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Abstract

The Bengal Delta is considered as world’s largest delta with three largest rivers flow-
ing across Bangladesh, namely the Ganges, Brahmaputra, and Meghna. Bangladesh
has thousands of rivers and hundreds of ports. As a heavily populated, riverine de-
veloping nation, Bangladesh has historically been the hub of social and economic
activity thanks to its eleven major inland ports, twenty-three coastal island ports,
and hundreds of inland waterway ports. Inland waterway vehicles are the most
economical and crucial mode of transportation for connecting ecosystems, making
them the most economically significant for both people and goods. To provide a
more comprehensive picture of the state of Bangladesh’s inland waterways, this
study provides the first-ever data analysis of ports and the frequency of vessels us-
ing a special dataset. Complex network analysis has shown to be a useful tool for
comprehending the inland waterways structure, enabling the identification of crucial
ports, clusters, bottlenecks, and port connectivity. The paper offers valuable insights
for policymaking, infrastructure development, port connectivity enhancement, iden-
tifying weak points, ensuring network resilience, and developing backup plans for
inland water transportation disruptions. This opens the door for datafication and
digitization, paving the way for a smart Bangladesh.

Keywords: Complex Network Analysis; Inland Waterways; Models of Complex
Networks; Vessel Augmentation
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Chapter 1

Introduction

1.1 Problem Statement

Waterways transportation is a vital industry in countries connected by rivers and
seas, serving intercity passengers at lower costs than railway or bus transportation.
For the 169.4 million people who live in Bangladesh, a riverine nation with 700 rivers
and 241 ports, an affordable form of transportation is crucial. Roads, trains, and
waterways are common means of transportation. While logistics costs can range
from 6% to 25%, transportation has an impact on the national GDP of developed
economies of 6% to 12% [1]. Due to famine and seasonal deprivation brought on
by low grain and wage prices in Bangladesh, people temporarily migrate to urban
areas in search of better employment opportunities. Rivers that can be navigated
are essential for trade, and when these inland water ports are used properly, heavy
traffic flows of people and goods are produced. An increasing trend can be seen in
the analysis of cargo and passenger flow in specific inland river ports between 2005
and 2010 [2].

Inland waterways network structure is crucial for understanding economic growth,
infrastructure development, environmental sustainability, risk mitigation, regional
development, and trade competitiveness. It aids in optimizing trade routes, reduc-
ing transportation costs, and boosting economic growth. Identifying and improv-
ing connectivity between inland water ports helps prioritize infrastructure projects,
such as upgrades to waterways, bridges, and transportation networks. The shipping
network topology encourages transportation modeling and simulation practitioners
to investigate its role in network performance. Efficient use of waterways reduces
carbon footprints and eases road and rail congestion, promoting environmentally
friendly transportation options. Knowledge of network structure is important for
risk mitigation, disaster management, and planning. Inland water ports often serve
as catalysts for regional development, spurring growth in underserved areas. Policy-
makers must make wise choices that maintain the balance between exploitation and
proper use of inland waterways resources and protection of the waterway’s environ-
ment. A comprehensive understanding of inland water port connectivity enhances a
country’s trade competitiveness, as navigable rivers are important for trading pur-
poses [3]. Policies informed by this data can lead to streamlined logistics, attracting
investments, and bolstering international trade relations.
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Hence, a network of scientific scrutiny of the structure of the connectivity of the
ports is very important for assessing the socio-economic condition of the country.
Transportation networks have been studied using a variety of models, including
complex networks, graph theory, and social network analysis. Complex network
analysis is a crucial tool [4] for understanding the topological structure and existence
of communities or clusters in transportation networks. It provides insights into the
structure, dynamics, and key characteristics of inland water port connections. This
comprehensive and systematic approach equips policymakers and stakeholders with
valuable information for strategic planning, infrastructure development, and policy
interventions aimed at enhancing inland water port connectivity.

1.2 Aim of this Study

In this study, we will analyze the Bangladesh Inland Waterways Network (BIWN)
based on district and port connectivity. This research aims to analyze the structure
and port characteristics of the inland waterways of Bangladesh. This will help to
understand the different types of ports based on their importance and placement
in the network. We hope this analysis will give a way forward to design a more
optimized and resilient port-connectivity network that can contribute largely to the
sustainable economic growth of Bangladesh.

1.3 Thesis Outline

The rest of the thesis works has been organized as below:

• Chapter 2 provides our motivation and pre–assumptions for the thesis.

• In Chapter 3, we have provided the summary of our literature review on pre-
vious works of different network analysis.

• In Chapter 4, our analysis methodology using complex network centrality and
network level parameters have been discussed.

• In Chapter 5, details have been provided on steps of Bangladesh Inland Water-
way Network data collection, digitization, preparation and network generation.

• Chapter 6 describes our findings on Bangladesh Inland Waterway Network
structure and port characteristics.

