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Abstract

Congestion is one of the biggest problems which affects life quality and has an impact on social

and economic conditions. Tackling traffic congestion has always been a challenge. The situation

is more aggravated for developing countries, like India, due to their huge population and over-

utilization of basic resources. Existing solutions in terms of policies like the construction of new

flyovers, underpasses, widening of roads have failed miserably. Prevalent technical solutions for

congestion detection like deployment of the camera, RFID and other sensors are quite popular

but they are more popular in developed countries. Developing countries are not much readily

involved in such strategies as they require economic contributions and maintenance. Also web

mapping service providers like Google, Bing, HERE uses crowdsourced information of mobile

devices through their applications. Such kind of private data is not available to the government

agencies which they can utilize to improve their transport system and solve congestion problems.

So we study the effectiveness of congestion detection if only public transport data is available.

We investigate the utility of the real-time bus Spatio-temporal data, which is sparse and has

missing values for the task of congestion detection. Such a system if works with good accuracy, it

would make government authorities not to depend on private players. We provide a real-time

congestion detection mechanism that exploits GPS sensors installed on Delhi’s DIMTS cluster

buses to provide fast & reliable congestion status. We compare multiple strategies and observe

70% f1 score and 80% recall at best by a simple statistical-based method. We also analyze this

data for the application of hotspot detection and identifying popular bus stops.
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Chapter 1

Introduction and Motivation

Congestion is one of the biggest problems which affects life quality and has an impact on social
and economic conditions. Tackling traffic congestion has always been a challenge. The situation
is more aggravated for developing countries, like India, due to their huge population and over-
utilization of basic resources. Existing solutions in terms of policies like the construction of new
flyovers, underpasses, widening of roads have failed miserably [15]. Such kind of solutions require
time in terms of planning & implementation and their implementation itself results in congestion
as it leads to road and traffic blockage.
Prevalent technical solutions for congestion detection like deployment of the camera, RFID and
other sensors are quite popular but they are more popular in developed countries. Developing
countries are not much readily involved in such strategies as they require economic contributions
and maintenance. Also web mapping service providers like Google, Bing, HERE uses crowdsourced
information of mobile devices through their applications. They take people’s private data like
location & deduce the traffic status. Such kind of private data is not available to the government
agencies hence it makes them dependent on private players. So we need some better & accurate
alternate solutions, which they can utilize to improve their transport system and solve congestion
problems.
Currently, Delhi public transportation agency DIMTS has a web app that tracks the location
of buses in the desired route. Delhi government has also come with an app "Poochh-O" which
helps in selecting buses for your desired destination. It can tell which buses are approaching the
nearest bus stop, get bus schedules, search bus stops. The bus tracking via the DIMTS app and
poochh-0 app can be seen in Figure 1.1 and Figure 1.2 respectively.
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Figure 1.1: poochh-O app Figure 1.2: DIMTS webapp
Both these app provides live location but do not consider the prevalent congestion scenario. They
are bounded by the time table data which is predefined for each bus. None of the apps shows
whether the bus is in congestion or not. They just provide the live location which is less useful
for the end-user and even for the authorities. So this is high time that we need some mechanism
which can tell us whether the bus is in congestion or not and whether the bus would be able to
reach the desired location at a particular time or not. Congestion detection can help in better
functioning of these prevalent applications.

In this regard, we present a methodology for congestion detection where we take help from
GPS sensors deployed on public bus transport. The problem we address in this thesis is dealing
with the realtime Spatio-temporal data of public transport through which we can detect congestion.
The main problem with this data is that we do not have consistency due to some external and
internal factors which result in missing data values. The data is also sparse as we have a limited
number of buses for this task as compared to the number of vehicles that actually run on the road.
Government agencies mainly rely on this data for analysis purposes, otherwise, they have to pay
a healthy cost to private firms for the same task. The proposed framework will also help them to
deduce other factors like congestion prone areas, region-wise bus frequency, etc. Experimental
results on our methodology give 70% f1-score and 80% recall at best when compared with the
ground truth from HERE maps jam factor.
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Chapter 2

Research Aim & Thesis outline

2.1 Research Aim

In the thesis, the aim is to address the following issues:

• Get road wise congestion information in real-time so that we can tell whether the bus is in
congestion or not.

• Get congestion status with the least inputs features, the only thing we get as input is the
live GPS location of DIMTS buses. We do not get any other information like crowdsourced
data from mobile or information like traffic images from cameras etc as used by existing
techniques.

• We then compare results got from our methodology with the HERE maps which is one of
the popular maps services used by AUDI, BMW, Amazon, etc. A comparison with such
service would describe the efficiency of our algorithm.

• We also list popular bus stops, hotspots, and congested regions.

2.2 Thesis Outline

The thesis is organized as follows, In the next chapter, we first discuss the current situation
of the Delhi transport system, the subsequent chapter discusses previous work in the area of
congestion detection. In chapter 6, We discuss the proposed methodology, its architecture and
related components. In chapter 7, Experimental results obtained from the real-time detection of
congestion are discussed. In the same chapter, we list out the hotspots, popular bus stops and
jam regions of Delhi. Finally, in the last chapter, conclusions made from the study along with
the future work is presented.

