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Abstract 

This study presents a framework for short-term trajectory forecast based on variational theory of 

kinematic waves. The framework is tested for non-lane based heterogeneous traffic condition where 

different characteristics of the roadway (e.g. non-motorized vehicles, bus parking, vendors, and 

pedestrian movement) generate side friction, which in turn causes capacity fluctuation. Considering 

these unique aspects of non-lane based system the framework is developed in a way that considers 

multiple lanes, and capacity fluctuation. The study is carried out by following a step-wise approach 

starting from the explanation of the variational theory, then trajectory reconstruction and evaluation, 

and finally, the short-term trajectory forecast framework.  

 

Trajectory reconstruction is carried out considering two boundary options consisting of cumulative 

count and probe data. The dataset including speed, flow, and density is used to develop a 

fundamental diagram for the study section and to determine parameters (e.g. jam density, forward 

wave speed, and backward wave speed) that are necessary to develop the time-space solution 

domain (e.g. lopsided network) using variational theory. The probe data is then placed into the mesh 

to set up the probe trajectory in the newly formed lopsided network. Finally, the trajectories are 

reconstructed using the probes as a reference and the effect of capacity fluctuation or varying 

capacity are investigated. The accuracy of the estimated trajectories is evaluated through error 

analysis using different reference probes. The analysis shows that the probes are able to estimate 

adjacent trajectories significantly well compared to distant vehicles. 

 

The application of the trajectory forecast framework is tested on a corridor of 1 km in length and 

consisting of two intersections. The boundary conditions are set along these two intersections. The 

proposed framework provides an opportunity to combine historical and real-time dataset in an effort 

to predict trajectories within the small forecast window. The temporal distribution of the forecast 

window (1500 second for this study) depends on the distance between the two boundaries and the 

available real-time dataset. Note that the prediction dataset is prepared considering the signal cycle, 
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turning movement, and passing vehicles; whereas the trajectory estimation process is carried out 

following the variational formulation of kinematic waves. The application of the framework 

involves a modular concept that is built into a Graphical User Interface for automation. The modular 

concept consists of four modules as follows: (1) Data Module; (2) Master Control; (3) Trajectory 

Reconstruction Module; and (4) Trajectory Forecast Module. Master control facilitates access to all 

modules and maintains the interconnectivity between modules during any particular operation, e.g. 

trajectory estimation or forecast. The accuracy of the predicted trajectory is evaluated through travel 

time analysis using different probes as a reference within the forecast window.  

 

 

Keywords: Variational Formulation; Non-Lane Based Heterogeneous Traffic; Trajectory Forecast; 

Trajectory Reconstruction; Fundamental Diagram; Side Friction.  
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Chapter 1  
 
 

Introduction and Research Objectives 

 

 

1.1 Introduction 

Traffic congestion is one of the most prevalent transportation problems in urban areas. If not 

mitigated it becomes a recurrent phenomenon during the peak hours when the vehicle volume 

surpasses the fixed carriageway capacity. The type of congestion that results from the excess 

volume of the traffic during peak hours of the day can be termed as active bottleneck situation, 

which means that the traffic volume exceeds the roadway capacity for a certain period of the day, 

resulting in unstable traffic flow. 

 

Urban signalized arterials and freeways mostly suffer from this congestion problem; and the 

strategy that is mostly adopted to mitigate these problems is to increase the carriageway capacity 

by adding new lanes, which is termed as supply-side approach. However, budget constraints, 

shortage of space, and environmental concern have made it difficult for transportation agencies to 

increase roadway capacity in major urban areas over time. Also from transportation economics 

point of view, the added capacity of the transportation infrastructures will be eventually exhausted 

by the rapid growth of traffic. Therefore, innovative control strategies that can maximize the 

efficiency of the current transportation infrastructure and resources are required; and in order to 

establish control and optimize traffic flow, high quality information of the traffic stream is 

necessary. These approaches consist of applying ITS which aim to solve traffic problems using 

information and communication technologies based on high quality traffic data in real time. 
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The traffic data required for optimal control consists of various parameters such as traffic flow, 

speed of vehicles, density, acceleration and deceleration pattern, position in space-time etc., which 

can be obtained from a combination of sensors such as inductive loops, video cameras, probes etc. 

Fixed sensors such as inductive loops, and video sensors provide high quality traffic information 

such as flow, occupancy, and speed, whereas probe sensors record vehicles position over time 

through space. The probe sensors are equipped with GPS, recording actual information on the 

vehicle path, speed, time, and position over space-time dimension, which is called trajectory. It 

allows the position of an individual vehicle in a traffic stream to be traced over time through space. 

The most important feature of trajectory is that it helps to detect congestion by revealing low speeds 

and frequent stops of the vehicles in the traffic stream. As a result high quality vehicle trajectory 

data provides an opportunity to analyze the traffic flow, especially congestion level at critical points 

of the roadway corridor at present time. However if this application is extended to forecast short-

term trajectory data beforehand, then it provides an innovative scope for the traffic operators to 

device control strategies to mitigate the effect of probable congestion situation. Considering this 

scope, the primary goal of this study is to develop a trajectory forecast framework to predict future 

traffic condition beforehand.  

 

Since vehicle trajectory data provide valuable information and reflect traffic conditions, it is 

expected that the outcome of this study can introduce a different way to predict an active bottleneck 

situation beforehand, thus opening an opportunity for the practitioners and researchers to implement 

different real-time control strategies in order to ensure smooth traffic flow. 

 

1.2 Statement of the problem and opportunities 

1.2.1 Trajectory Reconstruction 

Trajectory reconstruction provides a wider scope for research as they contain a lot of useful 

information that can be used for several purposes. For example, trajectories contain acceleration or 

deceleration information on individual vehicles and visualize movements (stop-and-go, bottleneck 
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situation) in a space-time diagram. Thus, it provides an opportunity to calculate emissions, time-to-

collision, air quality, and traffic safety.  

 

The easiest way to record trajectories is by means of GPS equipped probe sensors. However, to 

develop a meaningful time-space diagram, data from consecutive probe vehicles is required at short 

interval. In case of fixed sensors (video sensor, loop detector etc.), they can directly measure traffic 

volume (flow), and occupancy (similar to traffic density). However, to provide wide spatial 

coverage and reliable data numerous video sensors will have to be placed at small distances, which 

also limit its practicality from cost considerations. Considering these facts, combination of probe 

and video sensor data can be used to estimate vehicle trajectory. Several researchers have used data 

fusion technique to reconstruct vehicle trajectories by combining probe, fixed, and signal timing 

data (Coifman 2002; Herrera and Bayen 2010a, 2010b; and Mehran et al. 2012). 

 

Kinematic wave model is one of the most widely used model that can be used to reconstruct 

trajectories due to its ability to capture realistic traffic behavior such as spillover and propagation 

of shockwaves with adequate mathematical framework. In that context the VF of kinematic waves, 

a solution method proposed by Daganzo serves as the widely accepted method to reconstruct vehicle 

trajectories. However, the application of such framework has been tested only for conventional lane 

based traffic system (Chow et al. 2015, Mehran et al. 2013, and Leclercq, Laval, and Chiabaut 

2011). Therefore, there is a scope to apply the VF of kinematic waves in the non-lane based 

heterogeneous traffic system and test if the VF is suitable to reflect the condition adequately. This 

study attempts to apply the VF for trajectory reconstruction in non-lane based traffic system. The 

problem anticipated for this purpose is very intricate since the statics (vehicle dimensions) and 

dynamics (acceleration/deceleration) of the vehicles in non-lane based system is quite different. 

