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Abstract

Among the challenges of urbanization is traffi  c management as a measure of growth and progress. Recent population growth has resulted in a signifi cant increase 
in vehicles, causing traffi  c jams that are challenging for the existing transportation networks. This congestion affects other services, including public transit, airports, road 
maintenance, and pollution caused by emissions of CO2 and other gases. Furthermore, it doubles the amount of fuel used. This has negative consequences for society 
as well as economic losses. This paper focuses on an improved Dijkstra algorithm based on traffi  c congestion levels to address the above problems. Improved Dijkstra 
algorithm can provide (a) real data collected from the map via OpenStreetMap, (b) Add four features to SUMO(Simulation of Urban Mobility) simulator software (time 
period, rush-hour, number of vehicles, and routing algorithm), (c) it could know congestion level for roads (d) rerouting vehicles to avoid traffi  c congestion. Based on the 
simulation results and analysis presented in the paper, it was found that the proposed improved Dijkstra algorithm increased the performance of the road traffi  c fl ow by 
reducing the number of related vehicles in traffi  c congestion and average delay time for experiment scenarios.
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Introduction

With the continuous progress of urbanization worldwide, 
the number of vehicles is still rising. The increased population 
has resulted in many worrying issues, such as traffi c congestion, 
rising death rates in road incidents, increasing economic costs 
to drivers, and air pollution [1].

In the year 2022, the World Health Organization (WHO) 
published that annually, more than one million people die on 
the roads in the world and that 20 to 50 million suffer non-
fatal injuries; economic costs associated with these crashes are 
estimated at between 1% and 3% of a country's local product. 
As per current estimates, around 90% of road accidents are 
caused by personal error, inattention, fatigue, or delayed 
reactions [2].

Fundamentally, it can characterize a road network condition 
that occurs daily during a particular time [3]. The United 

Kingdom Department of Transport announces that traffi c 
congestion is a problematic concept to defi ne due to its multi-
dimension [4,5]. Various authors defi ne traffi c congestion 
differently from their points of view. In the context of travel 
time, a traffi c jam occurs when many vehicles block the normal 
fl ow of traffi c, causing travel time to increase [6]. We can 
defi ne congestion by adding the inconvenience of interrupted 
traffi c fl ow to the road user's cost [7]. As well as contributing to 
social depletion, traffi c congestion causes air pollution, traffi c 
accidents, noise pollution, and other problems that affect the 
environment [8,9]. Figure 1 shows the traffi c jam in Sakarya 
City in Turkey.

It has classifi ed traffi c congestion into recurrent congestion 
and non-recurrent congestion. Recurrent congestion refers 
to a specifi c area where traffi c congestion frequently occurs 
every day simultaneously, such as bad timing for a traffi c light, 
frequent ramps, and special events like national occasions. The 
non-recurrent congestion can happen anywhere depending on 
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the traffi c capacity and road conditions that change with time, 
such as road accidents, bad weather conditions, and road works 
[3].

Assessing the level of traffi c congestion is crucial for traffi c 
management and control. There is no consistent and stable test 
for assessing traffi c fl ow. Many studies have investigated urban 
traffi c using a variety of metrics to measure traffi c congestion.

Schrank, et al. designed the Road Congestion Index (RCI) 
to measure the severity of congestion in an area. In this study, 
daily vehicle miles traveled (DVMT), per weighted lane mile 
by road (highway or main artery) were compared with the 
expected total for the residential area in congestion situations. 
Values   greater than 1.0 indicate regional congestion aggravated 
by highways (highways or arteries). Therefore, travelers fi nd it 
diffi cult to set a measure for their past experience and to make 
predictions about future events [10].

Li Zhibin, et al. [11] proposed a Q-Learning-based Variable 
Speed Limit (VSL) control scheme to reduce the physical travel 
time of turn bottlenecks on highways by improving the Cell 
Transmission Model (CTM) for traffi c modeling under VSL 
control. The simulation results show that the proposed strategy 
will be effective in reducing traffi c congestion from regular 
traffi c. Total travel time decreased by 49.34% and 21.84% 
under constant and variable demand, respectively.