3



Chapter 3

Current Delhi transport system

Delhi aka. National Capital Territory of Delhi (NCT) is a union territory with its own legislature
and government. It is the point of convergence of social, monetary and political exercises of the
country. It also acts as a focal point for trade and commerce, thus being the largest commercial
center in northern India. It has an area of 1484 sq. km. being the second most populated &
second wealthiest city of the country. Coming to Delhi’s transport system, It has the largest road
density of 2103km/100 sq. km in India divided into 11 districts [9]. The total road length of
Delhi is 28,508 km including 388 km of National Highways(NH 1, NH 2, NH 8, NH 10 and NH 24.
) [10] There are 4 categories of road network Arterial, sub arterial, minor arterial and collector.
About 1000 Km. Road length carries most traffic in Delhi. Road network accounts for about
21% of the total area, which is way above the average mark of 12 to 15% for urban areas [11].
Buses are popular transport means within Delhi catering 60% of the total demand [9]. It is one
of India’s largest bus system. The major service provider is Delhi Transport Corporation(DTC)
owned by the state government which is one of the largest CNG-powered bus service operators in
the world [13]. There are 3900 [13]DTC buses moving around the city traveling about 210 km
per day and carrying 3.5 million commuters every day [12]. Cluster buses also operate under
public-private partnership under Delhi Integrated Multi-Modal Transit System (DIMTS). It
divides Delhi’s 657 bus routes into 17 clusters and selected private operators through bidding for
each cluster. It is currently operating 1634 buses [13] in the city. For consistency, both DTC
and DIMTS follow a joint timetable. DIMTS buses being GPS equipped helps in their realtime
tracking.
Since Delhi is such a popular city with a high population, high trade, and commerce, it is obvious
to have a high density of people moving across the city. The advent of the metro has not reduced
the popularity of buses in the city. RITES [7] concludes that the Delhi metro meets only 20%
whereas the public bus system meets more than 70% of the city travel demand. [7] concludes
that the transport system has not much helped in evasion of congestion, thus making the entire
transport system a real mess.
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Figure 3.1: Buses operational in last 5 years

The number of buses in the city has been around 6000 marks (Figure 3.1) for the last five years
which is very less as compared to the city population. Comparing with London which has 9000
buses catering 8.6 million population, Delhi has just 5578 buses for 16.7 million people. Since buses
are the cheap mode of transportation in Delhi as prices are between Rs 5-15 for non AC buses and
Rs 10-25 for AC buses, it caters to the need of even the poorest of the population. Congestion
had made DTC lose around 5000 trips monthly summing about Rs 9 crore. So, much invest-
ment in terms of time needs to be made in their better functioning as they are the lifeline of the city.
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Chapter 4

Related Work

The existing literature in this domain can be looked upon with two different perspectives:

4.1 Real-Time congestion detection

Real-time congestion detection is one of the hot favorite research domains on Spatio-temporal data.
Real-time congestion detection itself is a wide domain but we can classify it into three different
approaches like congestion detection using image data or video data [23] [18], Probe-based method
in which the crowdsourcing mechanism is used and congestion detection with other different
techniques.

4.1.1 Techniques Involving Image Data

In the Domain of congestion detection, there has been a lot of research that uses image data to
predict congestion in real-time. Image analysis is done on the live images and data captured by a
camera and different sensors installed on the traffic signal and it then predicts the traffic density as
well as congestion status [16]. These methods use different classes of deep learning for congestion
detection. In [17] it uses real-time images captured by surveillance cameras on highways which use
the backlight as a vehicle feature to estimate vehicle density on roads and compare this density
with a threshold to detect congestion. [18] uses an image correlation coefficient on the images
provided by the local government as a metric to detect congestion. They detect vehicles using
Haar-like features and then apply the threshold to vehicle count and a coefficient for consecutive
images. [19] uses vehicle density estimation based on texture feature extraction & texture analysis.
They do feature differences between normal road image and congested road image to deduce
vehicle density. All the authors have claimed their method to be 90-100% accurate but haven’t
put their method on live data for a few days to get the feel of the accuracy and just tested it
on demo data. In our case where we need to get congestion information on the roads where bus
travel, Installing cameras especially for this purpose is not possible. Also, such hardware requires
maintenance. We do not have a cost-friendly mechanism for such purpose. Also, the camera has

6



a limited range, we would need lots of cameras for our purpose. So the above-discussed methods
are not feasible.

4.1.2 Probe based congestion detection

[20] makes use of smartphones in vehicles as a probing device& make use of client-server architec-
ture. The location of a vehicle is fetched after a certain period, then they store it as a node to
find the distance between them. They take source & destination and find a path between them
using google API. They then analyze each path by analyzing stored from probe vehicles. They
then return the best & least congested path. [21] uses a hidden Markov model to best predict the
traffic congestion between user desired source and destination. They also use GPS data from
smartphone equipped devices. Both the papers involve similar principles as they collect data from
smartphone equipped vehicles. The first paper hasn’t produced the technique used by it to detect
congestion & haven’t presented any accuracy measures. The method used in second involves
congestion prediction on a particular path which is different from our aim as we want to detect
the congestion status of all the buses roaming around Delhi which involves around 1000-2000
buses. The similar method used by the author cannot be used due to time constraints to predict
congestion.

4.1.3 Congestion Detection using other Technologies

[22] uses Active RFID and GSM technology to predict congestion in real-time. They predict
congestion which leads to traffic light junctions. The technique has a limited scope as it can only
detect congestion near traffic lights. Also, routers and other devices used in this method need
continuous power to operate. These devices require maintenance and security. Such a technique
cannot be used in our case as traffic light is not present on every road where the bus goes & also
due to the high cost required in the maintenance and installation of devices used.

4.2 Static Congestion Detection

This section involves all those techniques which are used to predict congestion on previously
collected data which are obtained from various sources. The section is named static because
congestion is not predicted at run time, these techniques are only used to study and analyze
traffic patterns throughout the city of interest.