• In Chapter 7, we conclude the study by providing a summary on our works
and aiming of future work direction.
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Chapter 2

Motivation and Pre-assumption of
the Study

2.1 Geographical Location Environmental Factor

The Meghna Delta, the largest and most populous delta in Asia, is facing challenges
due to rising water pollution, causing river damage and destroying 31 of its 64 river
ports. The delta, comprising 7% of the surface, has 448 secondary stations and 22
major ports. Its 7100 thousand river vessels carry 50 million passengers annually.
Overcrowding increases fatalities in passenger ship accidents. To reduce this, higher
capacity passenger launch vessels are needed. The government’s 7th Five Year Plan
aims to construct 10 river ports, modernize 9 ports, and digitize services. [1]

2.2 Socio-economic Condition of Bangladesh

The socio-economic condition of Bangladesh has been a great motivation for our
study. We have analyzed passenger count data for the last 10 years from 2010 to
2019. In Fig. 2.1, the change for different years have been shown. As observed in
the graph, Dhaka, and Narayanganj have increasing passenger count. Dawlatdia,
Paturia, Mawa, Kathalbari, and Ashuganj ports have had a sharp increase in pas-
senger count in the last 10 years. Whereas Aricha, Chittagong, and Kazirhat had a
steady increase from 2010 to 2018 but a steady fall happened in 2019. Based on the
total headcount of passengers traveling in ports, we have conducted a comparison
of passenger count and rate of poverty. To analyze the data, we have considered the
living conditions of people in the mentioned ports of Passenger Count Data.

In Table 2.1, a comparison has been shown for the passenger count of listed districts
and upper poverty headcount ratio (%) by districts. We have also generated a chart
based on the result and it is shown in Fig. 2.2. From Table 2.1 we can observe
that the highest number of passengers traveling through vessels in Dhaka has a low
poverty rate. Thus the living conditions of Dhaka are better compared to other dis-
tricts. Whereas, Munshiganj and Narayanganj have higher passenger counts with a
very low poverty rate which can be explained, although more people travel through
vessels in in these districts have better economic conditions. On the contrary, Ra-
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jbari has the second highest passenger count with a higher rate of poverty which
states that the living conditions of Rajbari are inferior compared to others. Al-
though Barisal is located at the southern region of Bangladesh surrounded by rivers
has a higher count with a higher poverty rate. Other riverine districts like Borguna,
Patuakhali, and Bhola have poor economic conditions. [3] This result indicates that
although riverine ports have great potential towards better waterway connectivity,
but economic condition impacts the transportation system. Thus, passenger count
mostly found lesser in districts which belong to higher poverty rate range.

Figure 2.1: Passenger count data from 2010-2019. Source: Bangladesh Inland Wa-
terways Transport Authority (BIWTA).

2.3 Migration Probability across Coastal Area

Fig. 2.3 shows data on migration in coastal districts depending on a survey con-
ducted in the Deputy Commissioner’s Office in every selected district. In each
district data on the ”Ashrayan Project by the Prime Minister” was collected from
January to February 2020, where the number of migrant families was mentioned.
On average five members have been assumed in every family. Data has been col-
lected and plotted district-wise in Fig. 2.2. From the collected data, Patuakhali has
the highest number of migrations among all districts (38715) and Satkhira has the
lowest number of migrations. Except for Bhola rest of the districts have migrants
less than 10000. [2]

4



SL Districts Passenger Count (in lacs) Poverty Rate (%)
1 Narayanganj 405.47 2.6
2 Munshiganj 212.53 3.1
3 Madaripur 2 3.7
4 Gazipur 22.98 6.9
5 Dhaka 1002.03 10
6 Brahmanbaria 50.79 10.3
7 Narsingdi 46.87 10.5
8 Sylhet 142.75 13
9 Chittagong 123.47 13.7
10 Bhola 29.1 15.5
11 Cox’s Bazar 32.81 16.6
12 Borguna 16.05 25.7
13 Sunamgonj 54.3 26
14 Barisal 195 27.4
15 Chandpur 56.99 29.3
16 Sirajganj 2.5 30.5
17 Manikganj 120.25 30.7
18 Khulna 17.54 30.8
19 Rajbari 560 33.8
20 Patuakhali 45.97 37.2
21 Kurigram 8 70.8

Table 2.1: Comparison between passenger count (in lacs) of listed districts and
upper poverty headcount ratio (%) by districts

Figure 2.2: Comparison on Passenger Count (in lacs) vs. Poverty Rate
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Figure 2.3: District-wise migrants in Bangladesh (2020). Source: DC office of the
respective districts [4].

2.4 Affordable Mode of Transportation

The economy of Bangladesh largely depends on a functional waterway transporta-
tion industry that carries goods and people between towns and cities at an affordable
cost. For the majority of the people, river vessels offer the only affordable means
of intercity transportation since it is cheaper and affordable. From the economical
perspective, waterway transportation is the cheapest mode of transportation. For
example the ticket price from Dhaka to Barisal is: by Air - Tk. 3015, by Road - Tk.
500, and by Waterways - Tk. 250. So, waterway transportation is a lot cheaper than
other modes. Also, river transportation is environmentally friendly as less fuel is
consumed for sailing. It has no chronic roadway traffic jams that occur in the major
cities. Hence, transportation networks play a vital role in economic development
and migration.