Also, the car following and lane changing behavior is significantly different for vehicles operating 

in mixed traffic condition. 
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1.2.2 Multiple Lane Consideration 

Most of the studies on trajectory reconstruction based on the VF of kinematic waves developed 

their methodology considering single lane approach that in this case is different as the non-lane 

based heterogeneous traffic traverse the roadway any way possible without any lane discipline. For 

this reason, the probe sensor employed for data extraction in non-lane based condition will follow 

the path of a general vehicle in the traffic stream, which in this case will traverse over multiple 

lanes. More specifically, the driving behavior includes abrupt lane changing or overtaking of 

vehicles from any side over the carriageway. This behavior is significantly different from the 

conventional lane system, where the vehicle follows a leader on a single lane and maneuvers to 

other lane following strict traffic rules and guidelines. Thus, while estimating trajectory, this abrupt 

lane changes have to be noted carefully so that the outcome would reflect the actual scenario of the 

roadway. This study presents a VF framework for trajectory reconstruction that considers the lane 

changing aspect of the traffic stream especially multiple lanes.  

  

1.2.3 Capacity Fluctuation  

Capacity is an important consideration for transport infrastructures. Capacity denotes the maximum 

number of vehicles that a roadway can accommodate over an instance of time under prevailing 

roadway, traffic and control conditions. In other words it can be said that capacity is the maximum 

hourly rate at which vehicles can reasonably be expected to traverse a point or uniform section of a 

lane or roadway during a given time period under given conditions.  From practical considerations, 

it can be stated that capacity is a probabilistic measure and it varies with respect to time and position. 

Therefore, it is not always possible to completely derive the capacity analytically. In most of the 

cases, it is obtained through field observations. 

 

In urban streets, accurate reconstruction of the trajectories is challenging as traffic condition is 

governed by traffic signals, downstream traffic conditions, and the incoming demand. These 

obstructions when present at intersection or midblock can significantly affect the operational 
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capacity of the carriageway. In addition, there are some obstructions which impede the traffic flow 

such as pre-signals for prioritising bus movements (Xuan et al. 2012; Guler and Menendez 2014), 

buses dwelling at curbside stops (Gu et al. 2014), and on-street parking (Box 2004). This implies 

that the capacity of the roadway is significantly affected by these characteristics, which results in 

capacity drop at certain times thereby causing capacity fluctuation. 

 

For this reason when trajectory estimated without considering this capacity drop, the outcome does 

not represent the actual condition of the roadway. This study identifies and accommodates the 

change in the estimated trajectory for capacity drop in certain points of the study network. 

 

1.2.4 Trajectory Forecast 

Trajectory forecast provides an opportunity to analyse the forthcoming downstream traffic situation 

and to tailor a suitable strategy with the help of traffic control elements. Note that trajectory of a 

traffic stream is significantly affected by the roadway environment, downstream condition, and 

traffic control. Thus, trajectory forecast of a traffic stream will be depend on these features of a 

particular corridor.  

  

In order to predict vehicle trajectories within the forecast window, the boundary conditions are 

needed to be set based on the predicted traffic volumes and corresponding passing time distributions 

during the green and red intervals. Additional boundary conditions could be set based on the latest 

available probe trajectory data within the forecast window and the vehicle trajectories can be 

estimated based on VF. 

 

The forecast methodology can be set up on two boundaries consisting of two upstream intersections 

apart by a significant distance. The required dataset of speed, flow, density, and passing time of 

vehicles can be recorded at this two boundary intersections. For forecast, the boundary conditions 

can be modified with the help of traffic control elements (e.g. signal cycle data). The signal data 
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along the corridor of interest can be collected beforehand (historical data) and used with the present 

dataset to develop a short temporal window for trajectory forecast. 

 

1.3 Research Objectives and Scope of Work 

The research objectives of this study are to: 

1. Reconstruct vehicle trajectories using traffic data collected from multiple sensors (e.g. 

probe, video camera) based on the VF of kinematic waves. 

2. Investigate the effect of capacity fluctuation on the estimated trajectories 

3. Propose a framework to forecast vehicle trajectory combining present and historical dataset 

 
 

1.4  Organization of the Thesis 

The thesis is organized as follows. Chapter 2 summarizes the concept of VF of kinematic waves. 

Chapter 3 explores the methodology to reconstruct vehicle trajectories of a traffic stream based on 

the VF for multi-lane condition including capacity fluctuation. Chapter 4 develops a framework 

that is capable to forecast short-term traffic trajectory in order to detect bottleneck situations with 

capacity drop. Chapter 5 discusses on the application of the proposed trajectory forecasting 

framework on a study corridor in non-lane based heterogeneous environment. Chapter 6 discusses 

the opportunity and applicability of the trajectory forecast framework and draws a conclusion.  
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Figure 1.1: The flowchart of the dissertation research
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Chapter 2  
 

 

Variational Formulation of Kinematic Waves 

 

 

2.1 Introduction 

Kinematic Wave Theory was first proposed by Lighthill, Whitham and Richards (Lighthill and 

Whitham, 1955; Richards, 1956).  Therefore, the theory has been called as the LWR theory. The 

theory is based on the flow conservation in a differential equation form combined with the 

fundamental diagram specified by highway characteristics.  Vehicle motions can be described on a 

time-space diagram by solving the differential equation. For this reason, the theory has been 

commonly used to analyse vehicle motions on a highway. 

 

Newell (1993) proposed a three dimensional representation of traffic flow, combining a time-space 

diagram with a cumulative curve introducing three-dimensional axes: time, space and cumulative 

trips. The 3-D representation is a very convenient way to describe traffic encompassing queuing 

phenomena and vehicle motions.  

 

Daganzo (2005a, 2005b) proposed an efficient solution method to estimate vehicle trajectories 

based on the Kinematic Wave Theory on the 3-D surface as proposed by Newell (1993). Once 

vehicle trajectories are estimated, they can be used for several purposes including travel time 

estimation and forecast, signal coordination and emission monitoring.  
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This chapter discusses over the improved solution methods for kinematic wave traffic problems 

with concave flow-density relations.  The solution of a kinematic wave problem is a set of 

continuum least-cost paths in space-time.  The least cost to reach a point is the vehicle number.  The 

idea here consists in overlaying a dense but discrete network with appropriate costs in the solution 

region and then using a shortest-path algorithm to estimate vehicle numbers. With properly 

designed networks, this procedure is more accurate than existing methods and can be applied to 

more problems that are complicated.   

 

2.2 Kinematic Wave theory 

The kinematic wave theory is a theory of one dimensional wave motion that could be applied to 

certain types of fluid motion or to highway traffic flow. More simply, the theorem is based on the 

flow conservation in a differential equation form with the fundamental diagram specified by 

highway features. From this, vehicle motions can be defined on a time-space diagram by solving 

the differential equation. In the LWR model, traffic flow at a particular location and time is related 

to the associated density value through a flow-density mapping which is known as the fundamental 

diagram (Equation 2.1). 

      ( , ) ( ( , ), )
,  ( , ) ( ( , ), )

k x t k q x t x
or q x t q k x t x

 


 
                                  (2.1) 

 

In case when there is no entering or exiting traffic, the conservation equation can be written as 

follows (Equation 2.2).  

( , ) ( , ) 0   

( , ) ( , ) ( , ) 0    
( , )

k x t q x t
t x

k x t q x t q x t
q x t t x

  
    


  

 
   

                      (2.2) 

 

Considering backward wave speed, ( , ) ( , ) ( , )  w q x q x t k x t , Equation (2.2) can be written as: 
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1 ( , ) ( , ) 0q x t q x t
w t x
 

 
 

 

Newell (1993) proposed a different approach, combining the concept of cumulative curves with the 

LWR theory. The approach is further extended towards the three-dimensional kinematic wave 

theory, suggesting to evaluate cumulative number of vehicles ( ( , )N x t ) rather than flow ( ( , )q x t ). 

