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Abstract 

 

Energy Optimization of Traffic Network 

Considering Vehicle Powertrain Types Using 

Discretized Dynamic Traffic Assignment with Link 

Time-Series 

 

Bonhyun Gu 

Department of Mechanical Engineering 

Seoul National University 

 

 

Vehicle that provides convenience for mobility has been studied for more than 100 

years. Recently, there has been a lot of research on the performance of a single-

vehicle and interaction between other cars. For example, research on technologies 

such as vehicle-to-vehicle (V2V), vehicle-to-infrastructure (V2I), and autonomous 

driver assistant system (ADAS) is actively studied. This change also extends the 

scope of the study, from a single vehicle to a vehicle fleet, and from micro-traffic to 

macro-traffic. In the case of vehicles subject to the main experiment, it is classified 

into internal combustion engine vehicle (ICEV), hybrid electric vehicle (HEV), 

electric vehicle (EV), and fuel-cell electric vehicle (FCEV) according to the 

electrification of the powertrain. Also, it can be divided into different categories 

depending on whether autonomous driving and communication are possible. 
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This study focused on expanding the fuel consumption of vehicles, which has 

affected environmental pollution for a long time, to the transportation network level. 

Of course, these researches have been studied for more than a decade, but recent 

optimization studies using various powertrains have been hard to find. In particular, 

I decided to build a system that reflects the energy superiority of each road, based on 

the tendency to consume fuel by road type according to the powertrain. For several 

decades, the study of arranging the traffic situation of vehicles and determining the 

route of each vehicle has been mainly applied to traffic allocation for road planning, 

such as road construction. Therefore, the main content was to predict users' choices 

and to study from a macro perspective in hours or days. However, in the near future, 

it is expected to be able to control the route of vehicles in a specific unit of a 

transportation network, so based on these assumptions, researchers conducted many 

researches to optimize energy in the transportation network. 

Many studies on fuel consumption have advanced, but it is hard to find a study of 

many vehicles consisting of various powertrains. The main reason is that the fuel 

consumption itself is difficult to predict and calculate, and there is a significant 

variation for each vehicle. In this study, the average value of each variable for energy 

consumption was predicted using Vehicle Specific Power (VSP). It used to calculate 

the fuel consumption that matches the powertrain by each vehicle. Data on fuel 

consumption were taken from Autonomie, a forward simulator provided by Argonne 

National Laboratory in the United States. Based on the relationship between the 

simulated fuel consumption and the VSP as a variable, the deviation was optimized 

with Newton's method. However, after energy optimization, different vehicles have 

different travel times, resulting in wasted time due to relative superiority about the 

fuel consumption, which is a problem in terms of fairness for drivers.  
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Therefore, based on the traffic time of each road, the first principle of Wardrop 

was applied to optimize the allocation of traffic. The first principle of Wardrop is 

Wardrop's User Equilibrium (UE) which means an optimal state with same travel 

cost in the same origin-destination. Based on UE, it was replaced by the question of 

distributing the allocated traffic flow depends on vehicle type. To this end, it is 

necessary to apply the traffic assignment based on the route, not the link unit, so that 

each vehicle can be distributed to the route. This distribution is also an optimization 

problem, which is a Linear Programming (LP) problem with equality constraint and 

inequality constraint with the fuel consumption per vehicle derived for each route as 

a factor. This problem can be resolved through the process of replacing the 

constraints with the Lagrange multiplier, and the simple conditions for optimization 

are met.  

In conclusion, the goal of this study is to allocate a path-based dynamic traffic 

assignment (DTA) so that it can be applied in real-time with minimal computation 

and to distribute them by vehicle type. First, under the current road conditions, each 

vehicle moves toward the intersection. The intersection at the end of the road that is 

currently running by time unit was organized by Origin-Destination (O-D). In DTA 

studies, intricate and detailed model like the cell transmission model (CTM) is used 

for modeling. The traffic flow is calculated as a fluid, which needs high calculating 

costs and many complex constraints to optimization. Therefore, link time-series was 

suggested to be modeled for each link and applied as a kind of historical information. 

This approach can be regarded as Discretized-DTA based on link time-series. It is 

possible to apply the time axis to the traffic network with a small computing cost and 

to allocate O-D traffic that changes with time. This optimization problem can be 

resolved by the Gradient Projection algorithm, which was widely used in path-based 
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traffic allocation. Different delay equations were applied for the intersections by 

traffic lights for the modeling of the time delay. The actual transportation network 

flow was predicted as much as possible by the Discretized-DTA algorithm. The 

allocated traffic was divided by the route, and the fuel consumption per vehicle was 

derived for each route. 

 In the Sioux Falls Network, the most commonly used example of a traffic 

allocation simulation, the total energy cost was reduced by about 2% when applying 

the vehicle distribution used in this study after static traffic assignment. This 

performance is the result of no time loss between the vehicles, as it is in a UE state. 

And if traffic simulation case is limited to O-D allocated on multiple paths, it is an 

effect of more than 3%. This improvement could be replaced by a reduction in fuel 

cost of about 20 million won for 360,600 vehicles daily. 

For evaluation of the performance as a navigating system, four navigating systems, 

as a comparison group, are modeled with algorithms that recommend the optimal 

route in real-time. The system proposed in this study was able to improve 20% in 

total traffic time and 15% in the energy aspect compared to the comparison group. It 

was also applied to Gangdong-gu, Seoul, to simulate a somewhat congested 

transportation network. At this time, the performance improvement was reduced by 

10% in traffic time and 5% in the energy aspect. In the case of the navigating system, 

indeed, the effect of energy optimization for distributing by vehicle type is not 

substantial because allocation for each vehicle causes rarely distributed path. 

However, this improvement can be a significant impact if the effects are accumulated 

in the transportation network. In this study, energy optimization in the transportation 

network was achieved based on fuel consumption tendency by vehicle type, and the 

navigation system was developed for this. Nowadays, with the development of 
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various communication and control technologies, the navigation system based on 

them can contribute to reducing the cost of transportation, both personally and 

socially.  

 

Keyword : Fuel consumption, Hybrid vehicle, Navigating system, System optimum, 

Traffic assignment, User equilibrium 
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Chapter 1. Introduction 

 

1.1. Background 

Vehicles that provide convenience to people travels have been commercialized for 

more than 100 years. However, it was developed by the Internal Combustion Engine 

(ICE), vehicles from new power sources such as Hybrid Electric Vehicle (HEV), 

Electric Vehicle (EV), Fuel Cell Electric Vehicle (FCEV) were commercialized after 

almost 100 years. It can be attributed to the global trend toward environmental 

pollution.  

 

Figure 1.1. Specific fuel consumption by sectors and source mode [1] 
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Figure 1.1 above shows the importance of the transport sector, especially road 

transport. Also, that means the transport sector has a significant influence on 

environmental pollution. But it has only been decades since the awareness of the use 

of fossil fuels has been strengthened, and effective environmental regulations have 

been discussed. It also penalizes carmakers for their production itself and encourages 

production subsidizing to eco-friendly vehicles. 

In the case of South Korea, the low cost in maintenance for electric cars shows 

current trends of electrification in vehicles. This financial superiority is the result of 

the policy that discounts electricity price by 50 percent for electric vehicles, subsidies 

for purchasing eco-friendly vehicles, especially for FCEVs amounting to 70%, and 

discounts on tollgate costs. With this regulation and performance of EV, sales 

worldwide of plug-in electric cars, including EV, are rapidly increasing as Figure 1.2. 

 

 

 

Figure 1.2. Plug-In electric car sales worldwide in 2016-2019 [2] 
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Market forecast data of vehicles that have electrified power sources show that 

these adjusted results by governments eventually reach the level of being maintained 

without the policies. Of course, technology development is essential to reaching the 

level. For example, the decreased price of the raw materials increased battery 

capacity, and increased driving distance due to the development of battery 

technology are important factors for consumers who want to buy electrified vehicles. 

Therefore, research that is related to the mainstream has continued for decades, and 

electrified power sources are a trend in such studies. Notably, the studies directly 

related to the fuel economy of new power sources have been carried out steadily and 

have been applied to vehicles[12], [13]. 

However, although there are many studies on energy consumption with the 

environmental aspects, research on environmental regulations and energy 

consumption in the traffic network level is less than the research on the single-

vehicle. The reason is that the purpose of the research about the traffic network is far 

from vehicle performance. The primary purpose of the research in the traffic network 

is transportation planning by governments or other administrations. 

A study on the analysis of traffic demand, one of the processes for establishing 

transportation plans, was mainly studied using Traffic Assignment Problem (TAP). 

TAP is a problem of assigning public transportation, private cars, walking, and others 

to predict the demand of users who use the means of transport. By assigning the 

demands with a described network of origin points and destination points, and links 

connecting them, it becomes an essential basis for transportation planning. 

The principles of Wardrop, the most commonly used as the representative 

assumption in TAP, were suggested in 1952[14]. Many studies have been carried out 

to minimize overall costs on the assumption that the principles were satisfied. 
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Among the Wardrop's principles, User Equilibrium (UE) is a state in which the user's 

travel costs are equal and no longer changed. On the other hand, System Optimum 

(SO) is an optimized state for the overall system. Since then, algorithms have been 

developed and studied to derive these optimal conditions. Fundamental studies 

include predicting link-based vehicle distribution for optimizing traffic network, and 

path-based vehicle distribution to figure out the routes of each vehicle. By applying 

this, the studies that optimize TAP algorithms[15], [16], and analysis of the effects 

of developing new elements (intersections, traffic lights) within the transportation 

network according to vehicle assignment[17]–[19] are representative.  

 

 

Figure 1.3. 3D link and Origin-Destination volumes by simulator Dynus T [3] 

 

This traffic network study has several characteristics. First of all, it is challenging 

to validate the results through practical experiments. Not only is the experiment 

impossible in the traffic network that includes several real roads, but the experiment 

costs an astronomical amount. As a result, many commercial simulators have been 
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developed, and the simulation has become the principal validation method of studies.  

Secondly, the accuracy of predicting traffic conditions in the network is low. There 

are many variables in the traffic network, such as drivers' propensity, responsiveness, 

the tendency of judgment, driving environment, and interaction with other roads. 

Also, it is difficult to control them by the researcher. As a result, even in simulations, 

variables are often considered a little unrealistically with many assumptions, and it 

is necessary to increase the validity of these variable settings. Wardrop’s principles 

mentioned above are also a kind of these assumptions.  

Third, each road has its distinct specificity. The specificity includes the shape of 

lanes in the road, the environment in the driver's field of vision, the slope, and the 

timing of the traffic lights. Because of this specificity, it is challenging to develop a 

standardized model and apply the study about traffic in a general way. 

In addition to these characteristics of the traffic network, the energy consumption 

of vehicles varies slightly from vehicle to vehicle. In conclusion, the studies about 

the energy consumption in the traffic network were extremely simplified with 

assumptions[20], [21]  

However, as the power sources of vehicles become diverse, research is needed to 

reflect the energy consumption tendency of each power source. Also, in the past, 

TAP within the traffic network was a perspective for prediction. But soon, it is 

realized that the assignment of each vehicle could be implemented. What made this 

possible was the development of communication and control technologies. Many 

vehicles have already been equipped with navigation using GPS data, and that 

suggests many route choices. Besides, self-driving technology led by Automatic 

Driving Assistant System (ADAS) is being applied with sensor and chassis control 

technology. These technologies can help control the route of vehicles to minimize 
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the specific cost of the traffic network level. In particular, the assumption that a path 

is fully controlled within a specific range of networks can become a reality. Below, 

Figure 1.4 shows ADAs applications near the future from Toshiba. 

 

 

Figure 1.4. ADAS applications using the TMPV760 series from Toshiba. [4] 

 

Also, there are significant differences in the tendency of fuel consumption 

depending on the power source of the car. For example, in constant speed driving on 

highways, the Internal Combustion Engine Vehicle (ICEV) has an advantage over 

other power-source cars. However, HEV and EV, which can use regenerated braking, 

are more advantageous in urban areas where there is frequent acceleration and 

deceleration. As mentioned above, the number of vehicles powered by the existing 

internal combustion engine is overwhelming at present, but sales of eco-friendly 

vehicles such as HEVs and EVs have been steadily increasing. 

Thus, utilizing the differences in fuel consumption trends in these power trains, it 

was expected to reduce overall energy consumption within the traffic network. 

However, as can be quickly expected, it is controversial that a fuel-efficient vehicle 
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should drive in a detour rather than the shortest route for the system optimum. If the 

assignment was conducted based on the UE principle of Wardrop mentioned above, 

it was expected that only energy consumption could be reduced without loss of 

driving time. This approach does not cause a loss in travel time for a single vehicle, 

but the impact was expected to be significant for the multiple vehicles in the traffic 

network. From these various viewpoints and backgrounds, I propose a solution to 

resolve this problem with this dissertation. 

 

 

1.2. Research Scope and Contents 

This study suggests that applying the route-based traffic optimizing algorithm, 

which is widely used in TAP, to a specific range of traffic networks. For this 

application, the spatial range is up to 5 kilometers in diameter, from a test network 

to a network that imitates a specific area of Seoul, Korea. The time range is set within 

one hour, taking into account the spatial range and the passaging travel time 

according to the congestion. 

The content scope of this study includes a traffic assignment model based on fuel 

consumption depends on the power train with an optimal theoretical review. Other 

content is how to build a navigating system that is finally proposed as the conclusion. 

To this research, I demonstrate a connection between Vehicle Specific Power(VSP) 

and road travel time, which is directly related to the energy consumption of the 

vehicle. And this connectivity optimizes the traffic allocation results by distributing 

the current UE paths by vehicle component ratio.  

The discretized-dynamic traffic assignment (discretized-DTA) model is developed 
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considering both static traffic assignment and DTA among the passage allocation 

models. And the modified gradient projection algorithm is applied to optimize the 

target function.  