Shubhangi M. Deshmukh, et al. suggest an alternative route 
for avoiding traffi c congestion using smart devices embedded 
in cars, and a road authority can cover their entire road network 
without investing in infrastructure with the system. A system 
like that helps driving route planners, and navigation systems 
avoid traffi c congestion. It also identifi es the shortest way to 
travel to save time and fuel. It is an effi cient, smart, reliable, 
and low-maintenance system [12].

Schafer, et al. use Global Positioning System (GPS) data to 
search for words or chapters and determine if the road will be 
congested if the average speed is below 10 km/h [13].

Terroso-Sáenz, et al. [14] propose using external data 
sources to detect traffi c jams. For distributed traffi c information 
systems, this architecture uses complex-event processing 
technology to detect congestion on the motorway. While the 

authors consider digital maps for implementation, it may be 
better to consider virtual segmentation. They propose a system 
that detects and distributes traffi c congestion collaboratively. 
A GPS device is used to determine the current location, speed, 
and direction of vehicles at fi xed intervals. The technology also 
utilizes location privacy and aggregation to reduce bandwidth 
usage.

Xu, et al. propose two methods of estimating the travel time 
of buses using the T-window average and N-window average, 
as well as a congestion indicator. This approach does not 
support vehicles that move in lane reserves [15].

Bauza, et al. [16] introduce a collaborative traffi c 
congestion detection technique based on vehicle-to-vehicle 
communication and fuzzy logic without using sensors to detect 
traffi c congestion.

Wedel, et al. propose a vehicle-to-X approach so drivers 
can share traffi c information and optimize their routes based 
on that information [17].

Leontiadis [18] et al. propose a mechanism for crowd-
sourcing traffi c data and rerouting vehicles accordingly.

This paper aims to improve the Dijkstra algorithm for traffi c 
management systems in urban cities to fi nd the optimum path 
in case of a traffi c jam via calculating and adding congestion 
level parameters to classic Dijkstra weight to avoid traffi c jams 
by rerouting vehicles and then a comparison between improved 
Dijkstra and classic Dijkstra has been evaluated based on the 
performance metrics; related vehicles on the traffi c congestion, 
average delay time, fuel consumption and CO2 emission. 

The research contributions presented in this paper can be 
summarized as follows:

1. Extensive literature review on traffi c congestion 
detection and avoidance systems and modifi cation 
Dijkstra algorithm.

2. Enhancement Dijkstra algorithm that helps drivers 
reach their destination quickly and safely by suggesting 
optimal alternative routes to avoid road congestion on 
the road network.

3. Building a road traffi c mobility simulator using 
appropriate software for any city/county roadmap.

The rest of the paper is organized as follows: Section II 
provides traffi c congestion measurement metrics; Section III 
provides traffi c congestion handling methods, and Section 
IV is about traffi c congestion avoidance handling. Sections 
V and VI provide methodology and simulation methodology 
sequentially. The simulation results and discussion will be 
explained in section VII. The last section VIII concludes the 
paper.

Traffi  c congestion measurement metrics

Traffi c congestion can be measured in many ways, such as 
in [19].

Figure 1: Traffi  c jam in Sakarya.
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Travel Time (TT): A vehicle's travel time is the time it takes 
to go from one point to another. Users can choose the optimal 
route to arrive at their destination in the shortest time possible 
with the help of this facility.

Speed: Within a limited time, vehicles move at an average 
speed. It is a vital factor in measuring traffi c congestion. 
A variety of methods can be used to collect speed data from 
vehicles. A vehicle's speed can be determined based on the 
number of satellites orbiting the Earth via the GPS.

Level-of-Service (LOS): It measures the number of 
congestion suspensions on a particular road.

Delay: It is the time lost for vehicles when there is a traffi c 
jam. Distance traveled is calculated by subtracting the arrival 
time from the trip's logical travel time.

Throughput: In each period, how many elements pass 
through the system? In other words, it is the productivity of 
a system. The throughput of a transportation system can be 
defi ned as the number of moving vehicles on the road during a 
given time (e.g., one hour). 

Level-of-Congestion (LOC): The value of a pointer 
describes the condition of a specifi c street on the road network 
as a serial number between 0 and 1. This study has used the 
LOC metric to predict the traffi c congestion status for road 
networks, starting from A (free congestion) to F (exceedingly 
congested), as shown in Table 1.

Traffi  c congestion handling

Traffi c congestion has been classifi ed into two main 
solutions: traffi c congestion detection and traffi c congestion 
avoidance handling [20].