( , )N x t  and ( , )q x t represent the cumulative number of vehicles and traffic flow at location x  by 

time t , respectively. This approach showed that the cumulative traffic that passes by a location at 

a particular time can be determined by its upstream and downstream boundary conditions by simple 

translations of cumulative curves. The relationships among flow q , density k  and cumulative 

number N  is described as follows. 

( , ) ( , )( , )                  ( , )N x t N x tk x t q x t
x t

 
  

 
 

 

Figure 2.1: Change of the cumulative trips in relation to wave speed 

For one-dimensional traffic movement where the vehicles do not overtake or follows first in-first 

out (FIFO) discipline, variations in the cumulative number of vehicles over space can be evaluated 

through Equation 2.3. 

( , ) ( , ) ( , )dN x t N N dt dtk x t q x t
dx x t dx dx

 
    
 

                  (2.3) 

 

Wave speed =  
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From Equation 2.3, it should be noted that ( , )dN x t dx  rests on dt dx , which is inverse of a 

velocity ( v dx dt ) on the two-dimensional space x t  , specifying the change of  location x  

with respect to time t  . In order to evaluate ( , )dN x t dx  along the characteristic curve that is, 

( , ) ( , )dx dt q x t k x t   , Equation 2.3 is rewritten as follows. 

( , ) ( , ) ( , ) = ( , ) ( , ) = ( , ) ( , ) ( , )dN x t dt kk x t q x t k x t q x t k x t q x t w x t
dx dx q


      


           (2.4) 

 

 
Figure 2.2: Piecewise linear fundamental diagram 

From piece-wise linear fundamental diagram (Figure 2.2), dN takes only two values: 0  for the 

forward wave and jamk dx  for the backward wave in which jamk is the jam density. 

0,         for free-flow region
,  for congested regionjam

dN
k dx


 


                   (2.5) 

 

2.3 Variational Theory  

Daganzo (2005a, 2005b) proposed an efficient solution method to the LWR model which is known 

as VF to estimate N  at any point ( , )x t  in time-space given appropriate boundary conditions at 

0 0( , )x t . In the variational theory, boundary condition of maximum traffic flow and speed are 

denoted by the capacity (or saturation flow rate) q  and the free-flow speed u . Thus, providing a 

 

 

Flow  

  

 

Density  
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solution to find the maximum bound for the simple translations of the cumulative curve N  between 

different points in time–space. As a result, when 0 0( , )N x t  is known (boundary conditions), 

( , )N x t  can be easily estimated. From this when N  is constructed as a function of time t  and 

space x  in a three-dimensional space, function N  will form a surface over time–space plane. Each 

contour of surface N  will represent an individual vehicle trajectory. 

 

2.3.1 Relative Capacity 

A highway has the fundamental diagram ( ( , ), ) ( , , )q k x t x q k x t  in which ( , , )q k x t  is flow as a 

function of density ( , )k x t and location x . While standing at the roadside at a location x , an 

observer can observe a flow ( , , )q k x t   at a time t . However, if the observer moves at a speed u , 

the observed flow would be q ku  [vehicles/unit time]. Such is the concept of moving observer. 

 

Considering a moving observer, the maximum observed flow can be estimated. This is called 

Relative Capacity that is the maximum flow possibly observed by a moving observer. The Relative 

Capacity is equivalent to maxq , in case the moving observer remains still at a position. Similarly, 

when a moving observer travels at speed of u , the Relative Capacity is evaluated as, 

 sup ( , , ) ( , ) ( , )kRelative Capacity  q k t x k x t u x t   with respect to k        (2.6)     
 

 

 

Figure 2.3: Relative Capacity 
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As shown in Figure 2.3, ( , , )q k x t ku  takes the maximum when the wave speed is equal to the 

speed of the moving observer. 

 

2.3.2 Maximum Number of Passing and Cumulative Trips  

A moving observer starts moving from point B  to P  where the cumulative trips are BN  and PN

as shown in Figure 2.4. If the moving observer actually passed by N  vehicles from B  to P , 

PN  must be BN N  . Using Relative Capacity evaluated above, the maximum number of passing 

denoted as BP by the moving observe from B  to P  is denoted as follows. 

sup ( ( , , ) ( , ) ( , ))
t p

k
tB

BP q k x t k x t u x t dt     

 

Figure 2.4: Cumulative trips from boundary points 

 

This is the max number of passing, while travelling at a speed u , which may change overtime. 

Since BP  is the maximum number of passing, P BN N BP   . 

 

If we know the cumulative trips at every point B  on the boundary, PN  must be smaller or equal 

to BN BP   for all B on the boundary. Therefore,  
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  inf    P B BN N BP                                   (2.7) 

On the other hand, suppose that you can trace back from P to the boundary along the wave, w . 

Provided that you successfully reach point P on the boundary, PN  must be written as  

     P BN N W  

Since, from Equation 2.6, ( , , )q k x t ku  takes the maximum when the wave speed is equal to the 

speed of the moving observer, W  must be equal to the relative capacity: W B P   and we 

can write PN as P B BN N W N B P 
      . Since B exists on the boundary,  

 infP B B B BN N W N B P N BP 
                   (2.8)  

 

Therefore, from Equation (2.7) and (2.8),  

     inf inf infB B P B B P B BN BP N N BP N N BP           
 

 

 
Figure 2.5: Relative capacity with a piece-wise linear homogeneous fundamental diagram 

 

As a whole, PN  is evaluated by taking the minimum value of BN BP  from all boundary points, 

provided that the boundary can be successfully traced back from point P  at the wave speed. Note 

that the trajectory of W  from P  to B  may not be a straight line, since the fundamental diagram, 

  

 

  

 



Chapter 2: Variational Formulation of Kinematic Wave 

15  

( , , )q k x t could be different at different locations. Only when ( , , )q k x t  is the same at all locations, 

W  must be a straight line because flow does not change along a wave.  

 

For the more practical use and for simplicity, let us consider a homogeneous highway section with 

a piecewise linear fundamental diagram. When a moving observer travelling at speed u  from point 

B  to P , the observer will count the number of passing vehicles based on the relative capacity. For 

a homogeneous highway, the number of passing is independent of the path from B  to P as shown 

below. 

  max
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max max
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2.4 Summary  

This chapter discusses the variational formulation of kinematic waves that is proposed by Daganzo 

(2005a, 2005b) and later elaborated by Kuwahara (2015).  Variational formulation is a partial 

differential equation that requires two boundary conditions that is set by the dataset of cumulative 

counts and time-space data of probes. The VF is based on the triangular shaped fundamental 

diagram as proposed by Newell (1993) and searches for the shortest path from one node to another 

node in the mesh network. 

 



 

Chapter 3  
 

Trajectory Reconstruction 

 

 

3.1 Introduction 

Vehicle trajectories contain a lot of useful information of a traffic stream such as acceleration and 

deceleration pattern. With the help of trajectories, it is possible to visualize the vehicle movements 

within a traffic stream. This visualization improves the understanding of the traffic system. 

Furthermore, vehicle trajectories can be used for the calculation of external effects, like air pollution 

and emissions, and traffic safety accelerations.  