And the purpose of this study is to extract origin-destination (O-D) pairs from the 

network every interval time in real-time and to provide optimal assignment and route 

guidance quickly. 

The contribution of this study is first, the estimation of energy consumption by 

vehicle fuel type on the route through VSP. It is challenging to estimate fuel 

consumption in situations where the route is not accurately predicted. However, 

simulation in advance on the route can computed parameters for VSP with each 

power source.  

Second is the optimization of energy-consumption based vehicle distribution. In 

the UE state of Wardrop, the time of vehicle traffic is estimated by the resulting 

assignment, so it is possible to optimize energy consumption by allocating vehicles 

driving on each route.  

Third, I developed a navigating system, which increases the possibility of an 

actual application. Existing traffic assignment studies had limitations in the 

computational time or application of the study. Also, the vehicle navigation system 

was difficult to optimize between thousands of vehicles in real-time. In this study, 

the energy optimization was made possible within the range set by the discretized-

DTA model. Details of the study, according to the essential research items, are 

summarized in Table 1.1 below. 
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Table 1.1. Detailed contents of this study 

Research subject Detailed research contents 

Explore Related 

Theory and Analyze 

Preceding Studies 

 Research related study 

 Traffic Assignment Problem(TAP) 

 Path-based algorithm 

 Vehicle Specific Power(VSP) 

 Preceding studies 

 Dynamic Traffic Assignment(DTA) 

 Navigation system for vehicle 

 Fuel economy depends on powertrain 

 Contribution and distinction 

Building Energy 

Optimizing Algorithms 

on a Path with Vehicle 

Specific Power (VSP) 

 Adaptation for 7 types of powertrain 

 ICEV (sport utility vehicle, gasoline, diesel) 

 HEV (parallel, micro) 

 EV 

 FCEV 

 Parameter Calibration 

 Autonomie: Forward Simulator 

 Calibration using Newton’s Method 

 Calibration with travel time 

 Integrated parameter estimation 

 Multi-squared estimating function  

Building an algorithm 

for allocating vehicles 

based on energy 

consumption 

 Allocating vehicle problem 

 Unit fuel economy by VSP and travel time 

 Optimize using Lagrange Multiplier 

 Calculate effect in example network 

 Path-based optimal traffic assignment in the Sioux 

Falls network 

 Optimal vehicle allocation  

Path-based discretized-

dynamic traffic 

assignment 

 Discretized-dynamic traffic assignment 

 Theory for link travel history 

 Comparison with dynamic traffic assignment 

 Predicting travel time in network 

 Conical function for intersection 

 HCM 2000 for signalized intersection 
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 Result from the algorithm 

 Result in test network 

Building navigating 

system using 

discretized-DTA 

 Organizing traffic assignment problem 

 Setting origin-destination-time(O-D-T) 

 Initial navigating using VSP 

 Simulation using the navigating system 

 Simulation in real network 

 Navigating system based on real-time O-D-T pairs 

 Result evaluation and conclusion 

 Evaluating the effect of the proposed system 

 Comparison with other navigating system 

 Finding future works 

 

 

This paper is composed of the contents of Table 1.1, as outlined above. Chapter 2 

covered the content of the underlying theory used in this paper and the content of the 

relevant paper. Chapter 3 contains the construction of target models applied in this 

study. And it is written in Chapter4 that TAP combines the energy consumption of 

the target model with optimal allocation. Chapter5 is about the development of the 

navigating system based on discretized-DTA proposed in this study. Finally, Chapter 

6 contains the results of the simulation with the navigating system and the content of 

future works. 
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Chapter 2. Theory and Literature Review  

 

2.1. Traffic Assignment Problem 

Traffic assignment problem (TAP) is a part of the study predicting traffic, inferring 

people are moving within a transportation network through multiple assumptions. 

The reason why this is a kind of problem to solve is that people try to move to 

destinations as quickly as possible with a low cost under given conditions. Thus, if 

you can know the number of people in the transportation network, the origin, and the 

destination of the movement, it becomes the problem of finding the fastest and least 

expensive route among the large number of routes connecting the origin and 

destination. 

 

 

2.1.1. Wardrop’s Principle 

It is the most representative assumption that people pass with a minimum cost to 

solve the TAP. Wardrop organized the assumption with a theoretical basis[14]. 

Wardrop’s principle is divided into two categories. Wardrop’s first principle is also 

called ‘User Equilibrium’. It means that the traffic cost of all routes used between 

origin-destination (O-D) in the traffic network is the same, and the state that is not 

greater than the traffic cost of other unused routes is in a equilibrium state. In other 

words, even if the users change the route, the traffic cost does not decrease, so it is 
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in a stable state. Wardrop’s second principle is called ‘System optimal’. The average 

travel time of each user is minimal; that is, the users cooperate with each other to 

make the whole system optimal. 

 

 User Equilibrium Program 

TAP is to find the volume of traffic flow that satisfies the User Equilibrium 

condition when all O-Ds are appropriately assigned. The formula is expressed as 

follows. 

min 𝑧(𝑥) = ∑ ∫ 𝑐𝑎(𝑤)𝑑𝑤
𝑥𝑎

0𝑎

                    (2.1) 

𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 ∑ 𝑓𝑘
𝑟𝑠 = 𝑞𝑟𝑠,   ∀𝑟, 𝑠

𝑘

 

𝑓𝑘
𝑟𝑠 ≥ 0, ∀𝑘, 𝑟, 𝑠 

where, 𝑥𝑎 is a flow of link 𝑎, 𝑐𝑎 is a traffic cost of link 𝑎, 𝑓𝑘
𝑟𝑠 is a flow of link 

𝑘 which is between origin 𝑟 and destination 𝑠, 𝑞𝑟𝑠 is a travel demand between 

origin 𝑟 and destination 𝑠. 

And the above TAP in the UE state is a convex optimization problem with linear 

constraints and was first generalized by Beckmann et al.[22]. Beckmann's functional 

formula proved to have a unique solution in Wardrop's equilibrium. The Lagrange 

multiplier and Kuhn-Tucker condition can verify this. The minimizing problem 

proposed by Beckmann can be solved using various traffic assignment techniques, 

and the Frank-Wolfe algorithm is a representative method[23]. The Frank-Wolfe 

algorithm proposed by Frank and Wolfe is well known as the Reduced gradient 
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method. The Frank-Wolfe algorithm derives a stable objective function until it 

satisfies the convergence condition by using the convex combination method in the 

process of improving the objective function value from the initial solution. The 

reduced gradient method finds a feasible solution with a linear constraint. If a 

solution exists, then the step of decreasing the negative gradation direction is applied 

through the iterative process. That is, the convex combination method consists of 

finding a direction that minimizes the objective function as much as possible and 

determining an optimal movement size in that direction. Since the FW algorithm is 

not a proposed algorithm to derive a fast and refined solution, many strategies have 

been developed to improve it. Parallel tangent algorithm[24], the aggregated 

simplicial decomposition algorithm[25], and the conjugate Frank-Wolfe 

algorithm[26] are well known meanwhile. 

 

 System Optimization Program 

In the whole transportation system, the problem of minimizing traffic costs can be 

expressed as follows mathematically. 

min �̃� = ∑ 𝑐𝑎𝑥𝑎

𝑎

= ∑ ∫ [𝑐𝑎(𝑤) + 𝑤
𝛿𝑐𝑎

𝛿𝑥𝑎
]𝑑𝑤

𝑥𝑎

0𝑎

       (2.2) 

𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜  ∑ 𝑓𝑘
𝑟𝑠 = 𝑞𝑟𝑠,   ∀𝑟, 𝑠

𝑘

 

𝑓𝑘
𝑟𝑠 ≥ 0, ∀𝑘, 𝑟, 𝑠 

Although system optimization (SO) states is useful for the whole system, it 

requires individual sacrifice. In the traffic network, since the convenience of the user 
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is still the top priority, SO can be said to be ideal and not realistic. 

 

 Nash Equilibrium 

The concept of Wardrop equilibrium is related to the idea of Nash equilibrium. 

The difference is that there are a large number of players in the traffic assign problem 

with Wardrop equilibrium. The UE principle of Wardrop is a representative example 

of Nash's non-cooperative game[27]. Since Dafermos et al. first described the 

relationship between them[28], Rosenthal proved that Wardrop equilibrium and 

Nash equilibrium is equal when traffic is continuous[29].  

In this regard, Altman et al. explained the relationship between Wardrop 

equilibrium and Nash equilibrium[30]. First, Wardrop equilibrium can be expressed 

as follows with the variational inequality suggested by Smith[31]. 

𝐶𝑖(𝑥∗)𝑇(𝑥𝑖
∗ − 𝑥𝑖) ≤ 0                       (2.3) 

where 𝑥 is a vector of traffic flow (𝑥 = ∑ 𝑥𝑖
𝐼
𝑖=1 ), 𝑥𝑖 is a traffic flow of user class 

𝑖  (𝑖 = 1, 2, … , 𝐼) , 𝑥∗  is a vector of traffic flow on equilibrium state, 𝑐(𝑥∗ ) is a 

vector of cost on a link. 

On the other hand, the Nash equilibrium satisfies the following condition. 

∑ 𝑥𝑖𝑙
∗ 𝑐(𝑥𝑖𝑙

∗ , 𝑥≠𝑖𝑙
∗ ) ≤

𝑙∈𝑅𝑖

∑ 𝑥𝑖𝑙𝑐(𝑥𝑖𝑙 , 𝑥≠𝑖𝑙
∗ )

𝑙∈𝑅𝑖

 ,             (2.4) 

for 𝑖 = 1, 2, … , 𝐼. Where 𝑅𝑖 is a set of links that belongs to class 𝑖. Eqn. 2.4 can be 

rewritten as follows, 
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∑ 𝑥𝑖𝑙
∗ 𝑐(𝑥𝑖𝑙

∗ , 𝑥≠𝑖𝑙
∗ ) −

𝑙∈𝑅𝑖

∑ 𝑥𝑖𝑙𝑐(𝑥𝑖𝑙 , 𝑥≠𝑖𝑙
∗ )

𝑙∈𝑅𝑖

≤ 0.            (2.5) 

In the case, as follows, 

𝑐(𝑥𝑖𝑙
∗ , 𝑥≠𝑖𝑙

∗ ) − 𝑐(𝑥𝑖𝑙 , 𝑥≠𝑖𝑙
∗ ) = 0                 (2.6) 

 Eqn. 2.5 can be arranged as, 

∑(𝑥𝑖𝑙
∗ − 𝑥𝑖𝑙) 𝑐(𝑥𝑖𝑙

∗ , 𝑥≠𝑖𝑙
∗ ) ≤ 0

𝑙∈𝑅𝑖

                (2.7) 

This equation is equal to Wardrop’s variational inequality (Eqn. 2.3). That is, Nash 

equilibrium and Wardrop equilibrium become identical conditions when the 

additional user's cost is 0 like Eqn. 2.6. As the number of users increases and the user 

cost equals the cost of equilibrium state (i.e., there are no further cost changes), the 

equilibrium of Wardrop and Wardrop is the same[32]. 

 

 Solution for Use Equilibrium Traffic Assignment Problem  

For resolving the TAP on UE state (UE-TAP), it can be representatively selected 

as three methods according to the unit of traffic assignment. The first method is Link-

Based Assignment (LBA), which uses the Frank-Wolfe algorithm mentioned above. 

Since all paths are connected to each link, the path can be divided into link units. 

This method can draw the only optimal solution for UE-TAP but has the 

disadvantage that the path constituting the O-D is not easily known. 

 Differently, there are Path-Based Algorithm (PBA) and Origin-Based 

Assignment (OBA). PBA is a method of estimating the traffic flow volume that 

makes the UE state that the travel time of routes between the same O-D became 
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equal value by searching all routes as possible. Typical algorithm to solve PBA is the 

Gradient Projection (GP) Algorithm presented by Jayakrishnan, R et al. [33]. 

However, it is known that PBA requires much memory because it needs to store 

routes by all O-D, and above all, the result is optimal, but the routes solution for the 

optimal state is not unique[34]. Nevertheless, since it is possible to obtain the paths 

for each O-D that is difficult to understand by the existing method, it has an essential 

meaning in solving the TAP itself. 

OBA was proposed by Bar-Gera[35], and this model creates an acyclic network 

(Bush) that travels to all endpoints and searches based on Bush. This approach is a 

technique to assign the traffic volume so that the traffic cost of the two paths is the 

same by searching for the maximum and minimum paths that can reach one endpoint 

in the Bush. 

 

 

2.1.2. Dynamic Traffic Assignment (DTA) 

As mentioned earlier, the problem of TAP is studied as a step in macro transport 

planning. So it is studied based on macro traffic data and modeling from hours to 

days and months. Therefore, the demand by O-D is investigated based on surveys, 

statistical figures, and others. And it is appropriate to assume a static equilibrium 

with the traffic assignment being steady state because of the long time interval. Since 

people's schedules tend to be repeated daily, such as commuting, many studies use 

the day-level demand of O-D as the O-D is often investigated daily. 

However, Dynamic Traffic Assessment (DTA), which applies theories of flow 

dynamics, is used for detailed analysis of peak hour volume such as commuting time 
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or for research to optimize traffic signal[36]. Theoretical approaches to solve DTA 

problems include the Cell Transmission Model (CTM), Link Transmission Model 

(LTM), and Dynamic Link Performance Function[37]–[41]. Figure 2.1 represents a 

comparison of Flow Space-Time contour plot between 2 algorithm models for 

DTA[5] 

 

 

Figure 2.1. Comparison of Flow Space-Time contour plot between AuroraRNM and TOM-

CTM when two models have identical traffic load[5]. 