However, if we look into the current condition of river port establishment, only 31
ports of among 64 districts have established ports. In Fig. 2.4, we can also visual-
ize that fewer ports exist compared to river numbers and most ports are clustered
around the central region

So, there are lot of scopes for waterway transportation in Bangladesh but there is
a lack of proper utilization in this field. This situation had motivated us to study
the waterway network so maximum utilization is possible. And for that, we need
to understand the structure of ports and vessels first. Network analysis gives a way
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forward to design a more optimized and resilient port-connectivity network that
can contribute largely to the sustainable economic growth of a country. Hence, we
have studied a number of previous researches on network analysis which has been
presented in our next section

Figure 2.4: Port placements across 64 districts
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Chapter 3

Previous Works on Network
Analysis

Several networks in the real world, including social, information, biological, trans-
portation, and technical networks, have been researched for many years [5]. Dif-
ferent models have been used to study transportation networks, such as graph the-
ory, social network analysis complex networks, etc. In prior research, a significant
amount of research has been conducted to analyze transportation networks by using
Complex Network Analysis. The studies show, using complex network centrality
and cluster analyzing parameters, important network nodes, probable congestion
points, and clusters can be identified for transportation networks.

The Indian Railway Network (IRN) [6] and Shanghai Rail Transit System (RTS) [8]
are analyzed using complex network theory to understand traffic correlations and
network topology. High-connected stations are identified as having high traffic flow,
while the evolution of the Chinese Railway network [7] from 2008 to 2017 reveals
small-world characteristics. The Xi’an bus network’s [9] degree distribution, average
path length, aggregation coefficient, and betweenness centrality are also analyzed
using complex network theory. The Pakistan National Highway Network (PNHN)
[10] is analyzed to improve road infrastructure in major cities with traffic congestion.
The United States Air Transportation system [11] and liner shipping networks [12]
are also analyzed using complex network analysis to identify relationships between
port network characteristics and cargo throughput.

Numerous studies have utilized complex network analysis methods to analyze mar-
itime transport and cruise networks. Indonesia’s non-directed graph [13], with
191 nodes and 400 links, does not fit the small-world structure hypothesis. The
Caribbean port network [14] has been analyzed to understand its structure and
influence on passenger flow. Centrality measures have been used to identify top
ports and the shortest trajectory between distant nodes. The Caribbean region’s
[15] 902 ports were identified using five centrality measures The study analyzed in-
ternational port competition trends [16] using the Social Network Analysis method,
revealing changes in concentration due to globalization. The COVID-19 pandemic’s
impact on the Asian-Australasian Cruise Shipping Network [17] revealed increased
network density, links, and flow efficiency. Using a data set of 452 links between
122 cruise ports, another study on the Asian-Australasian region [18] investigates
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how the characteristics of ports affect the connectivity and structure of the cruise
shipping network In the Southeast Asian river cruise network study [19], authors
discovered influential ports and small-world properties using complex network anal-
ysis on a network of 31 ports connected by 94 links. A study on 2016 Intra-Asia
port positions [20] evaluates maritime container networks using centrality measures,
revealing that traditional hub ports like Singapore, Hong Kong, Busan, and Shang-
hai maintain pivotal positions in the network.

Complex network models have also been applied in biological and healthcare sys-
tems. In Protein Networks Analysis [21], authors use betweenness centrality to
identify protein bottlenecks as key connectors in both networks, observing proteins
as nodes and links. Another study in Patient Care Team [22] explores the possi-
bility of finding informal care teams using Social Network Analysis techniques in
physician-physician networks with common patients.

The Bangladesh Inland Waterways Network (BIWN) has been the subject of limited
research, with few studies focusing on its connectivity. A study using the Complex
Network Analysis method analyzed the network’s connectivity in 31 districts [23],
considering each district having a single port. The network was found to be undi-
rected, with dense connections among close neighbors and a few crucial connections
among distant neighbors. Most ports are not neighbors but can be reached through
intermediary ports. The network is particularly dependent on large hubs, creating a
supply chain bottleneck. The network displayed small-world network characteristics.

To understand the inland waterway structure, complex network analysis has proven
to be an important tool through which we can identify port connectivity, bottlenecks,
significant ports, and clusters. Complex network analysis uses different categories
of measures and network models to identify network characteristics. As we observe
the BD inland waterways as Complex Networks, we have analyzed properties using
different Complex Network measures.
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Chapter 4

Analysis Approach

4.1 Complex Network Analysis

We have followed the Complex Network Analysis method to mitigate the scope of
our study. Complex network analysis has proven to be an important tool. When
a graph exhibits non-trivial topological characteristics, which are indicative of real-
world networks, it is said to be a complex network [25]. Complex network analysis
uses different categories of measures and network models to identify network char-
acteristics. In this section, different complex network properties and models have
been explained that are used to analyze our objectives.