 

Using GPS equipped probe sensor the trajectory of a vehicle is known at every instance. Combining 

the data from various sensors (e.g. video sensor, probe sensor), it is possible to record and map the 

location of vehicles on each time step. The traces of individual vehicles can then be drawn on a 

space-time diagram to represent the trajectory. A sample trajectory plot is shown in Figure 3.1. The 

bold line corresponds with a trajectory of an individual car. For this specific example, data is 

extracted from a micro-model prepared in VISSIM, in which a piece of road was simulated, with a 

speed limitation at about 1100 meters from the beginning. A detailed view of the trajectories is 

given in Figure 3.2.  
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Figure 3.1: A Sample Trajectory Plot 

 
Figure 3.2: A detail view of the Trajectory Plot 

 

The fundamental relationship among speed, flow and density is significant, since the concept of 

trajectory reconstruction is based on these traffic parameters of a particular corridor. Note that in 

general, density is estimated from the measured speed and flow. The proof of this relation is based 

on Yperman (2007), where the flow q  is measured as the number of vehicles n  passing a point 

during a certain interval: q n t    
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Being multiplied by a small differential of space dx , the numerator transforms into the total distance 

travelled and the denominator represents a certain time-space region.  

ndx Total Distance in Space - time region
q = =

Dtdx Area of  Space - time region
 

 

The density k  is defined as the number of cars n  on a certain stretch of road, k n L  . When 

multiplied by a small differential of time dt , the numerator represents the total time spend within 

the time-space region and the denominator represents the time-space region.  


 


n dt Total Time in space - time region 
k

Ldt Area of  space - time region
 

 

The average speed in a time-space region is defined as the total distance travelled for a particular 

period. Thus by combining the previous two equations, the speed can be defined as follows. 

 
Total Distance in space - time region q

v
Total time space - time region k

 

 

This equation shows that the density can be estimated from the known value of average speed and 

average flow rate of a certain time-space region. With only the average speed and flow rate known, 

the passing of the cars can be graphically depicted as displayed in Figure 3.3. As shown, the flow 

rate is defined by the number of red lines on a horizontal line between xt   and  1xt  , and the speed 

is defined by the steepness of the slope of the (red) lines. With this information, the density can be 

calculated. In this time-space region, vehicle trajectories can be drawn, with the continuous line 

shown as an example. However, there is an infinite number of possible trajectories, which fulfill 

the macroscopic data requirements. In reality all horizontal grid lines between xt  and 1xt  are filled 

with these red lines. 
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Figure 3.3: Representation of macroscopic data, with a possible trajectory 

 

3.2 Literature review  

Trajectory reconstruction is advantageous in travel time estimation, forecast, signal coordination, 

emission monitoring and evaluation of efficiency of different signal timing plans. Ban et al. (2011) 

proposed a methodology to reconstruct short trajectories of the entire traffic flow using sample 

vehicle trajectories around a signalized intersection. The authors also presented a scope where the 

estimated vehicle trajectories can be used to estimate queue length of the intersection, which is 

critical to signal optimization and control. 

 

Ni and Wang (2008) proposed a vehicle trajectory reconstruction model which shows only 6.3 

percent mean average error in comparison to actual travel time. The temporal data was collected 

with the help of existing ITS technology and GPS equipped probe vehicle was used to collect spatial 

data. The high variation of raw data and abrupt change of speed were carefully analyzed and 

avoided by a smoothing scheme. By representing vehicle speed as a function of time and space, a 

speed surface was constructed. However, when space is expressed as a function of time, a 

differential equation is formed and the travel time is estimated from the corresponding solution. 

This time-space interdependent equation works as an analytical formulation of trajectory 
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reconstruction given its boundary condition and the equation is solved using finite difference 

method.    

 

Coifman (2000) presented a method for link travel time estimation using an individual dual loop 

detector. The concept evolved on the basic ideas of traffic flow theory to extrapolate local condition 

to an extended link. Dual loop detector recorded vehicle speed and arrival time data. These speed 

data was then plotted on time-space diagram as a slope of the chord at its corresponding time. This 

chord is truncated as soon as vehicle reaches another detector at another location and the connection 

among the chords along a route yielded vehicle trajectory. More simply, two equations were 

developed to find the largest cumulative number of vehicles and their corresponding travel times. 

Finally, the vehicle trajectories were reconstructed by calculating the cumulative sum at each end 

of the chords from the developed equations.   

 

To estimate unbiased vehicle trajectories, stochastic and systematic component of error should be 

eliminated from sample data. With this goal Punzo, Borzacchiello and Ciuffo (2011) reviewed 

filtering techniques for trajectory data. They conducted a systematic analysis to understand the 

quality of NGSIM data and whether they need a post-processing. For reconstruction from discreet 

observations a piecewise linear approximation was assumed and corresponding error was neglected 

at a NGSIM data frequency. Three kinds of analysis were performed on NGSIM data. Jerk analysis 

examined the feasibility of data, internal consistency was evaluated on individual vehicle, platoon 

consistency was evaluated on pairs of vehicle and to understand the type of data and their source 

spectral analysis was performed. The random component of error was eliminated by simply 

smoothing the trajectory with a Butterworth filter. The Requirement of consistency of estimated 

trajectories was discussed and a criterion to estimate unbiased trajectories was provided.     

 

Herring et al. (2010) proposed a Hidden Markov Model (HMM) of the spatial congestion 

correlation between neighboring roads from a sparse GPS probe dataset of vehicle travel traces. 

Herrera and Bayen (2010a) used Kalman filtering techniques and Newtonian relaxation to integrate 
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point detection and mobile sensors into a high-resolution traffic state estimation of a freeway. Their 

algorithms were evaluated using both empirical ground truth freeway data and actual in-vehicle cell 

phones with GPS receivers (Herrera and Bayen, 2009). They were able to estimate vehicle densities 

of multilane 120-foot segments with a root-mean- square error of 1.78 to 2.44 vehicles depending 

on assumptions. However, they did not estimate individual vehicle locations, as the goal of their 

research was a more accurate estimation of freeway status between point detectors. Hofleitner et al. 

(2012) developed a Bayesian Network based arterial travel time forecast model that assumed a 

uniformly distributed intersection delay. Both models applied traffic flow theory to reconstruct the 

entire traffic flow of an arterial network from sparse data. However, the derivation of these models 

is usually accompanied by some fundamental assumptions, which may restrict their practicality.  

 

When a driver enters a highway, he needs accurate information of the travel time and traffic 

condition within this time. Use of AVI technology for this purpose is troublesome, costly and not 

at all effective. If travel time pattern can be directly obtained, statistical analysis can directly be 

applied in travel time estimation. Soriguera et al. (2007) followed Bayesian approach to fuse loop 

detector and toll ticket data, which requires no extra investment and developed a method for short-

term travel time forecast. This method overcomes the shortcoming of Spot speed algorithm and 

cumulative flow algorithm used for travel time estimation from loop detectors. This is a two level 

fusion process; the first fusion uses fuzzy logic to determine the congestion state and then it fuses 

ITT values. The second one uses probabilistic, evidential, or fuzzy logic operators to fuse Predicted 

travel time obtained from both sources. The main advantage of this method is, if data from one 

source is unavailable or contains high error, travel time can still be estimated relying on best 

available data.  

 

Berkow et al. (2009) presented a prototype for data fusion to characterize arterial performance 

system. An algorithm was proposed combining traffic signal data and probe vehicle data although 

neither of the data sources was designed for this purpose. The algorithm picks up the points that 

match with most of the traffic signal data, where probe data provides with spatial information. They 
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reconstructed bus trajectories to find out the regions in time-space diagram that experience 

congestion most. However, data-receiving frequency from detectors was limited and poor 

calibration could not be avoided. More importantly, they did not consider delay at signalized 

intersection. 

 

Sun and Ban (2013) developed a method to reconstruct short vehicle trajectories for the entire traffic 

flow at arterial signalized intersections using sample vehicle trajectories and sample travel times 

obtained from mobile traffic sensors. They applied the variation formulation (VF) method to solve 

the traffic flow problem. In order to correctly apply the VF method, the optimization-based method 

and the delay-based method is proposed to estimate the shockwave boundaries, which are then used 

to reconstruct short vehicle trajectories.  