 

Although DTA is currently being applied to traffic simulators and ongoing 

research, since it is common to use flow dynamics, complicated connections between 

links result in a rapid increase in the computing cost to solve the problem. For this 

reason, traffic simulators such as VISSIM, which is a commercial program from PTV 

Group (London, United Kingdom), include simulations of vehicles using DTA and 

take a long time to simulate all vehicles in the network. 
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2.1.3. Volume-Delay Function (VDF) 

Among the methods for calculating the travel time of vehicles in a link, a function 

that takes the traffic flow as a variable is called Volume-Delay Function (VDF). The 

most commonly used VDF is the BPR equation, which was developed by the Bureau 

of Public Roads in the United States[42], Ministry of Land, Infrastructure, and 

Transport in Korea also adopted for traffic evaluation for decades[43]. 

Usually, the parameter 𝛼  (alpha), 𝛽  (beta) values are used with 0.15, and 4 

applied, and the parameter values are modified according to the characteristics of the 

roads. The parameter index for the BPR equation in Korea Transport Data Base 

(KTDB) is in Table 2.1. 

 

𝑇 = 𝑡0 × (1 + 𝛼 (
𝑣

𝑐
)

𝛽

)                 (2.8) 

 

Roads can be divided into several purposes: urban, city, highway, extra, etc. The 

two types of roads used in this study were divided into urban where vehicles drive 

the maximum 50km/h with traffic lights and highway which are high-speed but no 

traffic lights 
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Table 2.1. KTDB VDF parameter index 

Range 𝐕𝟎(km/h) 
Capacity 

(veh/h) 
𝜶 𝜷 

Highway 

Under two-lane 101 1,700 0.55 2.60 

Under two-lane 121 1,900 0.48 2.50 

Under two-lane 98 1,700 0.50 2.40 

Under two-lane 92 1,900 0.42 2.30 

Multilane 

Route 

one-lane 72 680 0.85 2.85 

Over two-lane 90 1,300 0.70 2.20 

one-lane 70 650 0.86 2.75 

Over two-lane 86 1,200 0.73 2.10 

one-lane 68 630 0.87 2.60 

Over two-lane 84 1,100 0.76 2.00 

one-lane 66 600 0.88 2.40 

Over two-lane 82 950 0.78 1.90 

one-lane 65 580 0.89 2.25 

Over two-lane 80 800 0.80 2.80 

one-lane 62 550 0.89 2.15 

Over two-lane 75 780 0.82 1.75 

 

However, since the BPR equation has a problem of rapidly increasing time delay 

due to a high congestion level in traffic, other VDF like modified BPR, Conical 

equations have been developed [44], [45]. And BPR equation is useful to 

uninterrupted flow, which is traffic flow on roads without a traffic light, but that it is 

not suitable for interrupted flow, which is traffic flow on roads with traffic lights.  

For supplementing for this weakness, more detailed models have been developed 

for intersections with traffic lights. The HCM2000 equation is presented in 2000 

from the United States. That has been studied many times and is used in Korea [46]–
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[48]. The HCM2000equation is divided into three parts: uniform control delay, 

essential delay, and initial queue delay, and is below Eqn. 2.9 ~ 2.12. 

𝑑 = 𝑑1 × 𝑃𝐹 + 𝑑2 + 𝑑3                  (2.9) 

𝑑1 =
0.5𝑐 (1 −

𝑔
𝑐

)
2

1 − [𝑚𝑖𝑛 (1, 𝑥)
𝑔
𝑐]

                (2.10) 

𝑑2 = 900𝑇 [(𝑥 − 1) + √(𝑥 − 1)2 +
8𝑘𝐼𝑥

𝐶𝑇
]         (2.11) 

𝑑3 =
1800𝑄𝑏(1 + 𝑈)𝑡

𝑐𝑇
               (2.12) 

Compared to Webster's delay calculation, which was used earlier than HCM2000 

to interrupted flow, the HCM2000 equation is more realistic because it does not 

infinitely diverge even when congestion is converging. 

 

 

 

2.2. Vehicle Fuel Consumption 

Predicting vehicle fuel consumption tends to result in low accuracy compared to 

predicting travel time, which is the most commonly used as a function of optimized 

traffic. Therefore, assuming with all the road conditions in advance, there are studies 

to calculate the energy consumption. Ravi Shankar et al. used GPS data from EVs 

and PHEVs and the communion index on the road to predict energy consumption[49]. 

As mentioned earlier, fuel consumption varies depending on power sources, but 
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drivers' behavior also has a reasonably significant impact[50]–[52], and in the case 

of hybrid cars, the internal power distribution algorithm can significantly influence 

fuel economy[53]–[55]. 

 

 

2.2.1. Tendency Based on Driving Cycle 

Although absolute consumption depends on driving speed, fuel consumption also 

varies significantly by the tendency of the driving cycle, according to Kyoung-ho An 

et al.[6]. 

 

 

Figure 2.2. Origin-Destination estimation of study for fuel consumption[6] 

 

When driving divided into two types of lanes, the result was a 23 percent reduction 

in energy on the arterial route, despite a 17 percent increase in travel time contrast 
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with highway route. This study is the result of vehicles with internal combustion 

engines as a power source. The effects of the driving cycle was proved clearly in the 

various simulators in their other study[56]. 

Larsson et al. proposed an energy management system using the commuter's 

iterative commuting schedule. Rather than searching and storing all routes on the 

map, the clustering algorithm using the centroid of each route was applied to the 

system compared with the rule base strategy[57]. 

 

 

2.2.2. Tendency Based on Powertrain 

Studies have also been conducted until recently to predict fuel consumption by the 

power source. Almer at al. evaluated the importance of weight factors in the 

prediction of fuel consumption through machine learning technology and statistical 

analysis[58]. However, despite the short interval for 10 minutes, the predicted error 

reached 13 to 25 percent, showing the limitation of the fuel consumption prediction. 

Meanwhile, detailed data from a new type of vehicle such as Plug-in hybrid 

vehicle (PHEV) and FCEV were also obtained by an automobile company. With this 

data, many studies were also conducted on optimal management to reduce the energy 

consumption of the dual power sources. Daniel developed using Markov Chain and 

Stochastic Dynamic Programming (SDP) to construct an optimal solution that 

includes weight points[59]. 

Recently, Fiori et al. studied fuel consuming differences between EVs and ICEVs 

according to route selection using commercial vehicle simulators[60]. And they 

developed them to represent a generalized tendency of fuel consumption[7]. In the 
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study, the simulator itself proved to be more than a 4% error with a real driving test. 

And it visually showed the difference in the propensity of EVs and ICEVs according 

to the average speed, as shown in Figure 2.3. 

 

Figure 2.3. Specific fuel consumption depends on EVs and ICEVs[7] 

 

However, the above studies are limited to the characteristics of a single-unit 

vehicle, limiting its expansion to a large number of vehicles in the traffic network. 



 

 ２４ 

 

2.3. Vehicle Specific Power (VSP) 

Vehicle Special Power (VSP) is a concept for the general application of the 

specific power required when driving a vehicle. It can be used to study the power 

required for driving by dividing the required power by mass, one of the 

characteristics of the vehicle. Meanwhile, Rakha et al. developed the Virginia Tech 

Compensational Power-based Fuel Consumption Model (VT-CPFM) with 

calibration of fuel consumption, such as Figure 2.4.  [8], Park et al. also contributed 

to the Light-Duty Vehicles (LDVs) validation of this model[61]. Wang and Rakha 

also validate the VT-CPFM about the diesel and hybrid bus with research[62]. 

 

 

Figure 2.4. Typical power versus fuel consumption functional form[8] 
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Summarizing the time of VT-CPFM proposed by Rakha, the fuel consensus model, 

𝐹𝐶(𝑡), is as shown in Eqn. 2.13 below. 

𝐹𝐶(𝑡) = {
𝛼0 + 𝛼1𝑃(𝑡) + 𝛼2𝑃(𝑡)2,      ∀ 𝑃(𝑡) ≥ 0 

𝛼0                 ,      ∀ 𝑃(𝑡) < 0
        (2.13) 

𝑃(𝑡) = (𝑚𝑎(𝑡) + 𝑚𝑔
𝐶𝑟

1000
(𝑐1𝑣(𝑡) + 𝑐2) + 0.5𝜌𝑎𝐴𝑓𝐶𝐷𝑣2(𝑡) + 𝑚𝑔      

∙ tan (𝜃))
𝑣(𝑡)

1000𝜂𝑑
                                 (2.14) 

where, 𝛼2, 𝛼1, 𝛼0  are parameters depends on vehicle, 𝑃(𝑡)  is vehicle power on 

time 𝑡, 𝑚 is the vehicle mass in 𝑘𝑔, 𝑎 is the acceleration, 𝑔 is the gravitational 

acceleration, 𝜃 is the road grade angle, 𝐶𝑟 , 𝑐1 𝑎𝑛𝑑 𝑐2 are rolling coefficients, 𝑣 

is the vehicle speed, 𝜌𝑎 is the air density, 𝐴𝑓 is the frontal area, 𝐶𝐷 is the drag 

coefficient, and 𝜂𝑑 is the efficiency of driveline. 

Wang et al. proposed revision separating aero-dynamic term in the model to apply 

the VSP to other types of vehicles generally[63]. It was proposed to calculate fuel 

consumption in real-time when driving on roads in the transportation network, even 

if it is not assumed to be the same vehicle. Because the VT-CPFM is a backward 

simulator, fuel consumption could be obtained by excluding the driver model and 

deriving the relationship with the required output. By calculating the optimal path 

based on pre-calculated fuel consumption, it has reduced energy consumption by up 

to about 15 percent compared to conventional algorithms. 

In a fuel consumption prediction study using a VSP, it has a problem to apply the 

VSP directly for Hybrid Electric Vehicle (HEV). Because in the case of HEVs, the 

strategy of distributing the output from the two power sources on the power train has 
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a significant impact on fuel economy. 

Thus Duarte estimated fuel efficiency by considering the power train of the HEV 

as a 'black box'. This approach is supported by the fact that totally only liquid fuel 

can be the external energy source without electricity. So fuel consumption for travel 

tends to be average value[64]. 

 

 

 

2.4. Route Guidance System 

The research field about the route guidance system has also been studied with 

various perspectives as developed with a patent. Now, almost all cars are equipped 

with navigation system[65]. Many researchers studied to improve the traffic 

environment in addition to the proposed route to the destination of individual 

vehicles. Especially, Vehicle-to-Vehicle (V2V), Vehicle-to-Infrastructure (V2I) 

communication, and Vehicle Infrastructure Integration (VII) has been initiated by the 

U.S. Department of Transportation[66], [67]. Joyoung Lee et al. added an incident 

condition to the route guidance system to improve the traffic environment using VII. 

In addition, the benefit was evaluated according to each result, including guidance 

strategy, market penetration, compliance rate, congestion levels, and update 

interval[68]. Yildirimoglu et al. divided a wide range of traffic networks into sub-

regions as Figure 2.5 to predict traffic acuity over time. Based on this approach, a 

dynamic traffic model was analyzed with Model Prediction Control (MPC) 

algorithm[9]. 
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Figure 2.5. Schematic of a multi-region urban network, consisting of 7 regions each with 7 

sub-regions[9] 

 

 

2.4.1. Optimal Routing System Based on Fuel Economy 

The purpose of navigation, which is currently used by many drivers driving 

vehicles, is reducing the travel time. In general, the minimum travel time may 

correspond to the minimum energy consumption, but this may not be the case 

because of the different road characteristics and conditions. Therefore, although not 

widely applied at present, much research has been done for the optimal routing 

system to the fuel economy. 

Vreeswijk et al. proposed an optimized navigating system, 'eCoMove', in a variety 
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of traffic networks for a single-vehicle. This system reduced energy consumption by 

about 20% based on environmental factors such as vehicle speed, traffic light cycle 

and capacity, and communication technology of V2V and V2I[69]. 

Rami et al. focused on the fact that Dijkstra's algorithm, previously widely known 

as the way to find the shortest path, cannot find the optimal path for EVs that generate 

regenerative braking. They presented algorithms using Ant Colony Optimization 

(ACO) and Particle Swarm Optimization (PSO) based on the Bellman-Ford 

algorithm to optimize the path where negative energy consumption occurs[70].  
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Chapter 3. Target Model Development 

 

In this study, I use a simulation to verify the proposed algorithm using a 

commercial program. The modeling of vehicles is constructed in MATLAB and 

Simulink, which are a commercial program from Mathworks (Natick, Massachusetts, 

USA). This chapter describes the process of developing vehicle models and 

calibration for energy consumption. 

 

 

3.1. Vehicle Model Development 

The Vehicle Models to Simulated in this study consists of 7 types depends on its 

characteristics. First of all, since the main element of this study is the power train 

that consumes energy, power sources are divided into four categories; gasoline, 

diesel, electricity, hydrogen gas. And based on the power train that carries the power 

sources above, I divided it into four categories: Internal Combustion Engine Vehicle 

(ICEV), Hybrid Electric Vehicle (HEV), Electric Vehicle (EV), and Fuel Cell 

Electric Vehicle (FCEV). Because the weight of the vehicle and the hybrid system 

have a significant impact on fuel consumption, the Sport Utility Vehicle (SUV) and 

Micro-Hybrid Vehicle were added as vehicle models. As a result, a total of seven 

target vehicles that can be driven in the traffic network were constructed, and the 

vehicle model corresponding to its characteristics was imported from the commercial 
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simulator Autonomie. 

Autonomie is a vehicle forward simulator developed by the Argonne National 

Laboratory in the United States, which contains detailed data that the data of the 

actual vehicle. The vehicle data in Autonomie is validated based on the Advanced 

Powertrain Research Facility(APRF) dynamometer test by Argonne national 

laboratory. Many studies have also been conducted using Autonomy data[71]–[74].  

 

Figure 3.1. Autonomie Program 

The characteristics of the model used in this study among the vehicle models 

developed in Autonomy are summarized as follows. 