4.2.1 Analysing Traffic flow from multi-sourced data

[1] is the study of detecting various parameters based on multi-sourced data which act as a
driving force for traffic congestion. Their theoretical framework combines remote sensing to
classify the spatiotemporal pattern of real-life traffic information of Beijing, China & using Geo
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detector for determining their potential. They get congestion information from Autonavi which is
a map service provider in China. Users feed in live location information which they fetch using an
HTTP request. Based on this information they applied clustering to classify the spatiotemporal
patterns over the day and a week. They then compared them & identified relationships between
patterns other factors using Geo-detector. The paper wants to study the reasons for congestion
taking into consideration building height, regional area, etc. The technique can’t be mapped
to Delhi as there is no fixed segregation of regions in the city also they are treating congestion
detection by Autonavi as a BlackBox building things on top of it. There is no such service for
Delhi, also they utilize data from various sources but in our case, we have GPS data only.

4.2.2 Congestion detection for Urban planning

[2] presents LoTAD use crowdsourced GPS data from bus spreading all over the city to explore
regions which show long term poor traffic situation. They wanted to find those regions which are
of interest to the city planners or regions whose situations could not be improved unless some
urban planning is implemented. They extract average velocity for traffic conditions and average
stop time for travel demand on the Temporal-Spatial segments extracted from bus trajectory.
They then calculate the anomaly index (AI) of such segments as they are a bottleneck for traveling
on a particular line. All such segments are identified & studied to find similar patterns if any.
This tells us about the traffic condition around the city. Since they are studying the entire city
they can conclude which regions have more demand based on traffic & urban condition this can
be used for city planning. But we are interested in finding all anomalies in real-time so that it
could be immediately acted upon for better efficiency of the road transport system. [3] uses the
data set of 700 cars with GPS embedding to predict certain traffic-related information for a given
route like percentage of a traffic jam for the whole route, average time & speed required to cover
the whole route & specific route segments in which the route was divided. [4] Also make use of
GPS enabled bus transit systems to record data set and extract valuable information for traffic
characteristics and get a detailed view of traffic road congestion which can benefit policymakers.

4.2.3 Other Congestion Detection strategies

[5] took a different area in the domain of congestion detection. They developed a methodology to
predict nonrecurrent congestion (NRC) which is caused due to accidents or unexpected incidents.
They determined a threshold of 40% which means for routes that take a large duration of time
takes 40% more time when there is NRC. Such a technique can be useful but we are interested
to find both recurrent and non-recurrent congestion. [6] uses GPS embedded bus as a probe
to predict congestion. They use dwell time of buses at stops to predict congestion. Later they
compare congestion shown by personal vehicles to the congestion shown by buses but these
techniques can’t be applied to detect congestion in real-time.

8



Chapter 5

Problem Statement

Unlike conventional methods which require input like an image from surveillance cameras,
crowdsourced locations from mobile phones or information from different sensors like RFID
to analyze congestion at real-time, we just have a real-time GPS location from buses moving
throughout Delhi.
The problem at hand for real-time congestion detection involves dealing with a raw Spatio-
temporal dataset which is uneven and has missing values. Figures 5.1 and 5.2 depicts the missing
data value.

Figure 5.1: Inconsistent Data on 13th Dec 2019 (1) Figure 5.2: Inconsistent Data on 13th Dec 2019
(2)

These images are obtained from the dashboard created for the analysis of our data. Both the
images depict the data transmitted by the bus DL1PC4706 which is on route 108Down and
moving from Hari Nagar clock tower to Nehru vihar on 13th December 2019. The blue marker is
the bus itself, the red dot shows the position where the bus transmitted the data & the blue line
connects all such transmitted points. We can easily see how unevenly the bus sends the sensor data.

9



The data we get for congestion detection is quite sparse as we just have DIMTS cluster buses
which are very less in number compared to the actual number of vehicles that run on the road.
The problem also requires managing large amounts of data, as we get around 1000-1500 bus
geodata every 10 seconds which results in around 1GB of data each day. The management of
such a dataset is important so that we can utilize it for our purpose and keep it in a form that
can be useful for analysis. The analysis is itself a challenging task as we need to balance out the
prediction based on previous data as well as need to incorporate real-time entries fetched from
the buses. The time taken to predict such congestion should be less than 10 seconds so that we
can update the congestion status at every consecutive data fetch operation and at the same time
label the data entries according to congestion status.
So our major task is to predict accurate congestion status in real-time based on sparse and
uneven Spatio-temporal input data so that the whole task becomes cost-effective and can serve
the purpose for the government authorities.

10



Chapter 6

Methodology

6.1 Proposed Architecture

The entire thesis revolve around the proposed architecture as shown in Figure 6.1. The architecture
depicts the flow to detect real-time congestion without latency. The architecture modules are
explained in subsequent subsections.

Figure 6.1: Proposed Congestion Detection Architecture

6.2 Data Collection Module

We get Live bus data of 1500-1700 DIMTS cluster buses which are operational in Delhi. We use
Open transit Data, Delhi (OTD) API to get the live location of buses. It gives XML response
of the live location of all the buses moving around Delhi, the information gets updated every
10 seconds. So we make API calls once every 10 seconds. We then take the XML response and
parse it to extract the required information. We collect data regularly and store it inside the
POSTGRESQL database. The information retrieved from API can be seen in Table 6.1:
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Table 6.1: Information Retrieved from API

Field Significance

Trip Id
Signifies To/From journey & journey
number

Route Id
Route no. on which the bus in func-
tional

Latitude Latitude of the bus
Longitude Longitude of the bus
Vehicle Id Bus No. of the bus

TimeStamp
Time of GPS data feed onto the
server

Speed Instantaneous speed of the bus (m/s)