 

Hao et al. (2014) proposed a probabilistic traffic state model to quantify the likelihood of each 

possible scenario. The travel time and distance between data point pairs were distributed to all 

driving modes, and computed the conditional probability given calibrated a priori distributions. A 

second-by-second trajectory is then reconstructed based on the optimal driving mode sequence.  

 

Coifman and Cassidy (2002) proposed a creative algorithm to detect the possible wide jam using 

measurements at fixed loop detectors. Then vehicle trajectories are reconstructed with respect to 

the estimated wide jam. However, it is susceptible to biased estimation, especially when jams 

emerge between the upstream and downstream detectors. To address this shortcoming, Li et al. 

(2013) devised an amendment over Coifman and Cassidys (2002) approach, incorporating a new 

speed interpolation algorithm by using the time series of observed speeds and time headways at 

fixed detection locations based on the recently developed temporal–spatial queuing model in Chen 

et al. (2010). Test results validate that the modified algorithm improves quickly time-varying travel-

time estimations in some cases.  

 



Chapter 3: Trajectory Reconstruction 

23  

Barrios and Motai (2011) proposed an improvement over the trajectory estimation process by 

implementing four Kalman Filters (KFs) and Global Positioning System (GPS), to account for the 

four states of an automobile. The states are constant locations (CLs), constant velocity (CV), 

constant acceleration (CA), and constant jerks (CJ). Four KFs were set up to be part of an 

interacting-multiple-model (IMM) system that provided the predicted future location of the 

automobile up to 3 second ahead of time. To improve the prediction error of the IMM setup, the 

authors have added an iterated geometrical error-detection method based on the GIS system.  

 

Monteil, Mehran and Kuwahara (2009) emphasized that data fusion techniques should be based on 

traffic engineering concepts and consider signal-timing parameters as input of travel time 

estimation. They proposed a model in which AVI data and probe vehicle data are fused and delay 

at signalized intersection was considered to reproduce vehicle trajectories. The basic assumptions 

were: i) free flow prevailed in each link; considering the geometry and length of the link and number 

of un-signalized intersection, it was different in each link, ii) there was no entering or leaving 

vehicle within the study area, iii) no queue was caused by turning vehicle at any un-signalized 

intersection. An equation was provided to define starting shockwave and it was constant for every 

signalized intersection. Assumptions and GPS positioning errors led to some inconsistencies 

between probe trajectories and reproduced trajectories. Later, probe trajectories were adjusted 

according to reproduced trajectories.     

 

Apart from the use of singular or multiple data sources for trajectory reconstruction and travel time 

estimation, alternative applications have been visited by researchers. Wada et al. (2015) proposed 

two alternative application of vehicle trajectory on signalized arterials by using probe vehicles 

rather than fixed sensors. One relating to traffic signal timing estimation and the other involving 

traffic volume estimation. Both of these applications follow a simple methodology that combines 

vehicle trajectories and traffic engineering concept of shock wave.  
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Kuwhara (2015) proposed a method based on the kinematic wave theory to estimate trajectories of 

all vehicles running along a road section considering incoming and outgoing vehicles in the 

midblock section. Then the methodology is applied over signalized arterials and intercity 

motorway. Mehran et al. (2012) examined a fusion network by combining fixed and probe sensor 

data for reconstructing vehicle trajectories on signalized urban arterials. The methodology is based 

on kinematic wave theory developed by Lighthill and Whitham (1955); and Richards (1956). This 

theory expresses a functional relationship between traffic flow q  and density k . Newell (1993) 

combined the concept of cumulative curve with this theory and formed a formula to address 

variation of cumulative number of vehicles, where vehicle trajectory is considered as a 3D contour 

of a constant cumulative height. A network is formed resembling triangular fundamental diagram 

where each node represents the height of cumulative surface in time-space domain. Now, if the 

cumulative count of a vehicle is known at upstream, its trajectory is indicated by the points joining 

same height. For calculating this cumulative counts, a solution method proposed by Daganzo 

(2005a, 2005b) based on variational theory is employed. Although the original solution method 

couldn’t account for the vehicles coming in and out of study area, an extended algorithm is proposed 

here to incorporate these vehicle as in real life the number of these vehicles are quite high. The 

experiment was conducted on a single lane with six signalized intersection. Traffic flow and density 

were assumed to be constant along the link with space and time and no overtaking was allowed.  

 

The method proposed by Mehran et al. (2013) is based on kinematic wave theory and is capable of 

using probe trajectory information completely. Such features enable reasonable estimation of 

vehicle trajectories using minimum input data. Moreover, particular techniques were introduced in 

the study to incorporate incoming or outgoing vehicles in the middle of the study section. The 

methodology was then applied to real world data and its performance was evaluated over a range 

of different scenarios.  
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Feng et al. (2015) studied a vehicle trajectory reconstruction method for a large-scale network by 

using Automatic Vehicle Identification (AVI) and traditional detector data. The proposed method 

yields high estimation accuracy for the full trajectories of individual vehicles and the OD matrix, 

which demonstrates significant potential for traffic-related applications. Montanino and Punzo 

(2015) devised a ‘‘traffic-informed’’ methodology to restore physical and platoon integrity of 

vehicle trajectories in a finite time–space domain and a general simulation-based validation 

framework for quantitative assessment of model performances. 

 

There has been some effort to create a trajectory dataset in mixed traffic condition at urban midblock 

using video sensors (Kanagaraj et al. 2015). In the study, trajectory data is extracted from the video 

sequences using specialized software and processed using the locally weighted regression method 

proposed by Toledo et al. (2007) in order to reduce measurement errors and to obtain continuous 

position, speed and acceleration functions. Moreover, finally the authors listed three different 

characteristics of mixed traffic condition that should be helpful for driving behavior models. 

Afterwards, they presented a more refined methodology using locally weighted regression to 

estimate vehicle trajectory, and speeds and accelerations. A growing number of researchers have 

developed simulation-based models and investigated the influence of lane discipline, intra-class 

variability, and composition and their interaction on mixed-traffic flow characteristics (Gowri et al. 

2012). 

 

To the best of our knowledge, vehicle trajectory data in mixed traffic condition has not received 

much attention compared to lane based conventional traffic condition. This may be due to the 

difficulty and high cost involved in data collection and extraction, and complexities associated with 

non-lane base movement and heterogeneous vehicles types with varying physical dimensions and 

dynamics.  
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3.3 Trajectory Reconstruction Methodology 

In this section, the trajectory reconstruction methodology based on VF is explained. Vehicle 

trajectory will be reconstructed following several steps as follows: (i) Collection of traffic data 

(speed u , flow q , and density k ) to estimate Fundamental Diagram parameters (free flow speed 

fu , capacity q , jam density jk ); (ii) Development of lopsided network using the FD parameters; 

(iii) Collection of upstream count using video sensor/loop detector; (iv) Collection of reference 

trajectory data from probe vehicle or GPS sensor; (v) Use FD parameters to draw the lopsided 

network; (vi) Input the boundary conditions ((iii) & (iv)) into the lopsided network; (vii) Apply 

Variational Theory in each node of the lopsided network; (viii) Plot contour of the solution matrix 

generated from variational theory to obtain vehicle trajectory; (ix) FD parameters are estimated 

from probe sensors to improve the accuracy of the reconstructed trajectory.  

 

3.3.1 Data Collection 

The study section covers a typical urban roadway 1 km in length with two signalized intersection 

consisting of Nilkhet and Katabon in Dhaka, Bangladesh. The prevailing roadway characteristics 

consist of non-lane based heterogeneous traffic, offering a significant amount of non-motorized 

vehicle (NMV) activity and side friction from boarding and alighting activity of public transport. 