4.2 Centrality Measures

4.2.1 Degree Centrality

The number of links each node in a network has with other nodes is shown by degree
centrality [15]. The degree centrality for port i can be written as [17]:

Cd(i) =
n∑

j=1

aij (4.1)

Where,
aij = 1; if ports i and j are connected by a link
aij = 0; if ports i and j have no connected link

4.2.2 Betweenness Centrality

Betweenness centrality indicates a node’s frequency of appearance in pathways, with
higher centrality indicating more frequent bridge selection [12]. Betweenness cen-
trality is calculated as [15]:

Cb(i) =
n∑

j<k

gjk(i)

gjk
. (4.2)
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Where,
gjk(i) = represents the number of shortest paths that are associated with node i and
gjk= shortest distance between two nodes

4.2.3 Closeness Centrality

Closeness centrality measures the number of steps a node must take on average to
reach other nodes over a network. Nodes with higher closeness centrality values can
contact most efficiently with other nodes in the network. For n number of nodes,
the closeness centrality of port i is defined as [17]:

Cc(i) =
n− 1∑
j=1 d(i, j)

(4.3)

4.2.4 Eigenvector Centrality

Eigenvector centrality accounts for the importance of extra network ports. A port
that has a higher eigenvector centrality shows that it has a greater influence because
of its connections to other important ports. It’s used to assess a port’s growth
potential. The formula for port I’s eigenvector centrality is [17]:

Ce(i) =
1

a

∑
j

gijcj (4.4)

4.2.5 PageRank Centrality

Nodes with the same in-degree (degree) may not all have the same importance in the
network, according to the fundamental tenet of the definition of PageRank centrality
[31]. It gives a stronger weight to an incoming link originating from a node with
many connections than it does to one with few.

PR(i) = (1− λ)
1

n
+ λ

∑
j:j→i

PR(j)

dj
. (4.5)

4.2.6 Hub & Authority Centrality (HAC)

Kleinberg’s HAC, in addition to degree centrality, prioritizes association among
nodes, promoting mutual strengthening when high-hub centrality nodes are linked
to high-authority centrality nodes [15]. HAC is calculated as:

∑
iϵsσ

(x(i))
2
= 1 and

∑
iϵsσ

(y(i))
2
= 1 (4.6)
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4.3 Network Level Measures

4.3.1 Clustering Coefficient

The clustering coefficient, a key metric for measuring local connections, indicates the
strength of triangles surrounding a node, indicating that larger values increase the
likelihood of quick node connections within its neighbors. The clustering coefficient
of port i is calculated as [17]:

Ci =
Ei

ki(ki − 1)/2
(4.7)

Where,
Ei = the number of neighboring pairs that are linked together
ki = the number of links connected to port i
Hence, the average clustering coefficient for all ports of a network can be denoted
as:

C =
1

n

n∑
i=1

Ci (4.8)

4.3.2 Average Path Length

The least amount of edges needed to travel between two nodes on a network is
known as the average path length. Better node connectivity is shown by the shorter
average path length [27]. The average path length for n number of nodes is [17]:

L =
1

n(n− 1)

n∑
i ̸=j

d(i, j) (4.9)

Where,
d(i, j) = shortest path length between nodes i and j

4.4 Network Models

4.4.1 Random Network

In a Random network, nodes have an equal probability of being connected [28] and
are connected to each other without any preference. A new link can appear between
any pair of nodes randomly [13].

4.4.2 Small-world Network

Small-world networks are densely connected in local regions, generally exhibiting a
small path length and high clustering coefficient value [29].
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4.4.3 Scale-free Network

A Scale-free Network brings in the “Preferential attachment” concept [30] where
high-degree nodes tend to connect to other high-degree nodes which creates a strong
hierarchical structure. Scale Free Network follows a power law degree distribution
[13].
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Chapter 5

Data Collection & Network
Construction

In this section, the research workflow has been described in this section detailing 4
steps: data collection, data digitization, data preparation, and network generation.

5.1 Data Collection

The topological data of river networks were collected from the Bangladesh Inland
Waterways Transport Authority (BIWTA). River port locations were identified from
the GIS map. We find there are a total of 10 major river ports and many small ports
from 31 districts in the dataset. There are 55 river routes in total. The size of the
vessels was also classified into 2 Groups, Motor vessels or Motor Boat (MV and
MB) for carrying passengers and ML vessels for carrying goods. We have calculated
our data based on passenger-carrying vessels. The frequency of vessels varies across
different river routes. The average frequency of vessels in each route is two. The data
provides detailed descriptions of river routes, vessel frequency, and time schedules.
The data was gathered in 2018 and updated in 2022.

5.2 Data Digitization

Data were collected in manuscripts which were converted to digital format. Most
of the data were written in Bengali which were then converted and gathered. Some
of the data were written in English so it was difficult to extract data from the
documents. There was no document centrally available, we had to collect, digitize,
and then convert it to a usable format.

5.2.1 Different Zonal Areas of Inland Waterways Port

Fig. 5.1 and Fig. 5.2 show the different zonal areas of Inland waterways port. The
first column refers the serial number, travel route, vessel name, number of vessels,
time-table. This snapshot shows only description of one route similarly there are
many different routes in 8 different zones present in the division. It shows the types
of vessels traveling from one district to another, for instance, from Dhaka to Barisal,
19 vessels travel during night-time.
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Figure 5.1: Manuscripts Collected from BIWTA

Figure 5.2: Converted to Digitized Format (.docx)
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5.2.2 Detailed Description of Water Route

Fig. 5.3 and Fig. 5.4 show detailed route from Dhaka to Monpura port, including the
stoppage and the time period. The columns refer the time table, time of departure,
port name, time of arrival, duration stayed in each port.