Traffi c congestion detection handling: There are two 
types: conventional detector and fl oating car data. This study 
uses fl oating car data handling to collect road data via 3G_4G 
technology to determine traffi c congestion locations in road 
networks [21].

Floating car data detection: Floating Car Data (FCD), also 
called Probe Vehicle Data (PVD), provides real-time traffi c 
information by tracking the vehicle via mobile phone or GPS, 
which serves as a mobile sensor node that regularly exchanges 
data with the traffi c center. In addition to providing information 
about location, speed, and direction, this information is crucial 
to measuring, predicting, monitoring, and managing the traffi c 
system and locating congestion.

The FCD technique is classifi ed into three types, as shown 
in Figure 2 [22].

− GPS-based FCD: GPS is a satellite-based navigation 
system that supports geolocation, speed, and time for 
vehicles. GPS is now embedded in many vehicles and 
provides high-quality traffi c information for road traffi c 
management systems, which is a crucial positioning 
technology for delivering information (speed, location, 
travel time) in real-time for advanced transportation 
systems. There are many advantages to using the GPS-

based FCD method, including real-time tracking, travel 
time provision, effectiveness, and low maintenance 
costs in all types of weather [23].

− Cellular phone-based FCD: A cellular phone probe is an 
effi cient way to gather real-time road information. In 
most vehicles, at least one mobile phone is a sensor for 
the road network. A cellular probe tracks a cell phone's 
movement on the road network to provide travel time 
and location information. The technique is benefi cial 
since it doesn't require costly equipment installed on 
the road. Because of the increasing use of cell phones 
in vehicles, the accuracy of traffi c road monitoring has 
dramatically improved [24].

− VANET-based FCD: Intelligent transportation systems 
can be enabled by Vehicular Ad Hoc Network (VANET) 
technology. There are two ways traffi c data is exchanged 
in VANET, between vehicles (V2V) and between Vehicles 
and Infrastructure (V2I). The main objective of V2V 
communication is to detect traffi c congestion and 
accidents, measure the level of congestion, provide 
traffi c conditions through Inter-Vehicle Communication 
(IVC), and provide Internet access and entertainment. 
At the same time, V2I offers real-time information 
regarding traffi c status and weather and suggests 
alternative routes to guide drivers to avoid bottlenecks 
[25].

Traffi  c congestion avoidance handling

The traffi c congestion avoidance mechanism is considered 
one of the main functions of the Vehicle Route Guidance 

Figure 2: Floating car types [26].

Table 1: Level of service (LOS) for road traffi  c.

 Density Velocity Description

A 0 – 12 > 60 Free fl ow

B 12 – 20 > 57 Stable fl ow

C 20 – 30 > 54 Slight delays

D 30 – 42 > 46 Acceptable delays

E 42 – 67 > 30 Approaching unstable

F 67 – 100 < 30 Forced fl ow



209

https://www.mathematicsgroup.us/journals/annals-of-mathematics-and-physics

Citation: Mhmood Thabet AS, Zengin A. Optimizing Dijkstra's Algorithm for Managing Urban Traffic Using Simulation of Urban Mobility (Sumo) Software. Ann Math 
Phys. 2024;7(2):206-213. Available from: https://dx.doi.org/10.17352/amp.000124

system, which assists drivers by providing helpful information 
regarding the traffi c status. There are two main approaches: 
centralized and decentralized. This study has used the traffi c 
fl ow and road-length variables to calculate the congestion level 
for each road, and the congestion threshold = 0.6. Choosing the 
accurate congestion threshold value is crucial as it impacts the 
performance of the service [26].

Methodology

In this study, a traffi c congestion level estimation of 
part of Sakarya City to get the optimal path of a vehicle on 
the road via used microscopic model simulation. This study 
distinguishes between two frameworks, the fi rst of which 
includes OpenStreetMap and SUMO. It is OpenStreetMap's 
responsibility to build and maintain real databases for part 
of the Sakarya map, export these to SUMO, and then SUMO 
utilizes these real databases to generate traffi c simulations of 
vehicles helpful in determining the location and state of traffi c 
jams in a limited time, as shown in Figures 3,4. As a second 
framework, the Dijkstra algorithm and MATLAB are used to 
process data obtained from the SUMO output fi les and use this 
data to enhance the Dijkstra algorithm by adding congestion 
level parameters to traditional Dijkstra weight to reroute 
vehicles instead of causing traffi c jams.