The experimental setup includes eight probe sensors and four video sensors. Video sensors are 

installed at four locations along the study section to analyze traffic state parameters (speed, flow, 

and density). These parameters are recorded to construct a fundamental diagram of the study section 

and estimate parameters, such as capacity, free flow speed and jam density.  

 

An evening peak (5:00 PM to 6:00 PM) is selected and extracted from a large dataset of field 

observation on June 18, 2015. For this study, the probe sensors recorded longitude- latitude using 

GPS equipped mobile sensor at 5-second interval. The recorded data is then obtained using android 

software developed by the authors named as ‘Way Out’. Traffic signal data including phasing, cycle 

length and signal timings are obtained from field measurement. It is a fact that the traffic signal is 
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usually maintained by traffic police in the study condition. Considering average phase time and 

phase sequence in field condition at peak and off-peak periods, 30 cycles are recorded to determine 

the phase timing for each of the approach. For simplification, it is assumed that there are no vehicles 

entering or leaving the study area from midblock intersections. 

 

3.3.1.1 Probe Software 

The software is developed for android-based smartphones to collect real time traffic information 

analogues to probe sensors. It utilizes Google Map Application Program Interface (API) to show 

real time location and java methods to track the time stamps and GPS locations. This application 

uses System.currentTimeMillis() method to get the time stamp for GPS location. The temporal 

parameter extracted from this application is often called “Unix time” or “epoch time”. ‘Unix time’ 

is the current time in milliseconds since January 1, 1970 00:00:00.0 UTC. However, ‘Unix time’ 

has some drawback like leap second, which is important to synchronize between time reckoned by 

Earth's rotation and atomic time. This study deals with temporal difference of the probe location 

and thus, has no effect of the aforementioned limitation. 

 

Relating to time stamp, another method termed “nanoTime()” can be adopted. The “nanoTime()” 

method overcomes the leap second effect. However, it counts time with reference to future time 

which is different for different application devices. In order to keep the reference time same for this 

study, System.currentTimeMillis() method is adopted. The requestLocationUpdates() method is 

used to record the current longitude and latitude reading. This method uses two parameters for 

location reading: (a) minimum time between updates; and (b) minimum distance change for 

updates. Temporal difference is used to indicate the minimum temporal difference and spatial 

difference to indicate minimum distance between two consecutive readings. The minimum time 

interval between updates is hard-coded to be 5 seconds and the minimum distance change for 

updates is fixed to be 1 meter. For generating reliable trajectory estimation these conditions are 

enough to create time-space data sets.  
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Figure 3.4: Flowchart Detailing the Methodology of Trajectory Reconstruction 

  

A parametric study is conducted to check the effect of those effects. After retrieving the location 

data along with time stamp, all data is transferred to the server using post() method. A PHP 

framework server is developed to receive the data from the android application “WayOut”. The 
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database in the server has two tables for user and location. The users table stored identification 

number and identification name of users and the location table stores time stamp, longitude and 

latitude along with identification number of user. A website is developed to download all the data 

stored in the database in csv format. A subsequent analysis is carried out for this study to find out 

the important features of probe travel behavior.   

 

 

(a) 

   

(b) (c) (d) 

Intersection 2 

Intersection 1 
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(e) 

  

(f) (g) 

 

(h) 

Figure 3.5: (a) Study site; (b) Snapshot of the Probe Software Icon;(c) Snapshot of probe 

software interface (d) Snapshot of the user interface (e) Snapshot of database transmitted by the 

probe software; (f) Density interface of Video Image Processing (VIP); (g) Count interface of 

VIP; and (h) Speed interface of VIP 
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3.3.1.2 Video Image Processing 

The video sensor data is extracted using video image processing algorithm. Among all image-

processing techniques, the most common BGS (Background Subtraction) technique has been 

adopted. A software in MATLAB using GUI (Graphical User Interface) is developed, integrating 

BGS with some major extensions. These extensions enable the algorithm to overcome some major 

challenges. While developing the object detection algorithm several environmental challenges such 

as non-lane based movement, NMV detection, camouflage, camera jitter, sudden illumination 

variation, dark car and shadow, low camera angle and elevation are addressed to ensure high quality 

data extraction. The software requires video data, vehicle geometry as input and provides speed, 

flow and density at required interval. For flow, strip based counting method is used by combining 

successive incremental differentiation. For speed, the whole field of vision is segmented and the 

change in center of area of object in each segment is detected to find the corresponding pixel speed. 

The actual instantaneous speed is obtained through calibrating the pixel distance with field distance. 

Then, the instantaneous speed is converted into time mean speed and space mean speed. For 

measuring density, the binary pixel density of objects within the field of vision is determined. 

Afterwards, the pixel density is converted into actual density by using the actual field measurement. 

The algorithm is developed as such the traffic within the video is not considered as a scattered finite 

pixel, rather the pixel information is converted into numeric one to detect a vehicle.  

 

3.3.2 Fundamental Diagram Analysis 

Fundamental diagram is of great use for the reconstruction of trajectories using traffic flow theory. 

Fundamental diagrams describe the fundamental relation between the flow, speed and density. The 

basic relation between flow, speed and density is given by *Q k u . With the fundamental diagram 

known, only one of these three values has to be known to calculate the other two. Most of the 

macroscopic models rely on this diagram, which can have several shapes. The fundamental diagram 

important for this research is described afterwards.  
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Newell (1993) developed a much simpler fundamental diagram: a triangular shaped flow-density 

diagram, where k  is the optimal density. With this triangular shaped diagram, it is possible to solve 

the conservation law as proposed by Lighthill and Whitham (1955). 
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According to Yperman (2007), this partial differential equation can be solved, given the initial and 

boundary conditions. In this equation  
( ( , ))Q k x t

k



  is the slope of the fundamental diagram, which 

is a constant when a triangular shaped form is assumed. 

 

3.3.2.1  Use of the Fundamental Diagram 

With the fundamental diagram, the speed of lines with a constant density, characteristic lines, can 

be found. The speed of this line is the tangent of the fundamental diagram, q k  . When a 

characteristic line departs at a certain location, the arrival at the next location can be estimated. At 

that location, the density can be checked, and when this is almost the same as at its departure, it is 

likely that this line is not intersected by a shock wave. 

 

In this way, the area between two locations can be estimated using the characteristic line. The 

independent variable could, in theory, be either the flow rate, the density or the speed. However, 

there are two values for the speed and the density for every flow rate and, when Newell's 

fundamental diagram is used; the speed in a free flow traffic situation is independent of the density. 

Therefore, only when the density is used as independent variable it gives unique answers for the 

flow rate and the speed. 
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Traffic parameters of a particular roadway such as capacity, forward wave speed and jam density 

varies due to on-street parking, presence of NMV etc. A detail analysis is a prerequisite considering 

the effect of such varying parameters to represent actual scenario. Moreover, trajectories estimated 

from these parameters would not reflect the traffic condition over the roadway. Thus, it is of 

paramount importance to obtain these parameters and record any certain change over time to 

construct a representative fundamental diagram (FD) that will ensure good estimation of trajectory. 

To construct a meaningful and representative FD a combination of linear and quantile regression as 

proposed by (Dervisoglu et al. 2009) is used in this study.   