 3 vehicle models with an internal combustion engine(gasoline and diesel) 

 2 vehicle models with motor-gasoline engine hybrid powertrain 

 1 vehicle model with pure-electric motor and battery 

 1 vehicle model with fuel cell and battery hybrid 

The above seven vehicle models are simulated by applying the VSP, so if you 

summarize the parameters for the VSP application, it is shown in Table 3.1. 
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Table 3.1. The specification of the vehicle models 

No Power train Chassis Transmission Mass Area*Drag 

1 Gasoline engine Midsize SUV 6-speed auto 1897 1.0752 

2 Gasoline engine Midsize sedan 6-speed auto 1587 0.7377 

3 Diesel engine Midsize sedan 6-speed auto 1647 0.7377 

4 Parallel hybrid Midsize sedan 6-speed auto 1700 0.6753 

5 Micro hybrid Midsize sedan 6-speed auto 1587 0.7377 

6 Electric Midsize sedan 2-speed auto 2120 0.7377 

7 Fuel cell, electric Midsize sedan 2-speed auto 1760 0.6753 

 

Commonly, vehicle simulations can be divided into forward simulations and 

backward simulations. Forward simulation is a simulation that sets the driver's model 

to control the vehicle in a given driving cycle and simulates the actual vehicle as 

much as possible. Although the analysis accuracy of the simulation is high, the driver 

model has a significant impact on the simulation, and the time and calculation costs 

for the simulation are rapidly increased. The backward simulation calculates the 

required output from the power source by direct driving cycle by time step. Therefore, 

the driver model cannot be involved, and ideally, the vehicle moves in the driving 

cycle. Therefore, it is suitable to reflect the optimal control strategy with the driving 

cycle as a variable. However, because it is unrealistic, there is quite a significant 

difference in the result value from the actual vehicle. 
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In this study, a single-vehicle simulation consisted of forward simulation. Because 

accurate simulation results are needed in the step of calibrating the energy 

consumption, the forward simulation is adapted. And forward simulation is the way 

to reflect the vehicle data and operation strategy of Autonomie as much as possible. 

 

 

 

3.2. Fuel Consumption Trend Depends on Vehicle Model 

It is also necessary to identify the vehicle model to be used in this study, as the 

fuel consumption tendency for each vehicle model in the relevant prior study showed 

different results. For this purpose, each vehicle model drove at a constant cruising 

speed, and the result was summarized in Figure 3.2. 

Figure 3.2. show the rapid change in fuel consumption by the transmission of each 

vehicle model and the tendency of fuel consumption in the high-speed section from 

low speed to high speed. Comparatively, ICEVs have low fuel economy in low-speed 

and high fuel economy in high-speed. HEVs show little difference by speed, and 

EVs have seen a significant increase in electricity usage at high speeds. 
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Figure 3.2. Fuel consumption in cruising 

 

This study also simulated typical driving cycles for reflecting road-specific 

characteristics in the transportation network. The results of the HWFET cycle 

representing the highway route and UDDS(FTP-72) representing the Urban route 

were compared to Figure 3.3. 
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Figure 3.3. Fuel consumption in HWFET cycle and UDDS cycle 

 

These results clearly show that ICEVs tend to consume relatively large amounts 

of fuel in urban routes, and there is little difference in HEV, EV, and FCEV, which 

can use regenerative braking. It can also be seen that the micro-hybrid vehicle 

(Vehicle No: 5), which has less max power for regenerative braking relatively small-

size generator, shows a moderate difference. Therefore, the motivation of this study, 

which performs power train based optimization, can be confirmed once again. 
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3.3. Introduction of Vehicle Specific Power 

Chapter 2 introduced Vehicle Special Power (VSP) and related studies. The 

concept of VSP is a formalism used in the evaluation of vehicle emissions. The idea 

was first developed by J. L. Jiménez[75] at the Massachusetts Institute of Technology. 

Theoretically, it is the sum of the loads resulting from aerodynamic drag, 

acceleration, rolling resistance, and hill-climbing, all divided by the mass of the 

vehicle. 

 

𝑉𝑆𝑃 =
𝑝𝑜𝑤𝑒𝑟

𝑚𝑎𝑠𝑠

=

𝑑
𝑑𝑡

(𝐸𝑘𝑖𝑛𝑒𝑡𝑖𝑐 + 𝐸𝑝𝑜𝑡𝑒𝑛𝑡𝑖𝑎𝑙) + 𝐹𝑟𝑜𝑙𝑙 ∙ 𝑣 + 𝐹𝑎𝑒𝑟𝑜 ∙ 𝑣 + 𝐹𝑖𝑛𝑡𝑒𝑟𝑛𝑎𝑙 ∙ 𝑣

𝑚
  (3.1) 

 

Eqn. 2.13 and 2.14, which is for calculating fuel consumption proposed by Rakha 

et al. is derived from Eqn. 3.1. Also, Fiori et al. extended the VT-CPFM, developed 

by Rakha et al., to develop an energy consumption model for EV[76]. 

 

𝐸𝐶(𝑡) = {

𝑃(𝑡)

𝜂𝐸𝑀
  ,               ∀ 𝑃(𝑡) ≥ 0 

𝑃(𝑡) × 𝜂𝑟𝑒(𝑡)   ,      ∀ 𝑃(𝑡) < 0

   (3.2) 

where 𝜂𝐸𝑀 is the efficiency of the electric motor, 𝜂𝑟𝑒 is the regenerative efficiency. 
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3.4. Calibration of VSP Parameters 

In this study, it is preceded by the calculation of the fuel and electricity 

consumption using the VSP. To this approach, the VT-CPFM mentioned above by 

Rakha et al. and VT-CPEM by Fiori et al. are imported[8], [61]. 

Since the study was conducted based on backward simulation, calibration using 

forward simulation results is required to be applied to this study. The parameters 

required in Eqn. 2.13, 2.14, and 3.2 for energy consumption are 𝑎0, 𝑎1, 𝑎2, 𝜂𝐸𝑀 , 𝜂𝑟𝑒. 

For deriving these parameters, Least Square Method (LSM) was used in this study. 

LSM is mainly used when approximates the distribution of a point as a straight line 

or curve. It can calculate 𝑓(𝑥) which minimize the sum of residual 𝑟𝑖, 

∑ 𝑟𝑖
2

𝑛

𝑖=1

= ∑(𝑦𝑖 − 𝑓(𝑥𝑖))
2

𝑛

𝑖=1

.                (3.3) 

Eqn. 2.13 can be written as with equations 1,  2,  … ,  𝑛, 

(
1 𝑃1(𝑡) 𝑃1(𝑡)2

⋮ ⋮ ⋮
1 𝑃𝑛(𝑡) 𝑃𝑛(𝑡)2

) (

𝛼2

𝛼1

𝛼0

) = (

𝑦1

⋮
𝑦𝑛

) ,      𝐴𝑋 = 𝐵,         (3.4) 

where 𝑃1(𝑡), 𝑃2(𝑡), ..., 𝑃𝑛(𝑡)  mean required power from the vehicle at different 

times. This equation can be solved by pseudo-inverse quickly from LSM. 

𝑋 = 𝑝𝑖𝑛𝑣(𝐴)𝐵 = (𝐴𝑇𝐴)−1𝐴𝑇𝐵                (3.5) 

𝑋𝑇 = (𝛼2,  𝛼1,  𝛼0)                     (3.6) 
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For VSP parameter calibration, the fuel rate (electric power rate) should be 

simulated on the driving cycle, which merges low and high speed. Well-known 

representing 11 cycles is connected as an ‘Integrated driving cycle’. 

 

Figure 3.4. VSP parameter calibration 

 

By applying forward simulation, the overall calibration results were different from 

previous Wang’s studies. In the case of hybrid vehicles, the control strategy cannot 

be adequately predicted. Therefore, based on Duarte's research, the power train of 

HEV was 'black box' and Eqn. 2.13 ( ∀ 𝑃(𝑡) ≥ 0)  of ICEV and Eqn. 3.2 

( ∀ 𝑃(𝑡) < 0)  were applied[64]. And exchange factor 𝛽  is calculated with 

iterative simulation to replace the discarding rate of the HEV with a fuel rate. Except 

87% accuracy of parallel hybrid vehicle, other vehicles calibrating accuracy is more 

than 90%, including micro-hybrid vehicles. And for energy optimization, economic 

exchange factor should be set because 3 types of fuel used. Although fuel price is 
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always changed especially recent time, fuel price is set as below (from Autonomie) 

0.135 $/kWh (electricity), 3 $/gallon (gasoline), 2.4 $/gallon (diesel), 14 $/kg 

(hydrogen). The calibration results in Table 3.2 below. 

Table 3.2. The specification of the vehicle models (𝑪𝒓 = 1.75 𝐜𝟏=0.0328, 𝐜𝟐=4.575) 

No 𝜶𝟐 𝜶𝟏 𝜶𝟎 𝜼𝑬𝑴 𝜼𝒓𝒆 𝜶 𝜷 

1 -2.06E-07 7.96E-05 0.000164 - - - - 

2 -6.26E-08 7.69E-05 0.000119 - - - - 

3 -4.26E-08 6.11E-05 0.000151 - - - - 

4 -4.53E-07 7.61E-05 3.03E-06 - 75% 0.0411 7.2e-6 

5 2.33E-07 6.02E-05 0.000284 - 75% 0.0411 7.0e-6 

6 - - - 81% 75% 0.0411 - 

7 -3.02E-09 1.69E-05 0.00001919 - 75% 0.0411  

 

 

3.5. Regression of VSP Variables 

In the aforementioned Wang's study, he refines the VSP for the eco-routing of 

different vehicle models in the traffic network. Equations for existing energy 

consensus, Eqn. 2.8 and 3.2, can be expressed as follows using the 𝑉𝑆𝑃(𝑡) =

𝑃(𝑡)

𝑚/1000
 [63]. 

𝐹𝐶(𝑡) = {
𝛼0 + 𝛼1

𝑚

1000
𝑉𝑆𝑃(𝑡) + 𝛼2 (

𝑚

1000
𝑉𝑆𝑃(𝑡))

2

,   ∀ 𝑃(𝑡) ≥ 0 

𝛼0                                  ,    ∀ 𝑃(𝑡) < 0

  (3.7) 

𝐸𝐶(𝑡) = {

𝑚

1000

𝑉𝑆𝑃(𝑡)

𝜂𝐸𝑀
  ,         ∀ 𝑃(𝑡) ≥ 0                   

𝑚

1000
𝑉𝑆𝑃(𝑡)𝜂𝑟𝑒(𝑡)   ,   ∀ 𝑃(𝑡) < 0                   

  (3.8) 
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Eqn. 3.7 and 3.8 estimate energy consumption rate at time 𝑡 . 𝐹𝐶𝑙  and 𝐸𝐶𝑙 , 

which means energy consumption during at road link 𝑙 can be written as follows by 

numerical aggregation, 

 

𝐹𝐶𝑙 = 𝑇 × 𝛼0 + 𝛼0

𝑚

1000
∑ 𝑉𝑆𝑃(+)(𝑡) + 𝛼0 (

𝑚

1000
)

2

∑ 𝑉𝑆𝑃2(+)(𝑡)

𝑡𝑡

    (3.9) 

ECl =
𝑚

1000𝜂𝐸𝑀
(∑ 𝑉𝑆𝑃(+)(𝑡)

𝑡

) +
𝑚

1000
∑ ((𝑉𝑆𝑃(−)(𝑡) × 𝜂𝑟𝑒(𝑡)))

𝑡

   (3.10) 

where 𝑇 is the travel time at road link 𝑙, 𝑉𝑆𝑃(+) and 𝑉𝑆𝑃(−) are the positive and 

negative vehicle specific powers. 

 

 

3.5.1. VSP Variables from General Vehicles 

However, Wang et al. said the three variable, which consists of Eqn. 3.9 and 3.10, 

𝑉𝑆𝑃(+)(𝑡). 𝑉𝑆𝑃2(+)(𝑡), and (𝑉𝑆𝑃(−)(𝑡) × 𝜂𝑟𝑒(𝑡)) except travel time 𝑇, produce 

significant errors by different vehicle specifications. Since the errors occurred due to 

the influence of aerodynamic resistance term in Eqn. 2.14, 0.5𝜌𝑎𝐴𝑓𝐶𝐷𝑣2(𝑡) ×

𝑣(𝑡)

1000𝜂𝑑
 in the equation, this factor was calculated separately. 