6.3 Region Division Module

To Analyze the congestion of Delhi, We first need to divide it spatially & for this we take help
from shapefile. A shapefile consists of geometric information (lines, points, polygons) along with
attribute features for a geographic location. We got shapefile from OpenStreetMaps(OSM). The
Delhi map obtained from OSM(Open Street Maps) is divided into Grids, where each cell of the
grid is of similar area.
For division, we took bounding box coordinates of Delhi from OSM. We divide each cell with the
boundary latitude and longitude, and we also have the vertical and horizontal distance of the
next neighbor cell which is the same in our case for every cell. For division into grids, we pass in
a number ’n’ which creates (n)2 number of cells. Coordinates (latitude, longitude) of each cell
could be calculated with the formula in 6.1.

latitude = minimum_Latitude+ row ∗ latitude_step
longitude = minimum_Longitude+ row ∗ longitude_step

(6.1)

where (minimum latitude, minimum longitude) & (maximum latitude, maximum longitude) are
diagonal coordinates of Delhi’s bounding box. latitude step and longitude step is the difference
between the minimum & maximum latitude and longitude respectively divided by ’n’.

12



Figure 6.2: Connaught place, after dividing Delhi into grids

Connaught place after the spatial division of Delhi into the grid can be seen in Figure 6.2. We
also extracted latitudes & longitudes of all the roads in the particular grid cell. We store latitude
longitude of roads of a grid cell as a posting list. For mapping a particular pair of latitude and
longitude to a grid cell we use a hashing function mentioned below (Source Code 6.1). Here grid
size refers to ’n’ as discussed before. Hashing helps us to map any point to the road in O(1) time
and saves lots of computations, thus making analyzing faster in real-time.

Source Code 6.1: Hashing Function

import math
def hash(latitude,longitude,gridSize):

latStep = (maximum_latitude - minimum_latitude)/gridSize
longStep= (maximum_longitude - minimum_longitude)/gridSize
latDiff = latitude - minimum_latitude
longDiff = longitude -minimum_longitude
row = math.floor(latDiff/latStep)
col = math.floor(longDiff/longStep)
cell_id = row*gridSize + col
return cell_id

6.4 Data Preprocessing Module

The collected data stored in the Database is preprocessed before doing any kind of analysis. We
apply the following pre-processing rules:

• We remove the redundant entries which are sometimes fetched in consecutive data retrieval
operation.

• Instantaneous speed fetched from the API is discarded as its full of error. We calculate
speed ourselves.
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• GPS signals are believed to have an error rate of about 3-5m. So to avoid any false point,
We map the fetched coordinate to the nearest road segment by first mapping the point to a
particular grid using the hashing function (Source Code 6.1). We then use a posting list of
roads lying in that particular grid cell and calculate haversine distance between the fetched
geopoint & the point of roads in the cell. The road point whose distance is minimum to a
fetched point is marked like a road for the fetched point.

• We discard all the points which are found near the bus stops as the speed at bus stops
would be low so that passengers can board & de-board the bus, such speed entries cannot
be used for detection mechanism.

6.5 Data Fetch and Assignment Module

As we are continuously adding data to the database. For Analysis we need to collect data for
testing & assign it to roads of the grid cells. We now fetch data from our database. The fetched
data is mapped to roads of previously divided grid cells obtained from section 6.2. by setting the
appropriate value to grid size ’n’. Each entry of the data-set corresponds to latitude & longitude
of the vehicle id at the timestamp when the GPS entry was fed. We hash each entry using the
hash function given in source code 6.1. Now to analyze temporally we divide the data-set into a
certain time interval, which gives us various slots for the entire day. For example, if we define
time interval to be 15 min we get 48 slots for the entire day. So we can map the bus entries to
these slots and can train the model separately for each slot.
This results in a structure that stores data entries corresponding to each time slot for each cell of
the grid. For each bus that is present in a particular grid at a particular time slot, we calculate
speed between two entries of a particular bus id. Speed is calculated as in equation 6.2.

Speed = Haversine Distance between points/difference between timestamps (6.2)

This results in a series of the speed of a particular bus. We also store distance traveled and time
is taken by the bus along with the speed as it would help us to calculate the average speed for
the bus. We also keep track of several different buses within a time slot. Since we have got speed
entries we calculate the average speed of the bus. The collected and analyzed data is passed onto
the next module for congestion detection.

6.6 Congestion Detection Module

The data collected is analyzed in this module. The main aim of this module is to detect immediate
congestion reflected by the buses. We have tried various techniques for providing congestion
status from bus speeds, the techniques are listed below:

• Kernel Density Estimation(KDE)
To analyze congestion, we use the KDE algorithm with the gaussian kernel. To train the
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model we use our collected dataset & map it spatially to divided grid cells, inside the grid
cells we map the data into various temporal slots of the particular time interval. Each slot
stores the speed of a vehicle belonging to a particular road inside a particular grid cell. We
use these speeds to train the kernel density estimator for a timeslot belonging to a road
of a grid. To get the bandwidth we use the grid search algorithm where we take a range
of bandwidth from 1 to 5 and use 5 fold cross-validation to predict the bandwidth. Using
the bandwidth we train a slot speed and get two congestion intervals. We then map the
immediate speed reflected by the bus to get the congestion. The congestion status shown
by all the buses at a particular road is averaged to get congestion of a road.

• Jenks Natural Break Optimisation Algorithm:
To analyze congestion, we use the Jenks algorithm. To train the model we use our collected
dataset & map it spatially to divided grid cells, inside the grid cells we map the data into
various temporal slots of the particular time interval. Each slot stores the speed of a vehicle
belonging to a particular road inside a particular grid cell. We now run a Jenks algorithm to
get a congestion interval. We then map the immediate speed to get the congestion reflected
by the bus. The congestion status shown by all the buses at a particular road is averaged
to get congestion of a road.