 

Figure 3.6(a)-(b) shows the fundamental diagram considering 5 minutes resolution data of two 

typical locations. The analysis is carried out on the dataset extracted over a period of 12 hours on 

June 18, 2015. The FD parameters at different locations are also illustrated in Figure 3.6(c). The 

analytical values show that the parameters are not constant along space, thereby suggesting the 

existence of side friction within the study segment especially in location 2. The qualitative 

improvement of the trajectory, using variable fundamental curve for different locations is also 

presented in the following Figure 3.6(d)-(e). 
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(b) 

 
(c) 

  
(d) (e) 

 

Figure 3.6: (a) FD for location 1; (b) FD for location 3; and (c) FD parameters at different 

locations of the study area; (d) Estimated trajectory before using variable capacity; (e) Estimated 

trajectory after using variable capacity 
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3.3.3 Development of Lopsided Network 

In Variational Theory, the time-space is modelled by a dense discrete network consisting of nodes 

and short straight valid paths as links with the following two properties: (i) the slopes of links 

branching from each node that represent feasible wave speeds; and (ii) link costs that represent the 

allowable change in the cumulative number of vehicles along valid links. 

 

More simply, the solution domain in time-space can be created with a lopsided-network considering 

a simple triangular fundamental diagram with feasible wave speeds of u  (forward wave speed) and 

w (backward wave speed) with identical steps in the time-space plane. The nodes are on a 

rectangular lattice with space-separation steps  and time-separation stept . There are sets of links 

pointing to any node with slopes along forward wave and along backward wave. Each node in the 

network represents the height of the cumulative surface at a specific point. Coordinate system is 

defined with i   coordinate along the backward wave and j   coordinate along the forward wave. 

The cumulative number of the vehicles at node ( , )i j , is presented by ( , )N i j . 

max
max ( )j

qw q k
u

                                                                                                                   (3.1) 

 

From Equation 2.5, the link cost along the forward wave is zero, which implies that there is no 

change in the cumulative number of the vehicles along the forward wave. On the other hand, the 

link cost along the backward wave is projected by multiplying the jam density jk  by steps . For red 

intervals in the solution domain, the cost along the links corresponding to the red intervals becomes 

zero. In variational theory, optimization is performed to find the height of each node in the network. 

The shortest path algorithm with the link costs explained above used for calculating vehicle number. 

max step step
step

j

q t u w t
s

k u w
 

 


                                                                                                      (3.2) 
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Variational theory provides an efficient solution method when 0 0( , )N x y  and 0 0( , )q x y at some 

boundary point is given. Variational theory estimate N  at any point ( , )x t  in time-space by 

considering the problem as a capacity constrained optimization problem. Considering maximum 

traffic flow and speed are bounded by the capacity maxq  and the free-flow speed u , variational 

theory provides a solution to find the maximum boundary for the variation in N  between. As a 

result if 0 0( , )N x y  is known (boundary conditions) one can easily estimate ( , )N x y . By 

constructing N  as a function of time t  and space x  in a three dimensional space, function N  will 

form a surface and the function N  will be compiled with time-space plane. Each contour of surface 

N  will represent an individual vehicle trajectory. 

 

 
Figure 3.7: Solution domain and network configuration in time-space 

 

Considering the First in First out (FIFO) discipline, N  along a probe trajectory path on the solution 

network represents a constant value. If probe trajectories are used as a reference, a constant height 
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should be assigned to the network nodes near the probe trajectory and they can be considered as 

additional boundary conditions.  

( , ) min{ ( , 1), ( 1, ) }j stepN i j N i j N i j k s                                                                         (3.3) 

( , ) Min{ ( , 1), ( 1, 1), ( 1, ) }j stepN i j N i j N i j N i j k s                                                     (3.4) 

 

The boundary conditions can be reset as soon as newer probe trajectory data become available. 

Given the boundary jam conditions at upstream, downstream and the reference probe trajectory in 

Figure 3.7, the basic data fusion framework is only suitable for reconstructing vehicle trajectories 

from the passage of the reference probe trajectory up to the present time ( ABCD  area). 

The data of the lopsided network are arranged in a way that simplifies the structure for different 

locations. However, the inclusion of location approach adds complexity in determining backward 

wave speed and steps . It induces change in steps with different capacity, free flow speed and jam 

density. In this regard, the following steps are used: (a) the capacity, forward wave speed, jam 

density are given input in different space location cell; (b) the time space is generated using these 

data provided that data are obtained from analysis. Afterwards,  is determined using the following 

Equation 3.5.  

steps
w

                                                                                                                                                        (3.5) 

Figure 3.7 is determined using Equation (3.6). 

mid stept t                                                                                                                                      (3.6) 

Above, stept  is the summation of midt  and . midt  is the time required to cross steps in free-flow speed 

u . It is very important parameter to create lopsided network. In the next step, the time in lopsided 

network is determined using, ( , ) ( , 1) midt i j t i j t   . 
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3.3.4 Placement of Probe Data in Lopsided Network 

One of the main challenges of this study is the placement of probe data into the lopsided network. 

The probes have regular time space properties, whereas the lopsided network has a time space 

inclined by an amount equivalent to forward wave speed. Since this difference restricts direct 

interaction, the probe data can be inserted into the lopsided network in two ways: (a) lag time 

approach; and (b) interpolation. In lag time approach, the regular position of probe in the time space 

is determined. Afterwards a specific time lag is deducted from the actual time. For instance, a probe 

is at ts  position at time t . The lag time can be calculated using Equation (3.7) where, u  is the 

forward wave speed. Later, the time location in lopsided network is determined using Equation 

(3.8) where, lopt  is matched in zero distance and it will take the probe in ( , )tS t co-ordinate in 

lopsided network. 

t
lag

st
u

                                                                                                                                            (3.7) 

lop lagt t t                                                                                                                                        (3.8) 

In interpolation approach, the lopsided time space is created using midt  and t  where, step
t

s
w

 

and mid tt tstep                                                                                                                                 (3.9) 

Subsequently, the time for each node in the lopsided network is calculated using, 

                                   1            
( , )

( 1, )            1            lop
lop mid

t i
t i j

t i j t i


 
  

                                                                                                 (3.10) 

 

In interpolation technique, using ( , )t i j , the position of the probe vehicle is calculated by 

interpolation for lopsided time. The probe time-space data is then used and the position is fixed in 

the lopsided network. Following this, the valid spaces are marked as ‘1’ if it matches with the 

corresponding space. 
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3.3.5 Capacity Fluctuation 

For constructing vehicle trajectories in heterogeneous mixed traffic (HMT) condition, where side 

friction and non-motorized vehicle (NMV) is prominent; some additional treatment is required. As 

in such kind of situation capacity along the roadway varies from one segment to another. For this 

spatial variation of roadway capacity can be used to modify the solution network and hence to 

improve the estimation of vehicle trajectory. For this purpose, there is a strong need to fathom 

fundamental characteristics to prepare solution network for simulating the field condition.  For 

HMT and NMV the variational theory can handle the problem as considering them as shortcuts that 

affect the vehicle trajectory reconstruction. Therefore, this solution method can be implemented in 

this situation. 

 
Figure 3.8: Effect of Capacity Fluctuation on the Lopsided Network 

 

Figure 3.6 shows the actual change in the trajectory and Figure 3.8 explains the change in FD and 

the lopsided network. Let, the cumulative height along AB  is n . On the contrary, the cumulative 

count of vehicles at C  is n m . When the traffic state parameter changes after point E , the 

distance 1s  will be reduced to 2s  due to change in backward wave speed according to Equation 
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(3.2). Now, using Equation (3.3) the cumulative count at F and G can be computed. The 

cumulative count at F  is 1F jN n k s    provided that 1jm k s   and at G is 2G jN n k s     

as  1 2s s  ensures 1 2j jn k s n k s     1 2j jn k s n k s      . Therefore, a typical contour line 

having value  n r  where r m  and 2jn r n k s    , will pass through the connecting points A

, C , and E , F .  However, when the contour line moves forward it may face the condition 

G FN n r N    and move on to intersect the path of FG . It should be noted that the cumulative 

count at point F  is greater than point G , which will not have occurred if the capacity remains 

constant. If the capacity remains constant, the condition becomes 1 2s s   and the cumulative count 

of GN  and FN  becomes equal. Consequently, the line n r  would go with its initial path provided 

that it does not face any signal. 

