TIGER, OSM, Google
Maps, ... and so on. The advantage of this method is that we can make sure any

road constructed from the trajectories is road in real-world and once it is matched
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with other road map dataset to get its name for the constructed road map and also
to verify and adjust the roads in the other road map dataset.

Road Maps Integration is one of our future work since each road map dataset is
captured for a specific application such as road navigation, topographic cartographic
for printing map, and so on. Therefore, each one focuses on some aspects of the real-
world carefully while other aspects are ignored or not given much attention. Thus
road maps integration is coming in order to provide new applications from existing
datasets that are not designed for such applications and quality improvement. Our
proposed framework can integrate two road maps utilizing LRDMs and GRDM. It has
the capabilities to match N:M road segments, which leads to match roads with missing
segments with their pairs, that have all road segments, from a different dataset.

Finally, as our framework has high computation cost, we will try to enhance the
performance in order to available for on-line applications instead of off-line job. This
could be happened if we divide the "Similarity Measurements” process task into two
phase: one to determine the candidate similar roads are similar or not and provide
the initial results to get these results fast. The second phase is to go into different
candidate pairs again to see if they are partially similar or not and determine the

type of partial similar pairs.
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