• Comparing speed with Standard Deviation:
We Identified that the speed of the buses in a particular cell of the grid corresponds
to Normal distribution. We learned all normal distribution parameters for 40 days and
have stored learned to Mean & standard deviation corresponding to a particular cell at a
particular time slot. The slots speed trend for all regions in 40 days can be seen in Figure
6.3. We test the speed of the bus with the stored normal distribution parameters. We then
decide the threshold for binary congestion classification, If speed is less than the threshold
it is termed as congestion & free flow if above it. We have taken various variations of speeds
for its testing. We take a mean average of all the congestion labels for a particular road
and return as output mean congestion belonging to a particular road.

Figure 6.3: Speed Trend for 96 slots of 15 min each.
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• Probability using Normal Distribution (Normal CDF) :
We Identified that the speed of the buses in a particular cell of the grid corresponds to
Normal distribution. We have stored learned Mean & standard deviation corresponding to
a particular cell at a particular time slot. We then calculate the probability of the speed to
be less than 3km/hr. We use the probability result as congestion percent.

• K-means algorithm : We train the K-means model using the speed belonging to a road
in a grid cell for a particular time slot. We set k as 2 since we have decided the congestion
intervals to be 2 (Free-flowing, Congested). We use the trained model to get the label
for the new speed entries which we get at run time. We take a mean average of all the
congestion labels for a particular road and return as output mean congestion belonging to a
particular road.

• Count Congestion : We calculate the speed between successive entries of the bus in a
particular grid cell. We define a metric called the congestion index as shown in equation
6.3. This metric is an improved version of the metric mentioned in [3].

CongestionIndex(C.I.) = BusEntries < 3km/hr/Total Bus entries (6.3)

This index is calculated for all roads which belong to a particular grid cell. This index
depicts the congestion of a particular road.

At last, we combine congestion observed across for all road segments of a particular road throughout
all grid cells and return road wise congestion of all Delhi roads. We have used all the techniques
to analyze the congestion. All the algorithms show a different accuracy. The best among all the
algorithms are used for detection purpose.

6.7 Parameters updation module

In this phase, the entire data collected in the previous day are fetched. We then use successive
bus entries to calculate the speed of the bus in a particular time slot in a particular cell of
the grid. These entries are combined with the previous learned entries of mean and standard
deviation. This new data is used to calculate congestion using standard deviation and using a
normal probability distribution. We also add the speed entries to the roads dataset saved before.
This updated dataset is run again to train the k-means model, Jenks normal algorithm and kernel
density estimation algorithm. The newly updated data is used in the analysis for the current day
congestion analysis. This module is executed only once throughout the day during the night time
from 12 am to 6 am because during this time very few buses are observed, So this time is perfect
for training our model which can be used for the entire day analysis.
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Chapter 7

Experimental Results

7.1 5 Day Analysis using Count Congestion

To map the spatial data-set collected throughout the entire city. We use our method in Chapter
6 & set the grid size to 27 which results in 729 grid cells. Each cell is of size 2 km square. We
saved this grid divided object & started to map data-set corresponding to each day. The speed
and bus distributions of cell 234 can be seen in Figure 7.1.

Figure 7.1: Comparison of cell 234 among 5 days

The figure shows cell which depicts area near Kalkaji, Southeast Delhi, location information is
obtained by reverse Geo-encoding using OSM nominatim API. The cell is quite a heavy cell as
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around 2500 buses float through this cell throughout the day. On average there are 68 buses in
a time slot. There are no buses from 1 am to 4 am. Throughout the day the average speed is
around 17km/hr. The maximum permissible speed for a DTC bus is 40km/hr. According to [8]
RITES says average speed on roads of Delhi is around 28km/hr in peak hours and 31km/hr in
non-peak hour & Centre for Science and Environment(CSE) says there is not much difference in
speed in peak and non-peak hours as former comes out to be 27km/hr and 28km/hr respectively.
So taking the average speed of 28km/hr, We can conclude that this cell is a moderately congested
cell based on its average speed as it is less than the studied average speed.
Since we aim to get congestion information, we cannot just conclude only based on the average
speed of the cell. We need some better metrics. We now use the count congestion method
mentioned in chapter 6. Congestion index on our previously mentioned cell can be seen in Figure
7.2

Figure 7.2: Comparison of cell 234 with Congestion Index(C.I.) among 5 days

From this figure, it is evident that whenever there is a dip in average speed there is a spike in the
congestion index. Also, C.I. shows bit different results as in figure 7.1 as average congestion
comes out to be around 35% which means there is not much congestion in this cell and traffic is
free-flowing.
Now just concluding congestion for a cell doesn’t give much insight as a cell can have many roads.
Each road, in turn, can show different behavior. Thus we must study the congestion pattern for
each road of the cell. Also, we need to know how many buses show a similar pattern for the road.
This count shows confidence as higher the count of buses for the road more precisely we can
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conclude our observation. The analysis of grid cells according to its road can be seen in Figure
7.4 to Figure 7.8. The actual area depicting cell 234 can be seen in Figure 7.3.
Figure 7.4 through Figure 7.8 gives road wise analysis of Cell 234 at time 8 pm to 8:30 pm
from 29th July to 3rd August except for 31st July. In figure 7.7 for Road id ’A_8633’ there
are five buses & all of them show null congestion. All the 5 buses give 20 entries in total.
Hence with such a high number of buses, it is evident that this road has null congestion. Simi-
larly for road id ’A_116431’ there are 10 entries from 2 buses both of them show 100% congestion.