The main functionality of the improved Dijkstra algorithm 
is to alleviate traffi c congestion by reducing travel time and 

minimizing fuel consumption and CO2 emission. The steps for 
an improved Dijkstra algorithm are as follows:

Step 1: Import SUMO output fi les, then use MATLAB to 
generate a chain of matrices; 

Set congestion level parameters = 0.

Set THreshold Value (THV) =0.6.

Step 2: Select a vehicle with a route from the vehicle matrix.

Step 3: Calculate the traffi c congestion level. Traffi c 
congestion level = Traffi c fl ow / Road Capacity

Then check the traffi c congestion level against the selected 
vehicle route.

Step 4: for the initial point, if the traffi c congestion level 
for the selected vehicle route is higher than (THV), then apply 
the improved Dijkstra model via rerouting the vehicle with 
consideration shortest path when choosing an alternative 
route; otherwise, use the classic Dijkstra.

Step 5: Move the vehicle in the road network depending on 
the time to reach the goal point.

Step 6: update the traffi c congestion level and go to step 
2 to select the next vehicle iterations. Until it fi nds optimal 
paths for all vehicles, output, and optimal path (lesser traffi c 
congestion and shortest path) for all vehicles.

Figure 3: Part of Sakarya city via SUMO.
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Step 7: End.

Simulation methodology

SUMO is used to simulate and evaluate the improved 
Dijkstra algorithm. The traffi c map is extracted from the 
OpenStreetMap website as an OSM fi le. This study has 
used SUMO version 1.8.0 as a simulator platform to apply 
the scenarios on the part of Sakarya real roadmaps. SUMO 
depends on mobility information to run a system, such as road 
information, priority, the maximum speed allowed, the route 
of vehicles, and simulation time. To make all scenarios more 
realistic, the simulation time was assigned to three hours, the 
experiment run-time was divided into 90 intervals, and every 
2 minutes updates the vehicle position.

On the other hand, generating new vehicles on the map 
is random, and vehicle distribution over each interval (90) is 
standard, as shown in Figure 5. Table 2 shows the simulation 
parameters for all scenarios of the selected road in the Sakarya 
map.

Simulation results and discussion

After simulated and obtained scenarios, the results are 
presented in graphs. The performance for both classic Dijkstra 
and improved Dijkstra algorithms have been evaluated in case 
of traffi c congestion based on performance metrics: related 
vehicles in traffi c congestion, average delay time, average fuel 
consumption, and average CO2 via using SUMO simulator, and 
the results have been analyzed using Excel. Table 3 compares 
the performance of the classic Dijkstra and the improved 
Dijkstra algorithm in traffi c congestion cases.

Related vehicles

The number of affected vehicles in the traffi c congestion 
has been measured by selecting the vehicles with a delay time 
greater than 270 seconds at their destination. Figure 6. Shows 

the results of the number of related vehicles for both classic 
Dijkstra and improved Dijkstra over the selected route network 
traffi c congestion.

Figure 6 shows the proposed improved Dijkstra algorithm 
effi ciency to reduce the number of related vehicles in traffi c 
congestion that directly infl uences other parameters metrics 
such as (delay time, fuel consumption, and CO2 emission) that 
will be shown later, where the improved Dijkstra have (177) 
related vehicles. In contrast, the classic Dijkstra has (229) 
related vehicles.

The average delay time for vehicles is computed by applying 
Equation 1.

Figure 7 shows the average delay time for classic Dijkstra 
and improved Dijkstra over the selected route network traffi c 
congestion.

Figure 4: Part of Sakarya city via OpenStreetMap.

Time (per 2 minutes)

Figure 5: Normal distribution of vehicles.

Table 2: Simulation parameters

Parameter Value

Case study Part of the Sakarya map

Map size 25 km2 (5*5)

Routing algorithm (R) Dijkstra

The maximum speed allowed 70 km/h

Simulation time 10800 s

Number of intervals 90 (120 seconds per interval)

Congestion time 1800 s

Number of generated vehicles 300 vehicle/km2

Vehicle length + safety distance 10 meters

Route generating method Random

Table 3: The comparison between classic Dijkstra and improved Dijkstra algorithm 
in traffi  c congestion case.