5.2.3 Detailed Description List of the Port Location in Dif-
ferent Districts and Sub-districts

Fig. 5.5 and Fig. 5.6 show the manuscript which describes detailed description list
of the port location in different districts and sub-districts. The columns refer the
port name, detailed description, sub-district and district.

5.3 Data Preparation

From collected and digitized data, the network matrix is developed as an n x n
matrix M, representing n as the number of nodes. The connection Mij is the strength
between the nodes i and j. In BIWN, the ports and the river routes between them
are considered as nodes and edges respectively. In this network, the origin and
destination of the route are similar, thus, M is assumed to be symmetrical (Mij=
Mji). In the Connectivity network matrix, for Dhaka to Gazipur, 1 represents the
connection between the ports and 0 represents no connectivity. Based on the data
collected from BIWTA, another data matrix is prepared where vessel frequency has
been calculated based on port connectivity. For example, from Dhaka to Fotulla,
38 incoming vessels travel daily, similarly from Fotulla to Dhaka travel 38 outgoing
vessels. There are 241 ports in total and 5636 edges in BIWN. Fig. 5.7 and Fig.
5.8 represents the sample matrix prepared for Connectivity and Vessel Augmented
networks, respectively.

5.4 Network Generation

From network data matrix, two networks have been generated: Connectivity and
Vessel Augmented. In the connectivity network, we have considered only the dis-
tricts that have ports, whereas, in the vessel augmented network we have considered
all the ports present in each district. To generate networks, a network analysis tool
- ORA1has been used.

The connectivity network was generated in 31 districts with available ports, dis-
playing only district connectivity. Districts are nodes, and links are connectivity,
as shown in Fig. 5.9. The number of passenger-carrying vessels that travel to and
from the ports following a river route is augmented in the vessel augmented network.
Ships, boats, and other waterborne vehicles are classified as water vessels. Fig. 5.10
illustrates a network with 241 ports in 31 districts, 49 river routes in 241 ports,
and millions of people traveling through rivers. The links represent vessel frequency
between ports.

1ORA is a tool for network analysis which is jointly created by CASOS center at Carnegie
Mellon University and Netanomics
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Figure 5.3: Manuscripts Collected from BIWTA

Figure 5.4: Converted to Digitized Format (.docx)
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Figure 5.5: Manuscripts Collected from BIWTA

Figure 5.6: Converted to Digitized Format (.docx)
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Figure 5.7: Sample Connectivity Network Data Matrix

Figure 5.8: Sample Vessel Augmented Network Data Matrix
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Figure 5.9: Connectivity Network of BIWN

Figure 5.10: Vessel Augmented Network of BIWN
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Chapter 6

Research Findings

An overview of topological properties calculation of Bangladesh Waterway Network
has been shown in Table 6.1.

SL Complex Network Properties Connectivity Network Vessel Augmented Network
1 Nodes 31 241
2 Edges 274 5636
3 Average Degree 0.497 0.062
4 Average Clustering Coefficient 0.502 0.899
5 Average Path Length 1.89 5.216

Table 6.1: Network Properties of BIWN

This section provides insights on our conducted analysis on BIWN using complex
network properties.

6.1 Network Model Understanding

To identify the first scope of network structure of Connectivity and Vessel Aug-
mented networks, we have evaluated two network-level measures mentioned in sec-
tion 4.3 which are the ‘Clustering coefficient’ and ‘Average path length’. Our iden-
tification scope includes three complex network model theories described in section
4.4 – Random, Small-World, and Scale-free. Authors in a previous study analyzed
the network model with connectivity network data [23] by evaluating the clustering
coefficient and average path length measures. The authors concluded the model as
a small-world for Bangladesh Inland Waterway Network. In this analysis, we re-
calculated the network-level properties by extending the analysis approach for both
connectivity and vessel augmented networks. In this paper, for the same number of
ports, we have generated these 3 networks and compared the network-level proper-
ties to identify which model shows the most accurate values as BIWN [13]. In Tables
6.2 & 6.3, different network-level properties for Connectivity & Vessel Augmented
networks have been shown, respectively.

As found in Table 6.2, in a connectivity network for 31 ports, the average path
length is 1.890 or nearly 2. This number describes the travel of container cargo
within a given network by 2-4 steps, which is below the largest small-world ‘six
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SL Properties Connectivity Random Small-world Scale-free
1 Nodes 31 31 31 31
2 Edges 274 46 289 61
3 Clustering Coefficient 0.502 0 0.618 0.150
4 Average Path Length 1.890 3.235 2.041 2.252

Table 6.2: Complex Network Model Calculation for Connectivity Network

SL Properties Vessel Augmented Random Small-world Scale-free
1 Nodes 241 241 241 241
2 Edges 5636 2892 2323 2870
3 Clustering Coefficient 0.899 0.05 0.605 0.095
4 Average Path Length 5.216 2.479 5.523 2.385

Table 6.3: Complex Network Model Calculation for Vessel Augmented Network

degrees of separation’. We generated a random, small world, and scale-free network
with the same size and found the average shortest path of our network is smaller
than a random network (3.235) or a scale-free network (2.252). The average path
length is closest to the value of a small-world network (2.041). The small average
path length indicates that there is close connectivity among the adjacent ports.
The average clustering coefficient of the connectivity network is 0.502. This implies
that the neighboring ports are well connected [11]. Also, the measured value of
the clustering coefficient (0.502) is larger than the clustering coefficient value of the
random network (0) [10] or of scale-free networks (0.150) of similar size but closest
to the small-world network value (0.618). The small average shortest path and the
large clustering value indicate the connectivity network is a small world network [10].