 

𝑉𝑆𝑃(𝑡) = 𝑉𝑆𝑃𝑟𝑔𝑎(𝑡) + 0.5
𝜌𝑎

𝜂𝑑

𝐴𝑓𝐶𝐷

𝑚
∙ 𝑣3(𝑡)            (3.11) 
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Substituting 𝑉𝑆𝑃(𝑡) in Eqn. 3.9 and 3.10 as 𝑉𝑆𝑃𝑟𝑔𝑎(𝑡) in Eqn. 3.11 with model 

variable 𝑝 results below equations 

𝐹𝐶𝑙,𝑝 = 𝑇𝑙 × 𝛼0,𝑝 + 𝛼1,𝑝

𝑚𝑝

1000
[(∑ 𝑉𝑆𝑃𝑟𝑔𝑎

(+)(𝑡)

𝑡

)

𝑙

+ 0.5
𝜌𝑎

𝜂𝑑

𝐴𝑓,𝑝𝐶𝐷,𝑝

𝑚𝑝

∙ (∑ 𝑣3(𝑡)(+)

𝑡

)

𝑙

]

+ 𝛼2,𝑝 (
𝑚𝑝

1000
)

2

[(∑ 𝑉𝑆𝑃𝑟𝑔𝑎
2(+)

𝑡

(𝑡))

𝑙

+ (0.5
𝜌𝑎

𝜂𝑑

𝐴𝑓,𝑝𝐶𝐷,𝑝

𝑚𝑝

)

2

∙ (∑ 𝑣6(𝑡)(+)

𝑡

)

𝑙

+
𝜌𝑎

𝜂𝑑

𝐴𝑓,𝑝𝐶𝐷,𝑝

𝑚𝑝

∙ (∑(𝑉𝑆𝑃𝑟𝑔𝑎
(+)

𝑡

(𝑡) ∙ 𝑣3(𝑡)(+))

𝑙

]  (3.12) 

𝐸𝐶𝑙,𝑝 =
𝑚𝑝

1000𝜂𝐸𝑀

[(∑ 𝑉𝑆𝑃𝑟𝑔𝑎
(+)(𝑡)

𝑡

)

𝑙

+ 0.5
𝜌𝑎

𝜂𝑑

𝐴𝑓,𝑝𝐶𝐷,𝑝

𝑚𝑝

∙ (∑ 𝑣3(𝑡)(+)

𝑡

)

𝑙

]

+
𝑚𝑝

1000
[(∑(𝑉𝑆𝑃𝑟𝑔𝑎

(−)(𝑡) ∙ 𝜂𝑟𝑒(𝑡))

𝑡

)

𝑙

+ 0.5
𝜌𝑎

𝜂𝑑

𝐴𝑓,𝑝𝐶𝐷,𝑝

𝑚𝑝

∙ (∑(𝑣3(𝑡)(−) ∙ 𝜂𝑟𝑒(𝑡))

𝑡

)

𝑙

]                              (3.13) 

There are eight VSP variables( 𝑇𝑙  , ∑ 𝑉𝑆𝑃𝑟𝑔𝑎
(+)(𝑡)𝑡  , ∑ 𝑣3(𝑡)(+)

𝑡  , ∑ 𝑉𝑆𝑃𝑟𝑔𝑎
2(+)

𝑡 (𝑡) , 

𝑣6(𝑡)(+) , ∑ (𝑉𝑆𝑃𝑟𝑔𝑎
(+)

𝑡 (𝑡) ∙ 𝑣3(𝑡)(+) , ∑ (𝑉𝑆𝑃𝑟𝑔𝑎
(−)(𝑡) ∙ 𝜂𝑟𝑒(𝑡))𝑡  , and ∑ (𝑣3(𝑡)(−) ∙ 𝜂𝑟𝑒(𝑡))𝑡  ) 

on Eqn. 3.12 and 3.13 to enable the link cost factors for energy consumption.  

 

 

3.5.2. Regression of VSP Variables by Travel Time 

Although Eqn. 3.12, 3.13, and VSP variables can be used to solve the eco-routing 

problem by Wang et al., the system can calculate eco-route by only updated recent 
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information gathered by vehicles on a traffic network. On the other hand, this study 

requires future predictable VSP variables from link data based on TAP to calculate 

energy consumption shortly. That means VSP variables should be calculated by 

predicted data, not recent data from the traffic network. In the case of UE-TAP, which 

sets the cost of users in the transportation network to travel time, the average travel 

time of the link on each route can be calculated when the traffic volume is assigned. 

Therefore, if it is possible to estimate the VSP variables by inputting the travel time 

of each link, it is possible to infer the energy consumption. 

For this approach, the vehicle simulation proceeded on the road model. VISSIM, 

a widely used traffic simulator, is a commercial program from PTV Group (London, 

United Kingdom). VISSIM is specialized in micro traffic simulation that analyzes 

detailed data such as driving speed, lane change, and driver behavior of all vehicles 

in a small-size traffic network. 

 

 

(a) Micro-traffic simulator VISSIM 
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(b) Simulation for VSP variables regression 

Figure 3.5. Micro-traffic simulator VISSIM and the simulation using the simulator 

For each link that constitutes the transportation network, a 'regulation model' has 

been developed to allow the calculation of the VSP variable to reflect the driving 

results of more than 3,000 vehicles. By heuristic approach, the fifth polynomial was 

determined to be able to estimate the 'VSP variable' well, not overfit, and to establish 

convex purpose functions. Like the aforementioned 'calibration' process, Least 

Square Method (LSM) was used in the regression process. However, since the 

regression model was selected as the 5th-order polynomial function here, seven VSP 

variables 𝑒𝑙,𝑛, (𝑛 = 1,2, … ,7) of link 𝑙 can be expressed as follows except travel 

time 𝑇𝑙 of Eqn. 3.12 

𝑒𝑙,𝑛(𝑇) = 

𝛼𝑙,𝑛,5 ∙ 𝑇5 + 𝛼𝑙,𝑛,4 ∙ 𝑇4 + 𝛼𝑙,𝑛,3 ∙ 𝑇3 + 𝛼𝑙,𝑛,2 ∙ 𝑇2 + 𝛼𝑙,𝑛,1 ∙ 𝑇 + 𝛼𝑙,𝑛,0       (3.14) 

where 𝛼𝑙,𝑛,𝑘, (𝑘 = 0,1, … ,5) is regression parameters in link 𝑙, 𝑒𝑙,𝑛 is one of the 

VSP variables  

Examples of output of the regression model on the highway road and the urban 

road are as follows. 
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Figure 3.6. VSP variables, regressed VSP variables and fuel consumption on highway road 
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Figure 3.7. VSP variables, regressed VSP variables and fuel consumption on urban road 
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In the figure above, time travel is the ratio of travel time to the minimum travel 

time that passes through the link. As you can see in Figure 3.7, even if you make the 

regression model learn well, it is difficult to make accurate predictions because the 

scope of the VSP variable is broad. However, this is one of the critical issues in the 

study of traffic networks, and consequently, it is essential to make improvements in 

the performance of the traffic network system. While the VSP variable has a wide 

range, the accuracy of fuel consumption prediction can be said to be relatively high. 

Time proportion by minimum travel time on link is set under about 15. 
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Chapter 4. Traffic Assignment based on 

Energy Consumption  

 

4.1. Model for Static Traffic Assignment 

Before establishing the navigation system proposed in this study, the influence 

was analyzed through static traffic assignment based on energy consumption. For 

this purpose, the test network and the origin-destination (O-D) pairs of its network 

were set. As previously explained in the background, energy consumption-based 

traffic assignment can cause drivers to lose travel time due to energy advantage. 

Therefore, the UE state was first organized as a function of travel time. After that, 

energy optimization was performed for cases where the demand volume was divided 

by multiple paths. 

 

4.1.1. Sioux Falls Network 

Sioux Falls network is a sample data set which is widely used in traffic assignment 

with well-tested components. The network has various demands on O-D and road 

links with its capacity. Below is a picture of the specification, node, and link of Sioux 

Falls network used in the simulation. 

 Node = 24, Links = 72, O-D pairs with demand= 528 

 Total demand: 360,600 vehicles/day = 15,025 vehicles/hour 

 Normally congested network 
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A map and the demands of O-D pairs on the whole network are shown below. 

 

Figure 4.1. Sioux Falls network 

 

Figure 4.2. Origin-Destination demand of Sioux Falls network 
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Sioux Falls network is a data set for 1 day for static traffic assignment, with each 

O-D pair required one demand regardless of time. The total flow volume amount of 

528 demands is 36,600 vehicles. Similarly, data such as the capacity of the link are 

set based on 1 day. 

 

4.2. Gradient Projection (GP) Algorithm 

As mentioned earlier, the Gradient Projection (GP) algorithm is a solver to find 

the minimum value of the network cost, an objective function, through the UE-TAP 

based path algorithm. From xk  in feasible set, if the next step is (xk − gk) , the 

projection point of (xk − gk) to a feasible set can be the next optimum point, as 

shown in Figure 4.3[10].  

 

Figure 4.3. Diagram for Gradient Projection algorithm[10] 
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GP algorism applied to UE-TAP is repeated based on the shortest path and first 

derivative of cost for the demand of each O-D pair in each iterative calculation. In 

each iteration, traffic volume is calculated based on the difference between the travel 

costs of each route and the shortest route and the second derivative of the purpose 

function. 

These path calculation algorithms are techniques that apply constraints to 

conventional optimization methods without constraints such as the Steepest Descent 

Method or the Newton's Method[77]. 

As mentioned above, variables of Eqn. 2.1 that is the objective function of the UE 

state of Wardrop is modified as, 

𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒 𝑍(𝑓) = ∑ ∫ 𝑆𝑎(𝑥)𝑑𝑥
∑ 𝛿𝑝

𝑎𝑓𝑝𝑝

0𝑙

             (4.1) 

𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 ∑ 𝑓𝑝 = 𝑟𝑤, ∀𝑤 ∈ 𝑊

𝑝∈𝑃𝑤

 

𝑓𝑝 ≥ 0, ∀𝑤 ∈ 𝑊, 𝑝 ∈ 𝑃𝑤 

where 𝑊 is a set of O-D pairs, 𝑤 is an O-D pair, 𝑃𝑤 is a set of paths which are 

on O-D pair 𝑤, 𝑆𝑎 is the cost function, 𝛿𝑝
𝑎 is an index that is 1 if path 𝑝 includes 

link 𝑎 or 0, 𝑟𝑤 is flow volume between O-D pair 𝑤. 

In the UE-TAP, the traffic volume preservation constraint that the sum of the flow 

volume of the paths in each O-D pair is constant can be applied and expressed as 

follows. 

𝑍(𝑓) = 𝑍(𝑓1, 𝑓2, … , 𝑓�̅�𝑥
) = 𝑍 (𝑓1, 𝑓2, … , 𝑟𝑤 − ∑ 𝑓𝑝

𝑝∈𝑃𝑤,𝑝≠�̅�𝑤

) = 𝑍∗(𝑓)   (4.2) 
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where �̅�𝑥 is the shortest path between O-D pair 𝑤. 

Then, Eqn. 4.1 can be represented as below, 

𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒 𝑍∗(𝑓)                   (4.3) 

𝑓𝑝 ≥ 0, ∀𝑤 ∈ 𝑊, 𝑝 ∈ 𝑃𝑤 , 𝑝 ≠ �̅�𝑤 

Subsequently, input 𝑓 should be updated to apply the GP algorithm to the above 

purpose function. If this is expressed in an iterative expression, 𝑘-th updated flow 

volume at path 𝑝 can be expressed in Eqn. 4.4. 

𝑓𝑝
𝑘+1 = [𝑓𝑝

𝑘 − �̅�𝑑𝑝
𝑘]

+
                 (4.4) 

where �̅� is a step size, 𝑑𝑝
𝑘 is direction at 𝑘-th iteration of path 𝑝, [ ∙ ]+means 

‘projection’ on the plane ([ ∙ ] = 0) [78]. �̅� can be determined by a constant, which 

is generally known to be efficient in nonlinear problems [33], [79], [80]. 

The method of searching for the optimal solution of the GP algorithm in Eqn. 4.4 

is as follows. 

𝑓𝑝
𝑘+1 = [𝑓𝑝

𝑘 − �̅��̅�𝑝
−1

(𝑡𝑝
𝑘 − 𝑡�̅�𝑤

𝑘 )]
+

                 (4.5) 

where �̅�𝑝 is the second derivative (Hessian matrix) of the cost at path 𝑝, 𝑡𝑝
𝑘 is the 

cost at 𝑘-th iteration of path 𝑝, 𝑡�̅�𝑤

𝑘  at 𝑘-th iteration of the shortest path �̅�𝑤. 

�̅�𝑝 can be calculated considering the elements on the diagonal matrix as below. 

�̅�𝑝
𝑘

= ∑
𝜕𝑆𝑎

𝑘

𝜕𝑥𝑎
𝑘

𝑎∈𝐿𝑝

                      (4.6) 
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where 𝐿𝑝 is the set of link which belongs to only one path between path 𝑝 and the 

shortest path �̅�𝑤, 𝑥𝑎 is a flow volume on link 𝑎. 

And for the convergence test, the equation below is used with ε is usually about 

10−4. 

∑ ∑ 𝑎𝑏𝑠(min(𝑡�̅�𝑤

𝑘 ) − 𝑡𝑝
𝑘)/

𝑝∈𝑃𝑤

∑ ∑ 𝑡𝑝
𝑘

𝑝∈𝑃𝑤𝑤∈𝑊𝑤∈𝑊

< ε        (4.7) 

 

 

 

4.3. Distribution of Vehicles to Energy Optimization 

After carrying out the UE-TAP, a study was conducted to reduce energy 

consumption only when vehicles were distributed by vehicle type. As a result of 

solving UE-TAP through the GP algorithm, the steps for energy optimization were 

taken. 

 

 

4.3.1. Problem Formulation for Vehicle Distribution 

In the UE condition, the result of UE-TAP is that traffic flow on each link is a 

static variable by traffic flow. A simple example of problem formulation is shown 

below. 
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Figure 4.4. Example network for vehicle distribution 

There are a total of three paths available by one O-D. Assuming Figure 4.4 is the 

result of the UE-TAP, it can be said that each path a, b, and c has a traffic flow greater 

than zero. If there are 4 types of vehicles in the test network, 𝐴, 𝐵, 𝐶, and 𝐷, traffic 

flow 𝑋𝐴, 𝑋𝐵, 𝑋𝐶 , and 𝑋𝐷 can be written 

𝑋𝑡𝑜𝑡𝑎𝑙 = 𝑋𝑎 + 𝑋𝑏 + 𝑋𝑐 = ∑ 𝑋𝑖

𝑖∈𝑉𝑡𝑦𝑝𝑒𝑠

= ∑ ∑ 𝑥𝑖
𝑗

𝑗∈𝐸𝐿𝑖𝑛𝑘𝑖∈𝑉𝑡𝑦𝑝𝑒𝑠

       (4.8) 

𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 ∀𝑖 ∈ 𝑉𝑡𝑦𝑝𝑒𝑠 , ∀𝑖 ≥ 0 

∀𝑗 ∈ 𝐸𝐿𝑖𝑛𝑘 , ∀𝑗 ≥ 0 

where 𝑋𝑡𝑜𝑡𝑎𝑙 is a total traffic flow, 𝑉𝑡𝑦𝑝𝑒𝑠 is a set of vehicle types, 𝐸𝐿𝑖𝑛𝑘 is a set 

of links. Then objective function is written as 

min 𝑓(𝑥) = ∑ ∑ 𝐶𝑖
𝑗

𝑗∈𝐸𝐿𝑖𝑛𝑘𝑖∈𝑉𝑡𝑦𝑝𝑒𝑠

= ∑ ∑ 𝑐𝑖
𝑗
(𝑋𝑗) × 𝑥𝑖

𝑗

𝑗∈𝐸𝐿𝑖𝑛𝑘𝑖∈𝑉𝑡𝑦𝑝𝑒𝑠

      (4.9) 

where 𝐶𝑖
𝑗
 is the total fuel consumption of vehicle type 𝑖 on path 𝑗, 𝑐𝑖

𝑗
 is unit fuel 

consumption by a vehicle type 𝑖. 