Parameters Classic Dijkstra Improved Dijkstra

Related vehicles 229 vehicles 177 vehicles

Average delay time 1075 s 828 s

Average fuel consumption 1644 l/km 1398 l/km

Average CO2 382.595kg/km 325.211kg/km



211

https://www.mathematicsgroup.us/journals/annals-of-mathematics-and-physics

Citation: Mhmood Thabet AS, Zengin A. Optimizing Dijkstra's Algorithm for Managing Urban Traffic Using Simulation of Urban Mobility (Sumo) Software. Ann Math 
Phys. 2024;7(2):206-213. Available from: https://dx.doi.org/10.17352/amp.000124

   Average DelayT
n vi

im
n
ie 


              (1)

Where:

Vi: Vehicle delay time

n: The number of related vehicles

Average delay time: It is interesting to see from Figure 7 
improved Dijkstra algorithm reduced the average delay time, 
which is 325,211 seconds, while the classic Dijkstra has 382.595 
seconds. It is usual for the vehicle delay time to decrease traffi c 
congestion by reducing the number of related vehicles in the 
congested routes.

Average fuel consumption: It can be defi ned as the rate at 
which an engine spends fuel, expressed in units such as miles 
per gallon or liters per kilometer. This study used liters per 
kilometer. Figure 8 shows the fuel consumption results for 
classic Dijkstra and improved Dijkstra over the selected route 
network traffi c congestion.

The results are related to the vehicle’s status, if it is moving 
or stopped, velocity, and the stopped time for connected 
vehicles during the simulation time. It can be seen from Figure 
8 that the improved Dijkstra has reduced fuel consumption 
compared to classic Dijkstra for traffi c congestion cases. The 

Figure 7: Comparison between normal and improved Dijkstra based on the delay 
time.

Figure 8: Comparison between normal and improved Dijkstra based on fuel 
consumption.

Figure 9: Comparison between normal and improved Dijkstra based on CO2 
emission.

average fuel consumption in classic Dijkstra is 1644 l/km, and 
in the improved Dijkstra algorithm, it is 1398 l/km.

Average CO2 emission: It is the amount of CO2 that is emitted 
from natural and human sources. The unit of measurement 
is kg/km. Figure 9. Shows the results of the amount of CO2 
emissions for both classic Dijkstra and improved Dijkstra over 
the selected road in traffi c congestion.

CO2 emissions are positively associated with fuel 
consumption. The increase in fuel consumption results in more 
CO2 emissions. It can be seen from Figure 9 that the amount 
of CO2 emissions from vehicles has been reduced by applying 
improved Dijkstra on the related vehicles for the traffi c 
congestion route in comparison with the classic Dijkstra.

Conclusion

With the increasing number of vehicles on the road network 
in the world, various problems have emerged, one of the most 
serious is traffi c jams. This paper provides an effi cient solution 
for traffi c congestion that can effectively and practically 
reduce traffi c congestion on the road network by improving 
the Dijkstra algorithm. The improved Dijkstra algorithm has 
added traffi c congestion level to the classic Dijkstra to increase 
the performance of vehicles and reduce the average delay time. 

Figure 6: Comparison between normal and improved Dijkstra based on related 
vehicles.
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Overall, the proposed Dijkstra has improved performance is 
23% for both related vehicles in traffi c congestion and average 
delay time compared with the classic Dijkstra (with traffi c 
congestion). On the environmental side, the improved Dijkstra 
dramatically reduces expenses and pollution, reducing average 
fuel consumption by approximately 15% for related vehicles in 
traffi c congestion, and the amount of CO2 emission diminished 
by about 14%.

Future work will more focus on vehicle route guidance 
systems, which will play a vital role in alleviating traffi c 
congestion by exchanging traffi c information between vehicle-
to-vehicle and vehicle-to-infrastructure.

The next step is to:

1. Examine the performance of the improved Dijkstra 
algorithm in the real road traffi c environment.

2. Develop the proposed improved Dijkstra algorithm by 
integrating traffi c congestion metrics such as speed, 
throughput, and Level-Of-Service (LOS).

3. Employ new technology in vehicle route guidance 
systems, which will play a vital role in alleviating traffi c 
congestion by exchanging traffi c information between 
vehicle to vehicle and the vehicle to infrastructure.
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