By following the same analysis, we found that in the vessel augmented network
for 241 ports, the average path length is 5.216 which exhibits the ‘six degrees of
separation’ rule of a small-world network and also shows the closest value to small
world network (5.523) among 3 complex network models as found in Table 6.3. Also,
a high clustering coefficient (0.89) is found similar to small-world networks (0.605) of
the same size compared to random and scale-free networks. Hence, we can conclude
that both connectivity and vessel augmented networks show exhibits of small-world
networks.

6.2 Identifying Major & Hub Ports

Our next scope is to identify major network ports of BIWN. This paper focuses
on centrality index to identify major network ports. Centrality measures are used
to identify relative importance of a node within a network [21]. Based on the five
centrality measures calculation, overall top ranked ports has been listed in Table 6.4
for Connectivity and Vessel Augmented Networks.

As shown in Table 6.4, the topmost ranked port for both connectivity and vessel
augmented network is Dhaka or Sadarghat Dhaka port. This port contains the high-
est centrality value in all our calculated centrality measures. Also, Dhaka acts as
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SL Connectivity Network Vessel Augmented Network
1 Dhaka (1) Dhaka (Sadarghat Dhaka) (1)
2 Chandpur (0.69) Chandpur (0.79)
3 Barisal (0.61) Mirkadim (0.55)
4 Shariatpur (0.58) Fotulla (0.47)
5 Comilla (0.55) Munshiganj (0.29)
6 Bhola (0.55) Barisal (0.24)
7 Patuakhali (0.52) Nomorhat (0.23)
8 Narayanganj (0.51) Mohonpur (0.2)
9 Munshiganj (0.51) Mridharhat (0.2)
10 Narsingdi (0.42) Potti (0.17)

Table 6.4: Top Ranked Ports Based on Centrality Index

a bridging port for most of the other ports in different geographic distances and is
closest to most ports over the network. The next important port after Dhaka is
Chandpur as shown in Table 6.4. Following Dhaka and Chandpur, there are some
differences in the major port rankings between Connectivity and Vessel Augmented
networks. Other important ports noticed to be found in both networks top 10 lists
are Barisal and Munshiganj. Barisal port neither acts as a bridging port like most
of the other ports due to its geographical position nor does it have high connectivity
with many ports across the network. Still, this port is ranked as an important port
as it is surrounded by numerous river routes. So, the most influential ports within
the networks are Dhaka, Chandpur, Barisal, and Munshiganj.

Traffic congestion can be measured by port connectivity and bridging conditions.
To identify traffic congestion over Connectivity and Vessel Augmented networks, we
have considered ‘Betweenness Centrality’ [21]. As per the conducted analysis, Dhaka
port is considered as the most crucial node as all the waterway transportation routes
are dependent primarily to this port. Dhaka has the highest betweenness centrality
in both connectivity (0.296) and vessel augmented (0.366) networks. Dhaka port
boasts the highest connectivity across the network, with the highest degree value
indicating the highest outward and inward links. Among 241 ports in the vessel
augmented network, 240 of the ports are connected to Dhaka, that is, 99% of the
ports are connected to Dhaka. If any removal or damage is caused in this port, the
whole waterway communication is supposed to be interrupted. Thus, Dhaka port
creates a bottleneck in our analyzed networks. We suggest preventive measures to
minimize load on Dhaka port and an improvement on other important ports i.e.
Chandpur, Barisal, or Munshiganj.

6.3 Port Structure & Interconnections

In this section, we have analyzed the internal port structure and their connectivity
for both connectivity and vessel augmented networks.
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6.3.1 Overall Port Structure

In the connectivity network, 31 districts have ports with connectivity among them.
Around 32% of the ports are hub ports. Most hub ports are clustered around the
central part of Bangladesh. Their geographical location is surrounded by the main
hub port Dhaka. 68% have non-hub ports. All the hub ports have 100% connectivity
amongst each other. Among 31 ports, 23 of the ports are connected to the port of
Dhaka directly, that is, 74% of the ports are connected to Dhaka.