1 2 

a 

b 

c 
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4.3.2. Linear Programming 

Objective function, Eqn. 4.9, has equality constraints and inequality constraints as 

Eqn. 4.8. The problem which solves the type of function, linear model with 

constraints, is well known as Linear Programming (LP). If the constraint is equality 

constraints, the LP problem can be optimized by Lagrange Multiplier. 

The process of Lagrange Multiplier converts the original objective function 𝑓(𝑥) 

to the new objective function, ℎ(𝑥, 𝜆). 

ℎ(𝑥, 𝜆) = ℎ(𝑥𝐴
𝑎 , 𝑥𝐴

𝑏 , … , 𝑥𝐷
𝑐 , 𝜆1, … , 𝜆𝑚) = 𝑓(𝑥) + ∑ 𝜆𝑘𝑔

𝑘
(𝑥)

𝑚

𝑘=1

     (4.10) 

where, 𝑔1(𝑥), 𝑔2(𝑥), …, 𝑔𝑚(𝑥)  is an equality constraint function as 𝑔𝑘(𝑥) = 0. 

The modified objection function can be solved in a row by obtaining optimization 

requirements that make the gradient vector of ℎ(𝑥, 𝜆) as a zero vector. 

𝜕ℎ(𝑥, 𝜆)

𝜕𝑥𝑖
= 0,    

𝜕ℎ(𝑥, 𝜆)

𝜕𝜆𝑚
= 0              (4.11) 

If inequality constraints are applied, the KKT (Karush-Kuhn-Tucker) condition 

consisting of three additional conditions below, should be satisfied. 

𝜕ℎ(𝑥, 𝜆)

𝜕𝑥𝑖
= 0                     (4.12) 

𝜆𝑖 ∙
𝜕ℎ(𝑥, 𝜆)

𝜕𝑥𝑖
= 𝜆𝑖 ∙ 𝑔𝑖 = 0,    𝜆𝑖 ≥ 0            (4.13) 

Finding a value that satisfies the above conditions using the toolbox of MATLAB, 

a commercial software. I used the Dual-simplex algorithm as a solver [81][82]. 
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4.4. Simulation Result in Test Network 

With the models and algorithms mentioned above in this chapter, UE-TAP and 

energy optimization is conducted. The result of UE-TAP is on below. 

 

Figure 4.5. The result of UE-TAP 

 

 

Figure 4.6. The result of UE-TAP as iteration 
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Figure 4.6 shows the result of allocating vehicle type as the iteration number 

increases. Of the total 528 O-D pairs, 97 O-D pairs were assigned by UE-TAP as 

multiple paths. The convergence test was completed after 19 iterations, but the total 

travel time almost converged after about 5 iterations. Energy optimization was 

performed with LSM using the results of UE-TAP by the GP algorithm. The cost 

substituting dollar is applied to the model to calculate the economic cost of using all 

fossil fuels and electricity. As for the vehicle type, it is assumed that each O-D pair 

has evenly distributed 7 vehicle models. 

 

Table 4.1. The result of the test network by vehicle distribution 

 
Equally 

distribution 

Optimized 

distribution 
Change 

Total  

Cost ($) 
54,633 53,490 1,143 (-2.19%) 

Cost of multi-path 

O-D pairs ($) 
29,923 28,780 1,143 (-3.82%) 

Maximal reduced 

O-D pair ($) 
314.02 272.35 41.67 (-13.27%) 

Total travel time (s) 74,790,000 = average 207 s/vehicle 

 

The overall network saved about 2.2% of the economic cost, which can be 

concluded by the amount of energy saved. In particular, except for the case where 

only one route is assigned from origin to destination, the energy of about 3.82% is 

saved, and the value is about 1,143 $. Because an O-D pair, which is assigned only 

one route, cannot be optimized by vehicle allocation. Since the size of the test 

network is as small as 3 km in diameter, the overall economic cost of about 360,000 

vehicles can be regarded as small. The case of the O-D pair, which had the lowest 

cost by the optimal distribution, decreased by about 13.3%. As a result of UE-TAP, 
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the following figure shows only O-D pairs in the case of multiple paths to the 

destination. 

. 

 

Figure 4.7. The result of allocating vehicle type 

Even in the case of O-D pairs assigned as multi-paths, the effect of optimization 

is different depends on routes. However, almost 14% of economic improvement 

shows the potential of the energy optimization 
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Chapter 5. Navigating System using 

Discretized Dynamic Traffic Assignment 

 

5.1. Modeling of Discretized Dynamic Traffic Assignment 

In addition to the modeling in Chapter 3, additional modeling was performed for 

the navigating system. And the approach for discretized dynamic traffic assignment 

(discretized-DTA) is described. 

There are several reasons for the limitation of not being able to apply a static traffic 

assignment algorithm despite of low computational complexity and fast convergence 

to the navigating system. 

First, since the demand for O-D pairs is fixed totally, it can be applied only in the 

steady-state. Second, vehicles that are already driving in the traffic network cannot 

be assigned to O-D. Third, vehicles that happened in the traffic network without a 

plan cannot be added to the O-D. Fourth, it cannot respond to changes in traffic flow. 

In this study, the vehicle fleet and the history of each link are discretized. Lin 

applied a timetable to each link using a similar approach [83]. However, O-D must 

be set in advance, and there is a priority in O-D according to the departure. 

 

5.1.1. Discretized-DTA with Vehicle Fleets 

Unlike DTA, which uses fluid dynamics to model traffic flow, I discretize traffic 

flow in this study. To this approach, both vehicles on the road and incoming vehicles 
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from outside should be discretized over time. Therefore, it is reasonable to update 

the origin and destination of each vehicle and discretize it based on the traffic signal 

cycle. The problem in common TAP is that the demand for O-D pairs of the target 

network was set only for vehicles entering from outside the target network. Therefore, 

‘pre-made’ O-D pairs were constructed by assuming that vehicles entering the link 

on the border side, not the internal link, by simulation time. 

In this study, the time interval is set as 120 sec longer than the cycle of traffic 

lights on the traffic network. Using this time interval, demand, which is usually 

defined as O-D pairs of traffic flow, is defined as Origin-Destination-Time (O-D-T ) 

pairs. This vehicle fleet could be grouped with one to dozens of vehicles, depending 

on the number of cars in the transportation network. Besides, the fleet was grouped 

by using the lane capacity of the intersection for vehicles that queued the link. 

Discretized-DTA intervals were used to complete the data to construct Origin-

Destination-Time (O-D-T) with grouped fleets, as shown in Figure 5.1 below. 

 

Figure 5.1. Sampled network modeled by VISSIM 
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Figure 5.2. Destinations and incoming vehicles on network 

 

𝐸𝑎𝑐ℎ 𝑁(𝑋𝑓𝑙𝑒𝑒𝑡) =
𝑐

3600
× 𝑇𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙                  (5.1) 

where 𝑁(𝑋) is the number of 𝑋, 𝑐 is a capacity of the load per minute 

Eqn 5.1 calculate the number of vehicles on the traffic network grouped as fleets. 

Figure 5.2 shows the assumption that 5 destinations and 6 incoming origins are set 

for traffic simulation. Since these are vehicles entering the traffic network from 

outside of the network, it is assumed that the outside roads are mainly an access route. 

And vehicles on internal traffic network are randomly generated 1 vehicle by each 

second. 
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Totally generated vehicles in the simulation for 9000 seconds on below 

 The vehicles on the network at the start time: 1500 vehicles 

 The vehicles which generated every second: 3600 vehicles until 3600 

seconds (1 vehicle per every second) 

 The vehicles from external network: 2880 vehicles 

 The vehicle composition: diesel, parallel hybrid, electric vehicle 

 The vehicle  

 Total vehicles: 7980 vehicles 

 

5.1.2. Discretized-DTA with Link Time-Series 

When traffic assignment is performed with the aforementioned vehicle fleets, the 

method to model and apply the road can be the most critical point. In TAP, the 

traveling time is calculated by storing only the traffic flow volume in each link, but 

discretizing is not possible with that approach. Also, even if fleets have the same O-

D, it needs to be assigned by dividing the entry at different times.  

In this study, a total of four information per fleet were stored as O-D-T, time to 

enter, time to exit, and traffic volume in link time-series. It is not possible to know 

the traffic flow change in the link continuously, but it can be seen the discretized 

change as the fleet enters. 

The completed link time-series is updated at every step. When one set of O-D-T 

pairs enters, another set of O-D-T enters and enlarges the travel. Also, if the demand 

of the O-D-T pair that entered first exits the link, the flow volume decreases, so the 

travel time of the remaining demands becomes faster. A simple example for 

explaining the link history is shown below. 
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Figure 5.3. Example for link time-series 

In the figure above, you can see a network path in two O-D-T pairs (A, D, 0) and 

(B, D, 0). And the history of the link connecting C and D, and the link connecting B 

and D is shown as a table. First, the demand flow of (A, D, 0) moves along the path 

of A, C, D, and is stored in the C-D link history with an entry time of 60 s. The 

demand cannot exit the link at 100s, but the travel time is delayed because the 

demand flow of (B, D, 0) pair enters at 80s. Likewise, the O-D pair of (B, D, 0) is 

also delayed due to the flow of (A, D, 0) that entered first, so the B-D link becomes 

the faster path than the original fastest path, B, C, D. Therefore, the demand flow is 

assigned to the B-D link until the travel time is equal. The brown-color bar with an 

arrow in link history indicates the amount of flow through the link per unit time. The 

algorithm of link history is shown in the figure below. 
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▪ Algorithm in link history 

Initiate Link.hist 

Link.hist = { } 

Repeat each time 𝒌 = 𝟏, 𝟐, 𝟑, … 

Demand flow 𝒙𝒌 of O-D ‘a’ drive this link at the time 𝒕𝒌 

Calculate travel time 𝑻𝒌 with sum of flow at the time 𝒕𝒌 

  𝑻𝒌 = 𝒇(𝒕𝟏, ∑ 𝒙𝒌), and 𝑻𝟏 = 𝑻𝒌 

Link.hist= {‘a’, 𝒕𝟏, 𝒕𝟏+𝑻𝟏, 𝒙𝒌},  

  If 𝒕𝟏+𝑻𝟏<the time other demand happening time 𝒕𝒉 

    𝑻𝒌 = 𝒇(𝒕𝒉, ∑ 𝒙𝒌), and 𝑻𝟏 = 𝒕𝒉 + 𝑻𝒌 

    Link.hist= {‘a’, 𝒕𝟏, 𝒕𝟏+𝑻𝟏, 𝒙𝒌}, 

Update link history 

Figure 5.4. Pseudocode of link time-series 

 

5.1.3. Target Network 

A section of about 6km in diameter in Gangdong-gu, Seoul, of the network to be 

used in this study was set up with a VISSIM simulator. The reason for setting the 

section is as follows. 

 Include both urban route and highway route. 

 Suitable to simulate 10,000 vehicles or less. 

 Not much simple and much complicated 
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Figure 5.5. Google map in the target region 

 

Figure 5.6. Sampled map with nodes and links 
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Figure 5.7. Sampled network modeled by VISSIM 

 

Figure 5.5, 5.6, and 5.7 are a different version of the map where the main process 

of this study simulated. The target network consists of a total of 16 nodes and 62 

links, and the sum of the total link lengths is about 40km. The entire link consists of 

8 highway roads and 54 urban roads, and there is a traffic signal at the intersection 

of the urban roads. The road with the traffic signal uses the BPR equation for volume-

delay function as the interrupted flow. The HCM2000 equation is used for the 

uninterrupted flow. 
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5.2. Navigating System 

In this study, a navigating system using discretized-DTA is proposed. I constructed 

a navigating system that can perform energy optimization through travel time 

optimization based on UE and vehicle allocation. 

 

 

5.2.1. Structure of the Navigating System 

After performing O-D-T generation as the first step, this navigating system 

repeatedly performs discretized-DTA, vehicle allocation, and route guidance at 

interval times. Because this is a navigating system, it repeats for a preset time until 

the vehicle arrives at its destination. However, in the case of a new vehicle created 

in the network after the first step O-D-T generation, route guidance is not performed 

until the interval time. Therefore, in the case of a newly created vehicle, the shortest 

path that minimizes energy consumption is suggested using VSP variables and 

Dijksta's algorithm. This approach is from the study by Wang et al. [63]. 

 

 

5.2.2. Algorithm of the Navigating System 

As mentioned in other chapters, this navigating system has many assumptions and 

preprocessed data. Overall algorithms are presented below Figure 5.8. The main 

algorithm is discretized dynamic traffic assignment(Discretized-DTA) for finding 

the fastest routes in the UE state. Among the sub-algorithm, the first is the least 

square method(LSM) for calibration and regression, and the second is Integer-Linear 

Programming(ILP). Although Linear Programming(LP) was used in the process for 
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simulation in the test network, ILP is applied in the navigating system. Because the 

resolved traffic for the static test network is not the exact integer of a vehicle. 