Figure 7.3: Actual Area of cell 234 on OSM maps

Figure 7.4: 20 -20:30 on 29 july

Figure 7.5: 20 -20:30 on 30 july Figure 7.6: 20-20:30 on 1 Aug
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Figure 7.7: 20-20:30 on 2 Aug Figure 7.8: 20-20:30 on 3 Aug
To deeply Analyze this cell, the comparison table can be seen in Figure 7.9 and Figure 7.10. The
column ’id’ in the table stands for road id, all other columns give congestion info for a particular
day. The first entry in the list gives a count of entries having speed less than 3km/hr, those
entries which are near to bus stop within a range of 10m are ignored from the consideration of
congestion entry because it means the bus has stopped near the bus stop for carrying passengers.
the second entry is total entries for the bus & all other entries tell C.I. for a bus on that road.
Leaving the first 2 entries, More the entries in the list more the number of buses on that road.
The cell has a total of 60 roads & 29 stops. The road id ’1914-’ which corresponds to Outer Ring
Road/M. P. Road/Bhakti Vedant Swami Marg according to HERE Maps is a bus heavy road as
there are a lot of bus entries in it. Also, this road is not much congested in this cell as only
1 or 2 buses contribute to congestion count rest all are zero. Similarly, road id ’980+’ which
corresponds to Okhla Road/Shri Maa Anandmayee Marg is a very congested road as whenever
there is a bus on this road, it is always in heavy congestion. On similar grounds road id ’479+’
which corresponds to Lala Lajpat Rai Marg/Hans Raj Sethi Marg has very mild congestion as
only a few buses are given congestion entries which signify it has running traffic.

Figure 7.9: Five day comparison table(1) Figure 7.10: Five day comparison table(2)
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7.2 Comparison of Algorithms for Congestion Detection

For this experiment, we stabilized grid size to be 250 sq. meter (230 x 230) and varied test time
duration from 1 to 10 minutes for determining binary congestion status. Training time duration
is kept as 15 minutes which means we would have 96 training timeslot in one day. In this regard
we took 8 different Algorithms:

• Mean + 2*Std:: Here we took mean+2*std as a breakpoint for a road segment inside the
grid cell at a training timeslot & concluded congestion if individual speed entry is less than
breakpoint and free flow if greater than it.

• Mean + 1*Std:: Here we took mean+std as a breakpoint for a road segment inside the
grid cell at a training timeslot & concluded congestion if individual speed entry is less than
breakpoint and free flow if above it.

• Kmeans Algorithm:: Here we used K-means algorithm as described in section 6.6

• KDE Algorithm:: Here we used Kernel density estimation algorithm described in section
6.6

• Jenks:: Here we used Jenks natural break distribution algorithm as described in section 6.6

• Count Confidence Congestion:: Here we reported percentage of speed entries that are
less than 3 km/hr for all buses & number of buses as confidence score to conclude congestion

• Count General Congestion:: Here we reported a percentage of speed entries that are
less than 3 km/hr for all buses and reported the average as congestion percentage.

• Normal CDF:: Here we used probability distribution method as described in section 6.6

The graphs can be seen in Figure 7.11 and 7.12.

Figure 7.11: F1-Score Figure 7.12: Recall
From the above experiment, it is quite evident that unsupervised learning algorithms like Kmeans,
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Jenks and Density estimation algorithms like Kernel Density estimation (KDE) perform poorly
for the problem of congestion detection. This is because we have very sparse data as very few
buses are operational at any particular location. Also due to non-continuous data, we get fewer
sample points which are not sufficient to train such models. Also training these models to take a
lot of time as they are quite compute-intensive and it won’t be possible retrain model every night
as we mentioned in section 6.7. The simple statistical method which compares speed with mean
and standard deviation surpasses all other methods in performance.

7.3 Effect of Grid Size in Congestion Detection

For this experiment, we have a varied grid cell size from 100 to 250 sq. meters for determining
binary congestion status. Training time i.e. time to learn the mean and standard deviation for
each road of the grid cell, has been kept as 15 minutes, which means we would have 96 training
timeslots in a day. We have tried the above experiment for a test time period of 1 & 5 minutes.
In this Regard we took 6 different Algorithms:

• Mean + 2*Std:: Here we took mean+2*std as a breakpoint for a road segment inside the
grid cell at a training timeslot & concluded congestion if individual speed entry is less than
breakpoint and free flow if above it.

• Mean + 1*Std:: Here we took mean+std as a breakpoint for a road segment inside the
grid cell at a training timeslot & concluded congestion if individual speed entry is less than
breakpoint and free flow if above it.

• Mean:: Here we took mean as a breakpoint for a road segment inside the grid cell at a
training timeslot & concluded congestion if individual speed entry is less than breakpoint
and free flow if above it.

• Count Confidence Congestion:: Here we reported percentage of speed entries that are
less than 3 km/hr for all buses & number of buses as confidence score to conclude congestion

• Count General Congestion:: Here we reported a percentage of speed entries that are
less than 3 km/hr for all buses and reported the average as congestion percentage.

• Normal CDF:: Here we used probability distribution method as described in section 6.6

The Graph can be seen in Figure 7.13 to 7.16.
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Figure 7.13: F1-Score (Test time : 1 min) Figure 7.14: Recall (Test time : 1 min)

Figure 7.15: F1-Score (Test time : 5 min) Figure 7.16: Recall (Test time : 5 min)
From the above experiment, we can conclude that as the grid size increases there is a dip in
accuracy & recall. This is because when the size is small we get a lot of samples for smaller areas
resulting in better-trained parameters. Increasing the time duration leads to better recall but the
F1-Score remain nearly the same with little fluctuations. The more time we spend on analyzing
congestion, the more the chance we have to get all the congestion entries. The algorithm shows
the same results for all time intervals showing an F1-score of about 70%.
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7.4 Effect of Test Time period in Congestion Detection

For this experiment, we stabilized grid size to be 250 sq. meter (230 x 230) and varied test time
duration from 1 to 10 minutes for determining binary congestion status. Training time duration
is kept as 15 minutes which means we would have 96 training timeslot in one day. In this regard
we took 8 different Algorithms:

• Mean + 2*Std:: Here we took mean+2*std as a breakpoint for a road segment inside the
grid cell at a training timeslot & concluded congestion if individual speed entry is less than
breakpoint and free flow if greater than it.