In the vessel augmented network, we have observed that major ports are clustered
centrally around Dhaka. Only one port, Barisal is situated at the southern part of
Bangladesh. In total, there are 241 ports and 2% of the ports are hub ports. The
rest 97% are non-hub ports. Since the ports are centrally distributed they have a
higher degree of distribution with a higher frequency of vessels to and from the ports
to other regions. These ports also act as major hub ports with high betweenness and
closeness centrality. The ports that act as a bridging port in the vessel augmented
network are Dhaka, Chandpur, Mirkadim, Munshiganj, Fotulla, Barisal, Mohonpur,
Potti, Nomorhat, and Mridharhat. All the hub ports are located in the central and
southern regions of Bangladesh and have 100% connectivity amongst each other.

6.3.2 Interconnectivity Pattern

To visualize the connectivity and clusters created among BIWN ports, we have
calculated node-level measures for Connectivity and Vessel Augmented networks.
We have conducted correlation analysis in two phases:

1. Degree vs. Clustering Coefficient

2. Degree vs. Betweenness Centrality

In degree vs clustering coefficient analysis, a structure has been observed between
degree and clustering coefficient. As degree increases clustering coefficient gradually
drops. Thus ports with high degree have crucial connections among distant ports
resulting lower clustering coefficient. Fig. 6.1 plots the average clustering coefficient
of nodes having degree k as a function of k. In the scatter plot, the dots represent the
nodes which are the districts of Bangladesh present in the district based connectivity
network. Fig. 6.2 plots the average clustering coefficient of nodes having degree k as
a function of k. Here the nodes dots represent the nodes which are the ports present
in the vessel augmented network connectivity, the clustering coefficient remains at
a constant value close to unity for small k and then shows an almost power-law
decay at larger values of k. This can be explained as follows. All ports are linked
to form a clique in the vessel augmented network. The smaller ports (having low
degrees) in this network are served by very few routes for connectivity, hence they
are linked only to other ports. On the other hand, major ports (having high degrees)
are served by a large number of connectivity, hence these ports are linked with other
geographically distant ports in diverse parts of the country, which themselves do not
tend to be connected, thus lowering the average clustering coefficient for nodes with
higher degree.
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Figure 6.1: Degree vs. Clustering Coefficient of Connectivity Network

Figure 6.2: Degree vs. Clustering Coefficient of Vessel Augmented Network
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Another correlation analysis that we have evaluated is degree vs. betweenness cen-
trality. In both Fig. 6.3 and 6.4 of district-based connectivity and inland port
connectivity, betweenness centrality increases along with degree. The betweenness
centrality measure is used to identify the nodes with high congestion. Thus ports
having higher degrees have more connectivity resulting in bottlenecks among major
hub ports.

Figure 6.3: Degree vs. Betweenness Centrality of Connectivity Network

Figure 6.4: Degree vs. Betweenness Centrality of Vessel Augmented Network

6.4 Network Resilience & Next Important Ports

An important aspect of understanding network performance is to evaluate resilience
and robustness [26]. A system’s resilience is related to its capacity to withstand
failures or disturbances while experiencing a tolerable drop in performance. A ro-
bustness analysis of the transportation network is predicated on the network’s ca-
pacity, potential for failure, and the potential for user-provided path replacement.
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Robustness is typically noticed following a failure, like the elimination of a node
or edges. The study on major Asian airlines’ network [24] robustness assesses the
resilience of these carriers’ networks and pinpoints the kinds of airports that affect
it. In the robustness analysis, the criteria for node isolation are based on three
measures of centrality: degree, betweenness, and closeness centrality. In order to
evaluate network robustness of BIWN, we have followed the bottleneck port removal
method.

In section 6.2, we have found Dhaka port creates heavy bottleneck. If we can visual-
ize the clusters formed across this specific port, the dependencies can be understood
better. For this analysis, we have considered Ego network. An ego-network is a
subnetwork centered on a single ego node, with one-hop nodes called alters, and
only directly connected nodes belong to this subnetwork [13]. So, the node depen-
dencies can be better visualized in ego networks as shown in Figure 6.5 & 6.6 for
connectivity and vessel augmented networks. It has been viewed in the generated
ego-network that major clusters are formed across Dhaka and highest number of
links (240) are connected with Dhaka among 5636 links in total. We calculated the
properties by removing Dhaka from the network and generated ego network again to
view whether the waterway network faces huge damage or not in Fig. 6.7 and 6.8 for
connectivity and vessel augmented data, respectively. The result shows that most
of the clusters are formed around Chandpur instead of Dhaka and highest number
of links (196) are connected with Chandpur among 5156 links in total.

Figure 6.5: Ego Network generation of Connectivity Data Matrix by selecting
‘Dhaka’ port as sphere of influence

To observe the impact on port rankings, we have recalculated the centrality mea-
sures done in section 6.2 for connectivity and vessel augmented networks, but this
time by removing Dhaka port. The top 10 ports based on overall centrality index
has been shown in Table 6.5. As shown in Table 6.5, if ‘Dhaka’ port is removed
from connectivity and vessel augmented networks, the next important port for both
connectivity and vessel augmented networks is Chandpur. Other major hub ports
are Chandpur, Barishal and Munshiganj. In comparison to our previous results
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Figure 6.6: Ego Network generation of Vessel Augmented Data Matrix by selecting
‘Dhaka’ port as sphere of influence