However, in the navigating system, TAP can be solved by only ILP because each 

vehicle had to be assigned a route based on the fuel type. 

 

To solve formulated ILP, PuLp, which is a module package among many mixed-

integer linear programming (MILP) solver in Python program is used. PuLP takes 

Python-PuLP expressions into ‘raw’ numbers using a modular approach[84]. The 

optimization process of PuLP can be broken down into five general steps [85]: 

 Getting the problem description 

 Formulating the mathematical program 

 Solving the mathematical program 

 Performing some post-optimal analysis 

 Presenting the solution and analysis 

 

Linear programing is solved using the Revised Simplex Method (also known as 

the Primal Simplex Method), the Dual Simplex Method, or an Interior Point Method. 

And ILP can be challenging problems to solve, and there is much current research 

finding “good” ways to solve integer programs. Integer programs can be solved using 

the branch-and-bound process [86]. In short, the branch-and-bound process is a 

solving approach that compares values by creating a branch in the form of a tree 

around the values obtained by LP. That process is based on the principle that the 

whole set of feasible solutions can be partitioned into smaller subsets of solutions 

like the below Figure. 5.9 [11]. 

 



 

 ６７ 

 

Figure 5.8. Algorithm of the proposed navigating system 
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Figure 5.9. An example of the branch and bound diagram [11] 

 

And as shown in Table 5.1 below, a navigation system of four algorithms was 

constructed additionally as a comparison group for the experiment. 

 

Table 5.1. Applied 5 algorithms for navigating system 

No Title Target Function Interval 

1 The fastest route min (∑ 𝑇𝑖

𝑖=1

) - 

2 
The fastest route with periodic 

update (conventional algorithm) 
min (∑ 𝑇𝑖

𝑖=1

) 120sec 
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3 The most efficient route min (∑ 𝐸𝑖

𝑖=1

) - 

4 
The most efficient route with 

periodic update 
min (∑ 𝐸𝑖

𝑖=1

) 120sec 

5 

discretized-DTA with energy 

optimization 

(proposed algorithm) 

min (∑ 𝐸𝑖𝑖=1 ) in UE-TAP 120sec 

 

The first algorithm gives the fastest route to the destination when the car is created 

on the network at the moment the navigation system is activated. No. 2 is the most 

common algorithm for commercial navigation. The fastest route is suggested with 

updates at regular intervals. The third is the algorithm proposed by Wang et al., which 

uses VSP variables stored in each road to give the most energy-optimized route. The 

fourth algorithm is a method of updating paths by the third algorithm at regular 

intervals. Since this study uses a time interval of 120 seconds, other algorithms are 

also assumed to be the same 120 seconds. No. 5 is the algorithm proposed in this 

study. 

 

5.2.3. Assumption of the Navigating System 

The assumptions applied to the simulation to construct the navigating system are 

summarized as follows. 

 The target traffic network consists of flat land (grade = 0). 

 All vehicles are connected to the traffic infrastructure and follow the proposed 

route. Also, it is possible to measure the speed and acceleration of each 

vehicle in real-time. 

 Although the powertrain of each vehicle is different, the volume-delay 
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function was assumed to be the same regardless of the vehicle model. 

 There is no incident in the traffic network. 

 All driver in the vehicle shows the same behavior as preset in the simulator 

VISSIM 

 The fuel types of vehicles are limited as 3 types (diesel, gasoline parallel 

hybrid, electric vehicles) 

 

 

 

5.3. Result of the Navigating System 

Before analyzing the results, it is necessary to understand the characteristics of 

this navigation system.  

 2 different objective functions, energy cost and travel time, are adapted. 

 The cooperative optimal path is proposed for the entire traffic network. 

 The system shows low accuracy from regression in predicting energy 

consumption and discretizing 

  

 

5.3.1. Results of the Travel Time Prediction 

For evaluating the accuracy of travel time prediction, the simulation without 

updates of discretized-DTA is conducted. The travel time prediction on each link is 

showed below. 
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Figure 5.10. Travel time prediction on links in the traffic network 

 

Because of the traffic signal on intersections, it can be seen that the travel time of 

vehicles in the same fleet varies considerably. In particular, in the case of the link on 

the top left, the travel time is longer than expected. This result is because waiting by 

the traffic signal was affected by the direction of entry. However, the predicted 

tendency of the travel time does not differ significantly. These results indicate that 

even when the components like roads and vehicles in the traffic network are 

discretized, it is effective to DTA based on proposed algorithm. 

 

5.3.2. Results in Scenario 1 

For comparison between 5 different navigating system, the total time of vehicles, 

the total energy cost of vehicles, the number of arrived vehicles, and the total distance 

of vehicles are evaluated. All result is based on vehicles which arrive at the 
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destination, because the purpose of navigating system is not wasting time in the road 

but guiding vehicles to destination. All navigating system is simulated on conditions 

mentioned above modeling section.  

 
 

(a) Total travel time 

 

 

(b) Total consumed energy cost 
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(c) Arrived vehicles 

 

 

(d) Total driving distance 

Figure 5.11. Resulting performance in scenario 1 by 5 navigating systems as line graph 
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The trend of the above results does not change significantly over time, but in the 

case of the proposed algorithm (discretized-DTA), the change in the trend of the total 

travel time is apparent after about 2000 seconds compared to other algorithms. This 

evaluation shows that the discretized-DTA based on Origin-Destination-Time (O-D-

T) is functioning better than the current situation since the vehicles initially began to 

form a queue. The 2000 seconds is a delay time for performing dispersed queues of 

vehicles. 

As shown in Figure 5.11 (b), the navigating system, which proposes efficient 

routes with iteration, consumed the lowest energy cost. Although the navigating 

system by discretized-DTA consumed more energy than the efficient route algorithm, 

the difference between the results of the two algorithms was not significant. 

After 3600 seconds, when about 8,000 vehicles were all put in, the proposed 

algorithm quickly guided all the vehicles to their destination in a short time (within 

about 10 minutes). The time when all vehicles reached their destinations is 

considerably different depends on the navigation algorithm. The conventional 

algorithm(the fastest route with periodic update) made it possible for vehicles to 

reach at their destination with almost 2 times of the proposed algorithm.  

The result of total travel distance is usually the highest value in the proposed 

algorithm, although the total travel time of the same algorithm recorded the lowest 

value. This means that the proposed routes by discretized-DTA tend to be a path for 

short travel time with taking a bypass. Also, the guided routes reduce the total travel 

time by dispersing the vehicles on the traffic network. 

The final states at the end of the simulation is shown below as a bar graph. 
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(a) Total travel time                      (b) Total energy cost 

 

(c) Time to all vehicles arrival               (d) Total driving distance 

Figure 5.12. Resulting performance in scenario 1 by 5 navigating systems as bar graph 
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The four bar-graphs on the left are comparison groups, and the magenta color bar 

graph on the right is the result of the algorithm (discretized-DTA) proposed in this 

study. Comparing the result values shows that for total travel time, discretized-DTA 

consumed the least amount of time. Furthermore, the time to all vehicles arrive at its 

destination by discretized-DTA navigating system is the lowest in the navigation 

algorithms. However, the overall energy consumption is a little higher due to the 

large number of vehicles arriving by UE-TAP. By comparison with the driven 

distance, the fast route is unexpectedly the longest, followed by discretized-DTA. 

Considering standard as algorithm number 2, which is the most common and 

conventional navigating system algorithm, the performance changes by each 

algorithm are tabulated below as scenario 1.  

 

Table 5.2. The simulation results in scenario 1 by 5 navigating systems 

No Title 
Total Travel 

Time [Hour] 

Total Energy 

Cost [$] 

Time to All 

Vehicle Arrival 

[s] 

1 The fastest route 3162.1 (-12.1%) 2558.1 (-1.4%) 7897 (-7.8%) 

2 

The fastest route 

with periodic update 

(Standard) 

3595.4 ( - ) 2596.7 ( - ) 8562 ( - ) 

3 
The most efficient 

route 
2086.9 (-42.0%) 1864.7 (-28.2%) 6329 (-26.1%) 

4 

The most efficient 

route with periodic 

update 

1583.8 (-55.9%) 1599.7 (-38.4%) 5788 (-32.4%) 

5 

discretized-DTA with 

energy optimization 

(proposed algorithm) 

1215.5 (-66.2%) 1716.9 (-33.9%) 4267 (-50.2%) 
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The navigating system using proposed discretized-DTA shows quite improved 

performance in the traffic network. The system decreased about 66.2% of the total 

travel time, and 33.9% of the total energy cost. The effect of this improvement is 

absolutely significant in the level of the whole transportation network. In particular, 

fast route guidance to the destinations of vehicles, which is the most essential 

purpose of navigation, has been sufficiently achieved by optimizing the travel time 

for the UE.  

And other non-iterating navigating system performed more efficiently than 

iteration based navigating system. This result shows that periodic updates reduce the 

effectiveness of the navigating system. The rationale for this result is that, in the case 

of a real-time navigating system, the percentage of users is an essential factor. This 

result is due to the Brace Paradox that occurs when a new additional path is placed 

between the two Origin-Destinations[87]. Brace Paradox means that the overall flow 

becomes even more blocked because all users use newly added shortcuts. This 

simulation suggests an optimal path for each "iteration" situation, but the above 

results are possible because all users follow that simultaneously[88]. Here I can see 

once again the effect of vehicle dispersion on the overall cooperative navigating 

system. For visually presenting the effect of vehicle dispersion, traffic flow after 

1000 seconds of simulation start is shown in Figure 5.13 below. 
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(a) After using conventional no.2 navigating system  

 

(b) After using the proposed discretized-DTA navigating system  

Figure 5.13. The traffic flow over road capacity in the network 
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The bar on the road shown in Figure 5.13 is a transformed bar graph drawn relative 

to the size of traffic flow on the network. And the "trend of congested roads" near 

destinations marked by yellow circles can also be seen as different distribution.  

 

5.3.3. Results in Scenario 2 

About total energy cost, an efficient routing system without iteration by Wang et 

al. (2019) shows better results compared with the proposed discretized-DTA 

algorithm about 7.3%. It was judged that the proportion of electric vehicles had a 

significant influence on this part. Because during the simulation, the electric vehicle 

consumes little energy consumption during stopping, so even if it takes a long time, 

the shortest driving distance was selected. Therefore, as an additional study, scenario 

2 was performed by changing the ratio of vehicle models for each power source of 

diesel, hybrid, and electric to 3:2:3. 

 

(a) Total travel time                      (b) Total energy cost 

Figure 5.14. Resulting performance in scenario 2 as a bar graph 
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Table 5.3. The simulation results in scenario 2 by 5 navigating systems 

No Title 
Total Travel 

Time [Hour] 

Total Energy 

Cost [$] 

Time to All 

Vehicle Arrival 

[s] 

1 The fastest route 3162.1 (-12.1%) 1954.5 (-0.9%) 7897 (-7.8%) 

2 

The fastest route 

with periodic update 

(Standard) 

3595.4 ( - ) 1973.0 ( - ) 8562 ( - ) 

3 
The most efficient 

route 
2096.0 (-41.7%) 1436.2 (-27.2%) 6281 (-26.6%) 

4 

The most efficient 

route with periodic 

update 

1627.9 (-54.7%) 1237.8 (-37.3%) 6020 (-29.7%) 

5 

discretized-DTA with 

energy optimization 

(proposed algorithm) 

1196.4 (-66.7%) 1334.5 (-32.4%) 4215 (-50.8%) 

 

 

Since only the vehicle composition ratio was changed, the results related to the 

times of algorithms 1 and 2 are the same. However, the energy cost of algorithms 4 

and 5 is about 7.8% difference in scenario 2 compared to scenario 1, which showed 

about 7.3%. Although the travel time of the algorithm 4 is increased more than that 

of the algorithm 5, algorithm 4 has more advantage in energy cost. This is the basis 

for judging that algorithm 4 is the most economical because of the characteristics of 

the electric vehicle.  
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5.3.4. Results in Scenario 3 

In scenario 3, the simulation was performed in an environment where the number 

of vehicles generated was further increased. The simulation is to confirm the 

improvement of the performance of the proposed navigation algorithm in 

environments with higher traffic congestion. Every second, the number of randomly 

generated vehicles on the transport network was doubled. The number of vehicles in 

the traffic network by the proposed discretized-DTA is shown in the graph below. 

 

Figure 5.15. Total vehicle in the network by scenario 1 and scenario 3 

 

A total of 3,600 vehicles were created for 3600 seconds. The maximum difference 

between the vehicles on the network in both scenarios is close to 3,600. Therefore, 

it can be seen that vehicle input in scenario 1 has already converged to the maximum 

speed to guide the vehicle to the destination. The simulation in scenario 3 results in 

this state are shown in the following table. 
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Table 5.4. The simulation results in scenario 3 by 5 navigating systems 

No Title 
Total Travel 

Time [Hour] 

Total Energy 

Cost [$] 

Time to All 

Vehicle Arrival [s] 

1 The fastest route 7240.4 (-27.3%) 4622.5 (+11.1%) 10471 (-12.5%) 

2 

The fastest route 

with periodic update 

(Standard) 

9954.6 ( - ) 4159.2 ( - ) 11961 ( - ) 

3 
The most efficient 

route 
6036.4 (-39.4%) 3900.2 (-6.2%) 9540 (-20.2%) 

4 

The most efficient 

route with periodic 

update 

4860.7 (-51.2%) 3394.6 (-18.4%) 9064 (-24.2%) 

5 

discretized-DTA with 

energy optimization 

(proposed algorithm) 

4369.9 (-56.1%) 3412.4 (-18.0%) 6918 (-42.2%) 

 

Compared to algorithm 2, which is the most used for navigation, the performance 

improvement of the proposed algorithm is reduced. However, there is little difference 

between proposed algorithm and algorithm 4, which is superior in terms of energy 

in scenarios 1 and 2. Therefore, it can be concluded that the performance difference 

between algorithms may be slightly reduced at a certain degree of congestion. 