• Mean + 1*Std:: Here we took mean+std as a breakpoint for a road segment inside the
grid cell at a training timeslot & concluded congestion if individual speed entry is less than
breakpoint and free flow if above it.

• MeanSpeedA:: Here we took mean+2*std as a breakpoint for a road segment inside the
grid cell at a training timeslot& concluded congestion if the mean of all speed entries on a
particular road is less than breakpoint and free flow if above it.

• MeanSpeedB:: Here we took mean+std fas a breakpoint for a road segment inside the
grid cell at a training timeslot & concluded congestion if the mean of all speed entries on a
particular road is less than breakpoint and free flow if above it.

• MedianSpeedA:: Here we took mean+2*std as a breakpoint for a road segment inside
the grid cell at a training timeslot & concluded congestion if the median of all speed entries
on a particular road is less than breakpoint and free flow if above it.

• MedianSpeedB:: Here we took mean+std as a breakpoint for a road segment inside the
grid cell at a training timeslot & concluded congestion if the median of all speed entries on
a particular road is less than breakpoint and free flow if above it.

• ConfidenceSpeedA:: Here we took mean+ 2*std as a breakpoint for a road segment
inside the grid cell at a training timeslot & concluded congestion if most of the buses mean
speed is less than breakpoint and free flow if above it.

• ConfidenceSpeedB:: Here we took mean+ std as a breakpoint for a road segment inside
the grid cell at a training timeslot & concluded congestion if most of the buses mean speed
is less than breakpoint and free flow if above it.

• Normal CDF:: Here we used probability distribution method as described in section 6.6

• Count Congestion:: Here we counted speed entries that are less than 3 km/hr for all
buses & number of buses as confidence score to conclude congestion
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The graphs can be seen in Figure 7.17 and 7.18.

Figure 7.17: Recall Figure 7.18: F1-Score
Based on graphs we can observe that time intervals of 1 and 5 are best for congestion identification
and increasing further decreases our F1-score. This can be because if analyzing for longer
duration it gives more missing values and due to those missing values we are not able to conclude
congestion more precisely. We get the best F1-score at a time interval of 1 minute because during
this time we have a high probability to get all the buses points and if we do not get values we
won’t be evaluating congestion for that area.
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7.5 Effect of Training time duration in Congestion Detection

For this experiment, we have varied training time duration from 15 to 60 minutes for determining
binary congestion status. Training means we will learn the mean and standard deviation of each
of the above duration for each road of the grid cell. We have tried the above experiment for Grid
Sizes 100 sq. mtr, 150 sq. mtr, 200 sq. mtr & 250 sq. mtr. In this Regard we took 7 different
Algorithms:

• Mean - 2*Std:: Here we took mean-2*std as a breakpoint for a road segment inside the
grid cell at a training timeslot & concluded congestion if individual speed entry is less than
breakpoint and free flow if above it.

• Mean - 1*Std:: Here we took mean-std as a breakpoint for a road segment inside the
grid cell at a training timeslot & concluded congestion if individual speed entry is less than
breakpoint and free flow if above it.

• Mean:: Here we took to mean as a breakpoint for a road segment inside the grid cell at a
training timeslot & concluded congestion if individual speed entry is less than breakpoint
and free flow if above it.

• Mean + 1*Std:: Here we took mean+std as a breakpoint for a road segment inside the
grid cell at a training timeslot & concluded congestion if individual speed entry is less than
breakpoint and free flow if above it.

• Mean + 2*Std:: Here we took mean+2*std as a breakpoint for a road segment inside the
grid cell at a training timeslot & concluded congestion if individual speed entry is less than
breakpoint and free flow if above it.

• Normal CDF:: Here we used probability distribution method as described in section 6.6

• Count Congestion:: Here we counted speed entries that are less than 3 km/hr for all
buses & number of buses as confidence score to conclude congestion

Graphs can be seen in Figure 7.19 to 7.26.

Figure 7.19: F1-Score(Size:250m2) Figure 7.20: Recall(Size:250m2) Figure 7.21: F1-Score(Size:200m2)
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Figure 7.22: Recall(Size:200m2) Figure 7.23: F1-Score(Size:150m2) Figure 7.24: Recall(Size:150m2)

Figure 7.25: F1-Score(Size:100m2) Figure 7.26: Recall(Size:100m2)
From the above experiment, we identified that difference in training time does not impact much
in the detection of Congestion. Both f1-Score and recall remain nearly constant for all the
training time intervals. If at all there is some difference, it is close to minimal. This can be an
indication that similar congestion trends exist for a longer duration and it can persist for an
hour. Another observation that we can make is, as the size of the individual grid cell decreases,
F1-score increases whereas recall remains nearly constant. This is because as size decreases the
training gets restricted to a certain area, Hence we get much accurate trained parameters &
in-turn better results.
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7.6 Hotspots, Popular Stops & Jam Regions

Since we get geodata every 10 seconds, we monitored all such entries for 40 days. We identified
regions from where we get maximum GPS signals and termed it as Hotspots. From our observation,
we found that most of the entries are from Bus Depots that means buses send a signal by standing
still at the bus Depots and waste fuels. Also, regions like Lodhi road and Barapullah road also
gives maximum GPS locations, We have also identified popular bus stops which means the bus
stops from where we get maximum GPS locations.