Figure 6.7: Ego Network generation of Connectivity Data Matrix by selecting
‘Chandpur’ port as sphere of influence
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Figure 6.8: Ego Network generation of Connectivity Data Matrix by selecting
‘Chandpur’ port as sphere of influence

SL Connectivity Network Vessel Augmented Network
1 Chandpur (1) Chandpur (1)
2 Shariatpur (0.86) Mirkadim (0.75)
3 Barisal (0.86) Fotulla (0.68)
4 Comilla (0.78) Munshiganj (0.46)
5 Patuakhali (0.77) Nomorhat (0.45)
6 Bhola (0.76) Barisal (0.42)
7 Munshiganj (0.75) Mridharhat (0.41)
8 Narayanganj (0.71) Mohonpur (0.39)
9 Narsingdi (0.71) Potti (0.37)
10 Pirojpur (0.55) Chormalia (0.37)

Table 6.5: Top Ranked Ports Based on Centrality Index by Removing Highest
Ranked Port
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from Table 6.4, only 3% of the ports will be affected. The result shows, if we re-
move Dhaka port, both networks are still found to be robust as connectivity doesn’t
lose much across the whole network, rather port priorities are changed. But the
port bottleneck is shifted from Dhaka to Chandpur for both networks. So, even
if we optimize networks by removing one important port, instead of other ports
from different regions having effective connectivity, the waterway communications
are concentrated towards another major port
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Chapter 7

Conclusion

Being a riverine country, it is important to study the structure of Bangladesh river
way network so that maximum utilization is possible. Analyzing inland water port
connectivity involves considering various aspects related to economic development,
infrastructure development, environmental impact, risk mitigation, regional devel-
opment, and trade competitiveness. To do so, we have followed Complex Network
Analysis method in our study on Bangladesh Inland Waterway Network as well.
We have collected data from Bangladesh Inland Waterways Transport Authority
(BIWTA). From collected river data, we constructed two complex networks – Con-
nectivity Vessel Augmented. Connectivity network represents port connectivity
between districts. Vessel augmented network is constructed augmenting frequency
of vessels traveling from one port to another. This network generation provides us
clear visualization on BIWN port connectivity. We then applied Complex Network
Analysis on connectivity and vessel augmented networks to identify our scopes. Our
findings include identifying key nodes and hubs, quantifying connectivity and ex-
ploring network resilience and vulnerability of BIWN.

The study delved into identifying major network ports within the Bangladesh Inland
Waterway Network (BIWN) through an analysis of centrality measures. Dhaka was
identified as a crucial hub port, while Chandpur and Barisal were significant for
connectivity and bridging capacity. Chandpur and Barisal also held considerable
importance in both networks due to their strong connectivity and bridging capac-
ities among distant ports. Geographical mapping revealed major ports were clus-
tered around central regions, particularly around Dhaka. Understanding these port’s
connectivity patterns can help understand network dynamics and inform decision-
making in network development and resource allocation.

The study analyzed degree vs. clustering coefficient and betweenness centrality
to measure port connectivity. It found that degree and clustering coefficient were
inversely related, with greater degrees of connectivity affecting the clustering coef-
ficient. However, betweenness centrality showed a positive correlation, with higher
connectivity causing more congestion. The study reveals that ports with lower con-
nectivity tend to cluster more tightly, while major ports with higher connectivity
may experience congestion problems.

Our study also aimed to identify bottlenecks within the Bangladesh Inland Water-
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way Network (BIWN) through the analysis of Betweenness Centrality, which assesses
the critical nodes controlling information flow within the network. Dhaka emerged
as the most crucial node, holding the highest Betweenness Centrality in both the
Connectivity Network and the Vessel Augmented Network. This indicates Dhaka’s
critical role in facilitating waterway transportation routes, making it a potential bot-
tleneck. The study proposed measures to alleviate pressure on Dhaka by enhancing
other important ports such as Chandpur, Mirkadim, or Barisal.

Further analysis investigated network robustness by assessing the impact of removing
Dhaka from the network and observing its effect on port connectivity and prioritiza-
tion. Ego-networks centered on Dhaka highlighted the dependency of most ports on
Dhaka, signifying its pivotal role in the network’s overall communication. However,
the study examined the impact of removing Dhaka from a network, revealing its
dependency on port connectivity. Despite this, the network remained resilient, with
clusters around Chandpur emerging as a bottleneck. The findings suggest that net-
work dependencies should be distributed among major ports in different geographic
distances to maintain overall robustness.

In summary, the research delves into understanding and optimizing the BIWN by
evaluating network characteristics, identifying major ports, and assessing their im-
plications for economic growth and structural development in Bangladesh. Our
aim for this analysis is to provide a view on limitation and improvement scopes of
Bangladesh inland waterway network. We hope this network analysis will give a way
forward to design a more optimized and resilient port-connectivity network that can
contribute largely to the sustainable economic growth of Bangladesh.

In future, we intend to conduct further network analysis for community detection
and flow prediction. Community detection uses algorithms to identify port commu-
nities, while flow prediction uses dynamic network modeling and machine learning
to optimize transportation routes. Another improvement that we aim to look into
is automation of data preparation since the conversion process from manual data to
digitized version takes a significant amount of time.
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