And to evaluate only the energy optimizing performance of the navigating system 

in this study, comparative simulations were performed as in Chapter 3, which 

performed the discretized-DTA without vehicle allocation.  

Table 5.5. Comparison between the proposed system and discretized-DTA without ILP 

based energy optimization by power train 

Title 
Total Travel Time 

[Hour] 

Total Energy Cost 

[$] 

discretized-DTA without energy 

optimization 
4386.0 ( - ) 3442.2 ( - ) 

discretized-DTA with energy 

optimization (proposed algorithm)  
4369.9 (-0.4%) 3412.4 (-0.9%) 
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Energy optimization by vehicle allocation did not significantly affect the energy 

consumption of the transportation network. However, this gap may differ due to 

regression and calibration, and may also be affected by the traffic environment. As a 

result of various simulations, it may vary depending on the transportation network, 

the vehicle allocation additionally saved energy costs of 0 to 3%. 

 

 

Figure 5.16. The effect evaluation of energy optimization by iteration 

 

Figure 5.16 represents the process of traffic assignment in each iteration in 

discretized-DTA with energy optimization. 

The proportion of the 'multi-paths' of the total O-D-T pairs and the energy 

optimization effect are expressed as direct proportion. In the simulation time, there 

were about 40 assignment processes repeated every 120 sec. The more iteration 

repeats, the less effective it is because the number of vehicles on the road initially 
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escaped, and the congestion in the transportation network dropped. It can be seen 

that the effect of the navigating system is greatly affected by the congestion.  

Therefore, not only the travel time but also the energy consumption is the effect 

of UE-TAP based on discretized-DTA that is a cooperative navigation. However, 

consequently, total energy cost saving is a synergy effect by UE-TAP and vehicle 

allocation. 

In conclusion, based on the conventional navigating system, which repeatedly 

provides the fastest current route, the system proposed in this study showed superior 

performance, reducing about 34% in terms of total energy costs and about 66% in 

terms of total travel time in scenario 1. Compared to the other algorithms being 

compared, the overall system's time and distance, time to all vehicle arrival, and 

energy aspects were comprehensively efficient. Despite the use of calibration and 

macro volume-delay-function due to the specification of the transportation network, 

which is challenging to model accurately, we could see the dispersion effect of 

discretized-DTA, which stores information in the history of links. 
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Chapter 6.  Conclusion and Future Works 

 

 

6.1. Conclusion 

 

In this study, I developed discretized-DTA for applying traffic assignment based 

on Wardrop principle to the navigation system, which is one of the research on 

forecasting traffic demand. The simulation result showed that cooperative behavior 

between the other vehicles is very effective, although it is difficult to apply many 

assumptions, data, and communication technologies. Through cooperative traffic 

assignments, travel time and energy consumption can be significantly reduced. In 

addition, optimization through vehicle allocation, according to the powertrain, has 

also developed an effective navigating system by further reducing energy 

consumption. But this performance highly dependent on road congestion. While total 

travel time was reduced, energy consumption was sometimes increased compared to 

other algorithms in a low congestion level.  

It was able to reduce the total energy costs by about 34 percent and reduce the 

total travel time by about 66 percent. This improvement is the result of only about 

8,000 vehicles that have been driven for an hour in the simulations.  

This result provides the practical value of using a cooperative navigating system 

and sufficient motivation for building the system. It also achieved an average energy 

reduction of about 1.36 percent per vehicle compared to when energy optimization 
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was excluded. This performance is the result of allocating vehicles without changing 

the existing traffic flow. 

In the simulation process of this study, the number of vehicles entering was less 

than the number of vehicles advancing or arriving in scenario 1. That condition 

results in less congestion levels over time, resulting in a rapid reduction in the 

effectiveness of proposed optimization. However, through scenario 3, it was 

confirmed that the effect may be reduced even if the congestion is too high. 

For application to other traffic networks, a new calibration include the specificity 

of roads and demand, and other characteristics of the transportation network is 

needed. However, after the calibrating process, it is possible to calculate the VSP 

variable according to the characteristics of the other vehicles. That can be said to be 

a discussion of the applicability of the new vehicle type to the navigation system 

after analyzing the vehicle characteristics. 

 

 

Figure 5.17. Schematic diagram of research outline 
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6.2. Future Work 

 

This study proposed an algorithm for cooperative navigating system using 

discretized-DTA. Although this dissertation has contributions to the traffic 

engineering area and the optimal control area, there are still research chances that 

can be progressed further. 

The vehicle's driving data should be collected and transmitted in real-time to the 

control center. And if vehicles on the current road, the navigating system must 

provide a route before they leave the link. Therefore, the application of the proposed 

navigation system requires the completion of the analysis in seconds. 

The interval calculation for updating discretized-DTA during simulation takes 

about 5 to 60 seconds depends on the number of vehicles. Improving the 

optimization algorithm GP to increase convergence can be an essential study. 

Moreover, quickly finding optimal paths by improving the calculation process of link 

time-series, or increasing link update speed can significantly increase the feasibility 

of this study. 
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국문 초록 

 

구 본 현 

기계항공공학부 기계공학전공 

서울대학교 

 

사람들의 이동에 편의성을 제공하는 자동차는 100년 넘는 긴 시간 

동안 연구되어왔다. 최근에는 단일 자동차의 성능에 대한 연구에 더불어 

다른 자동차와의 상호 작용에 대한 연구가 많이 이루어지고 있다. 예로 

차량 간 (vehicle-to-vehicle: V2V) 통신, 차량 인프라 간(vehicle-

to-infrastructure: V2I) 통신, 지능형 운전자 보조 시스템(advanced 

driver assistance system: ADAS) 등의 기술에 대한 연구를 들 수 

있다. 이 같은 변화는 연구 대상의 범위도 단일 차량에서 차량 fleet, 

그리고 micro-traffic부터 macro-traffic까지 넓어지게 하고 있다. 주 

실험 대상인 자동차의 경우에도 동력전달계의 전기화에 따라 

내연기관자동차, 하이브리드자동차, 전기자동차, 연료전지자동차등으로 

분류되며, 자율주행과 통신 가능 여부에 따라 또 다른 분류로 나뉠 수 

있다. 

본 연구는 오랫동안 환경에 큰 영향을 끼치는 자동차의 연료소모량을 

교통망 차원으로 넓히는 것에 착안하였다. 물론 이러한 연구는 십년 

넘게 이루어져왔지만, 최근 다양해진 동력전달계에 따른 최적화 연구는 

찾기 힘들었다. 특히 동력전달계에 따라 도로 별 연료소모 경향이 

달라지는 것에 착안하여, 도로 별 에너지적 우위를 반영한 시스템을 

구축하기로 하였다. 수 십년 동안 차량들의 교통 상황을 정리하여 각 

차량들의 루트를 정하는 연구는, 도로 건설 등의 도로 계획을 위한 통행 

배정에 주로 적용되어왔다. 따라서 이용자들의 선택을 예측하고, 시간 

단위 또는 일 단위의 거시적인 관점에서의 연구가 주 내용이었다. 

하지만 근 시일 내에 일정 단위의 교통망에서는 차량들의 루트를 

컨트롤할 수 있을 것이라 예상되기에 이러한 가정을 기반으로 교통망 

내의 에너지를 최적화 하는 연구를 진행하였다. 

연료소모량에 대한 연구는 많이 진행되었지만, 다양한 파워트레인으로 

구성된 다수의 차량들에 대한 연구는 찾아보기 힘들다. 그 대표적인 

이유는 연료소모량자체가 예측 및 계산하기 힘들고, 차량마다 그 편차가 

크기 때문이다. 본 연구에서는 차량 비출력(Vehicle specific power: 

VSP)를 이용하여 각 변수들의 평균치로 예측한 후에, 이를 이용하여 

차종 별 동력전달계에 맞는 연료소모량을 계산하는 방법을 활용하였다. 

연료소모량에 대한 데이터는 미국의 Argonne national laboratory에서 

공급하는 전방향 시뮬레이터인 Autonomie에서 가져왔다. 시뮬레이션 

된 연료소모량과 VSP와의 관계를 변수로 하여 뉴턴법(Newton’s 

method)로 편차를 최소화하도록 최적화하였다. 하지만 교통망 내에서 
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에너지 최적화 후, 차종에 따라 통행 시간이 달라져서 상대적 우위에 

따른 시간 낭비가 생기면 운전자의 공정성 측면에서 문제가 된다. 

따라서 각 도로의 통행시간을 기준으로 Wardrop의 첫번째 원칙을 

적용한 최적 통행 배정을 수행하였다. 그리고 이를 기준으로 배정된 

통행의 차량 흐름을 차종 별로 분배하는 문제로 치환하였다. 이를 

위해서는 통행 배정을 링크 단위가 아니라 경로를 기반으로 적용하여야 

각 차종을 경로에 분배할 수 있다. 이러한 분배 또한 최적화 문제로, 

이는 각 경로에 대해 도출된 차량당 연료소모량을 계수로 하고, 등식 

제한 조건과 부등식 제한 조건을 가지는 선형계획법(Linear 

Programming: LP)문제이다. 이는 제한조건을 라그랑주 상수(Lagrange 

Multiplier)로 치환하는 과정을 통해, 해결할 수 있으며 조건이 단순하기 

때문에, 최적화를 위한 조건을 만족시킨다.  

또한 본 연구에서는 실시간으로 루트를 정해주는 일종의 네비게이션을 

목표로 하였기 때문에, Wardrop의 이용자 평형(User Equilibrium: 

UE)상태를 시간에 따라 변하는 동적 상태로 적용해야 했다. 결론적으로, 

경로 기반의 동적 통행 배정(Dynamic Traffic Assignment: DTA)을 

연산을 최소화하여 실시간으로 적용할 수 있도록 배정을 하고, 차종 

별로 분배를 하는 것이 본 연구의 목표이다. 

먼저 현재 차량 상황에서 각 도로는 교차로를 향해서 이동하기 때문에, 

시간 단위 별로 현재 달리고 있는 도로의 끝의 교차로를 기점으로 하고 

원래 가고자 하는 목적지를 종점으로 가지는 기 종점을 구성하였다. 

동적 통행 배정의 연구에서는 세포 전이 모델(Cell Transmission Model: 

CTM) 등을 이용하여, 교통 흐름을 유체처럼 계산하여 시간 소모가 

많다. 따라서 도로에 진입하는 각 통행 흐름을 도로의 시계열에 

저장하는 이산화 된 동적 통행 배정(Discretized-DTA)방법을 

고안하였다. 이는 적은 계산 비용으로 심플하게 시간 축을 교통망에 

부여하였고, 이를 통해 시간에 따라 변화하는 기 종점을 통행을 배정할 

수 있게 되었다. 이 최적화 문제는 경로 기반 통행배정에서 많이 사용된 

경사 투영법(Gradient Projection) 알고리즘을 적용하였다. 각 도로의 

교통 흐름에 따른 시간 지체도 신호등이 있는 교차로의 단속류와 

신호등이 없는 도로의 연속류에 따라 다른 지체 식을 적용하여 실제 

현실의 교통망의 흐름을 최대한 예측하였다. 이렇게 배정된 통행량을 

경로 별로 나누어, 각 경로에 대한 차량당 연료소모량을 도출하였다. 

통행 배정 시뮬레이션에서 가장 많이 사용하는 예제인 Sioux Falls 

네트워크에서는 정적 통행 배정 이후 본 연구에 사용된 차종 분배를 

적용할 경우에, 전체 에너지 코스트가 약 2% 감소하였다. 이는 

Wardrop의 이용자 평형 상태이기 때문에, 차량들 간의 어떤 시간 

손해도 없는 결과이다. 그리고 만약 통행량이 복수의 경로로 배정된 O-

D에 한정할 경우에, 약 3%가 넘는 효과라고 할 수 있다. 이는 하루 

기준으로, 360,600대의 차량에 대해 2000만원 정도의 연료비 감소로 

치환할 수 있었다. 

네비게이팅 시스템의 경우에는, 현재 도로의 상태를 4가지 정도로 

나누어서 실시간 최적 경로로 추천하는 경우를 비교군으로 정하였다. 
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비교군에 비해 본 연구에서 제안하는 시스템은 전체 통행시간과 

에너지적 측면을 개선할 수 있었다. 또한 이를 서울시 강동구에 

적용하여 어느 정도 혼잡한 교통망을 모사하였다. 이 때 시뮬레이션 

결과와 기존의 최소 시간 알고리즘을 적용하는 상용 네비게이션 시스템 

결과를 비교하였다. 결과적으로 약 8000대의 차량이 주행하는 시나리오 

1의 교통망을 기준으로 전체 통행시간은 66%, 에너지 소모 비용은 

34%를 줄일 수 있었다. 이는 일정 혼잡도까지는 효과가 커졌지만, 어느 

이상에서는 효과가 감소하기도 하였다. 물론 이산화 된 동적 교통 

분배를 기반으로하기 때문에, 일정 시간 단위의 차량들을 편대로 묶어 

통행을 배정하고, 그 결과 경로가 분산되는 경우 자체가 적기 때문에 

분산된 경로에 차종 별로 분배하는 에너지 최적화의 효과는 크지 않은 

것이 사실이다. 하지만 이 또한 교통망 내에서 그 효과를 누적하면 

영향이 크다고 할 수 있다. 

본 연구에서는 결과적으로 차종 별 연료 소모 경향에 근거하여 교통망 

내 통행 시간 감소에 더불어 에너지 최적화를 이루었고, 이를 위한 

네비게이팅 시스템을 개발했다. 각종 통신과 제어 기술이 발전한 요즘, 

그에 기반한 네비게이팅 시스템은 개인적, 사회적으로 교통에서 

발생하는 비용을 줄이는 데 기여할 수 있다. 
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