Table 7.1: Hotspots of Delhi(40 Days)

Cell ID Region Entries

24176 Kair Bus Depot 1211384 (1.46%)

21075
Intersection of Lodhi Road and Dyal
singh college road

999908 (1.2%)

27317 Anand Vihar bus Terminal 991810 (1.19%)
10293 Badarpur metro station 927522 (1.11%)
31464 Seemapuri Bus Depot 832735 (1.00%)
21017 Manglapuri terminal 740332 (0.89%)
24920 Uttam Nagar Terminal 731707 (0.881%)
25352 Dichaun Kalan DTC Depot 730218 (0.880%)
19922 Barapullah Road 605600 (0.72%)

Table 7.2: Popular BusStops (40 Days)

Bus Stops Entries

Kair Depot 169954 (3.4%)
Rajghat Cluster Depot 165590 (3.34%)
Badarpur Border 102148 (2.06%)
Dilshad Garden Depot Cluster 95063 (1.91%)
Uttam Nagar Terminal 84178 (1.69%)
Rithala Village 76539 (1.54%)
Madhu Vihar 72091 (1.45%)
Shastri Park 72041 (1.45%)
Mangla Puri Terminal 56612 (1.14%)
Uttam Nagar / A1 Janak Puri 53234 (1.07%)
Mori Gate Terminal 50591(1.02%)
Minto Road Terminal 46739 (0.94%)
ISBT Kashmere Gate Terminal 37256 (0.75%)
Nehru Place Terminal 35298 (0.71%)
Shivaji Stadium Terminal 32814 (0.66%)
Anand Vihar ISBT Main Road 32265 (0.65%)
Anand Vihar ISBT Terminal 30359 (0.61%)
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Table 7.3: Jam Regions (Speed <0.5km/hr)(40 Days)

Cell ID Region Entries

24176 Kair Bus Depot 1014132 (1.95%)

21075
Intersection of Lodhi Road and Dyal
singh college road

869661 (1.67%)

31464 Seemapuri Bus Depot 780322 (1.50%)
10293 Badarpur metro station 774988 (1.49%)
27317 Anand Vihar bus Terminal 762400 (1.46%)
25352 Dichaun Kalan DTC Depot 648750 (1.24%)
24920 Uttam Nagar Terminal 615789 (1.18%)
19922 Barapullah Road 596023 (1.14%)
21017 Manglapuri terminal 574386 (1.10%)
33717 BBM DTC Deport 499999 (0.96%)
13045 Tehkhand Bus Depot 444557 (0.85%)
24690 Bhagwan Mahavir Marg 418835 (0.80%)
29583 DTC Kashmere gate Bus Station 373905 (0.71%)

31693
Aradhak Marg (Outside Seemapuri
bus Depot)

343765 (0.66%)

26833 Bus Depot Near Rajghat 330877 (0.63%)

28664
HC Sen Road & shyama Prasad
Mukherjee Marg( Near Chandni
Chowk)

260580 (0.50%)

29582 Lala hardev sahai marg 213350 (0.41%)

The tables 7.1, 7.2, 7.3 lists down Hotspots, popular bus stops & Jam Regions ( Regions with
speed less than <0.5km/hr) respectively in descending order of bus entries. Most of the entries
we get in table 7.1 and 7.3 are from bus depots but few areas like Lodhi road, Barapullah road,
Shyama Prasad Mukherjee Marg & Lala Hardev Sahai marg show maximum entries which are
less than 0.5 km/ hr thus terming them as the severely congested regions of Delhi. The regions
like Lodhi road [25] and Barapullah road [24] have already been termed as congested regions by
authorities.
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Chapter 8

Conclusion, Limitations, Future Work

8.1 Conclusion

Real-time congestion detection is a challenging problem. It is quite a difficult task to get accurate
congestion results with limited input data which itself is sparse and has precision errors. Such
kind of study is quite important for government authorities who have limited information access
but wants a mechanism which gives near to accurate results.
In this thesis, we contributed towards detecting Congestion with limited spatio-temporal input
data. In chapter 3, we looked at the current bus system prevalent in Delhi. In Chapter 6 we
discussed the methodology used to detect congestion in real-time without latency. In Chapter 7
we discussed various experiments conducted in the Thesis study. We first discussed the effect
of various algorithms. Subsequently, we looked at the effect of Grid Size, training time and test
time for congestion evaluation. In our study, we reached 70% F1-score and 80% Recall at best
with a simple statistical technique when compared to HERE maps jam factor.
We also saw how unsupervised learning algorithms failed in congestion detection due to sparse
data. We also looked at Jam regions, Popular bus stops and Hotspots region of Delhi.

8.2 Limitations

• The Accuracy parameters which we measure in our study are based on the authenticity of
the HERE maps as we did not find any other free map service provider which can solve our
purpose. Our results might be much better at ground level because we take into account
the speed behavior of buses which has direct relevance with the congestion.

• We can predict the congestion only at those areas where we find DIMTS cluster buses, for
all other regions we cannot conclude congestion.

• We only tell about congestion in real-time, We do not deal with congestion that might arise
in the near future i.e. we do not deal with the problem of congestion prediction.

We limited our study to the problem of congestion detection only and did not explore the time
prediction of buses at bus stops keeping in mind the congestion pattern prevalent in real-time on
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the roads.

8.3 Future Work

Our study opens opportunities for congestion prediction which can tell whether the bus which
the user needs to pick can reach in time to the required bus stop keeping in mind the congestion
pattern that exists at real-time or that might arise in near future based on previous data.
Our study mainly focuses on Congestion detection in real-time with minimal input data which
can benefit the government and local authorities for analysis & development purposes. The field
is now open for more contributions which can improve the accuracy of results using sparse &
uneven data with low latency.
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