 

 
Figure 3.9: Change in Fundamental Diagram 

3.3.6 Analysis  

For extracting the actual traffic condition, eight probe vehicles is used. The GPS sensor data from 

each probe vehicle has been obtained in the form of latitude and longitude. Then the latitude and 

longitude has been converted into actual distance with respect to starting point of study area using 
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Equation (3.5) where, 1 = latitude of location 1 (rad); 2 = latitude of location 2 (rad);  = 

difference in longitude (rad); and  R = arc radius (6371 km). 

                                                                   (3.5) 

 

3.3.6.1 Qualitative Analysis 

Trajectories without reference probe 

This section contains analysis of estimated trajectory, assuming fundamental diagram parameters 

as constant. The constant value of , and is 1740 veh/hr, 10.5 km/hr and 350 veh/km 

respectively. Figure 3.10(b) shows estimated trajectories for the selective study area without using 

any of the probe trajectories as reference. The shaded lines are estimated trajectories of the study 

area. The figure shows that the trajectories after 5:25 PM have become flat due to error in 

estimation. It represents that if no reference probe is used the flow behavior cannot be estimated 

precisely. Figure 3.10(a) shows that the pathways of probe 1, 2, 3, 4  have significant similarity 

with the estimated trajectory. While the 5th, 6th, 7th, 8th probe trajectory shows considerable 

shockwaves due to the congested traffic conditions and side friction, its corresponding estimated 

trajectories reflect quite different condition, specifically free-flow between the intersections. When 

probe trajectories are not used as reference, the study area is considered as an empty street segment. 

Thus, the impact of bottleneck conditions and the corresponding backward waves from earlier time 

intervals are not reflected in the estimated trajectories. 

 
(a) 

1
1 2 1 2cos (sin sin cos cos cos )d R          

maxq u jk
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(b) 

 

(c) 

 

(d) 
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(e) 

 

(f) 

Figure 3.10: (a) Trajectory of 8 Probe vehicles along the study section; (b) Trajectory of probe 

vehicles without reference probe; (c) Estimated trajectory using probe 1; (d) Estimated trajectory 

using probe 4; (e) Estimated trajectory using probe 5; and (f) Estimated trajectory using probe 6. 

 

 Trajectories using different reference probe 

When probe data is used as reference, the similarity between the estimated trajectory and the 

corresponding probe trajectory improves significantly. The trajectories estimated using different 

probe vehicles is illustrated in Figure 3.10(b). When probe 1 is used as reference, the estimated 

trajectories for probe 2 and 3 have great similarity with the actual probe path. However, this is not 
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the case for probe 4 to 8, where the estimated trajectory is significantly different from the actual 

path (Figure 3.10(a)). Figure 3.11(a) shows that probe 1, 2, 3, 4 are in congested region due to tidal 

flow during commuting time. On the contrary, probe 5, 6, 7, 8 faces very different situation than 

the earlier probes. Thus, the estimated trajectories of probe 2, 3 with respect to reference probe 1 

reflect similar condition of the roadway.  

 

For reference probe 4, the estimated trajectories at the entry point of probe 5, 6, 7 and 8 are similar 

(estimated and measured travel time almost same), although there is a significant difference in entry 

time about 30 minutes between the reference probe and probe 5, 6, 7 & 8. Note that reference probe 

4 can estimate the trajectory of other probes fairly with high accuracy as the congested situation is 

almost same for all probes (4 to 8).  

 

When probe 5 is used as a reference, the estimated trajectories at the entry point of probe 6, 7, & 8 

are similar with actual probe path as well as travel time and it can detect the every detail maneuver 

of other probes seemingly well. Likewise, the estimated trajectories of probe 7 and 8 shows 

significant similarity with the actual trajectory when probe 6 is used as a reference. 

 

3.3.6.2 Quantitative Analysis 

Travel time of vehicles is the measure of quality of the estimated trajectory. In this study, travel 

time is recorded each time when the probe sensor equipped vehicles are inserted into the traffic 

stream for data collection. The following table represents the travel time of 1 km distance of the 

study section for all the probes. 

 

Table 3.1: Travel Time of Probes 

Probe No. 
Starting time 

(12 hour format) 

Ending time 

(12 hour format) 

Travel Time 

(minute) 

Probe 1 5:4.1358 5: 29.5679 25.4321 
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Probe 2 5: 8.5802 5:30.3086 21.7284 

Probe 3 5:13.0247 5:31.4198 18.3951 

Probe 4 5:21.1728 5:35.3704 14.1976 

Probe 5 5:49.1975 5:62.9012 13.7037 

Probe 6 5:50.6790 6:3.5185 12.8395 

Probe 7 5:54.1358 6:3.7654 9.6296 

Probe 8 5:56.7284 6:12.0370 15.3086 

 
 

The Figure 3.11(a) shows the change in travel time with time estimated from the probe vehicles for 

1 km segment. It can be inferred from the Figure 3.10(a) that the travel time decreases with time. 

It shows that a peak period was prevailing before 5:00 PM. 

 

The Figure 3.11(b) shows the travel time of 0.5 km stretch of the study section for each probe. This 

portion of the roadway segment does not contain any signal. As a result, vehicle can enjoy free flow 

speed in this stretch of the roadway. The straight line up to 0.5 km represents free flow condition 

of the vehicles. It can be seen from the Figure 3.10(a) that the probe vehicle 5 and 6 suffers from 

sudden shockwave. On the contrary, Figure 3.11(b) shows that the travel time to pass this 0.5 km 

segment where the shockwave has occurred is increasing with time. It represents that, the 

diminishing of peak period is decreasing the demand of the road. However, this decrease in demand 

promotes unauthorized on-street parking. This behavior induces side friction and reduces capacity, 

thereby increasing travel time. This phenomenon is explained previously in the fundamental 

diagram section. 

 

Table 3.2: Travel time of Probes in Free Flow Condition (0.5 km of the study section) 

Probe No. 
Starting time 

(12 hour format) 

Ending time 

(12 hour format) 

Travel Time 

(minutes) 

Probe 1 5:4.1358 5:6.4650 2.3292 

Probe 2 5: 8.5802 5:10.2457 1.6655 
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Probe 3 5:13.0247 5:14.9338 1.9091 

Probe 4 5:21.1728 5:23.7807 2.6079 

Probe 5 5:49.1975 5:52.3575 2.6361 

Probe 6 5:50.6790 5:53.7240 3.0450 

Probe 7 5:54.1358 5:57.5803 3.4445 

Probe 8 5:56.7284 5:60.5293 3.8009 

 

3.3.6.3 Error Analysis 

The estimated trajectory travel time is calculated relating to the entry time with the corresponding 

probe vehicles. Then the actual and estimated travel time from trajectory is compared, to determine 

RMSE and MAE. The error has been computed analyzing the difference between two travel times 

where,  corresponds to estimated travel time prediction from reference form probe vehicle and  

relates to actual travel time. 

 

 

 

 

It can be seen from the figure that the error grows as the entry time is more apart with respect to 

reference probe. Figure 3.11(c) shows that probe 1 has the highest entry time difference with the 

last probe vehicle and producing the maximum error.  

 

Trajectories using different reference probe and changed traffic state 

This section explains and shows the effect of capacity fluctuation due to side friction. When variable 

flow parameters at different location and time are used, the trajectory shifts according to the location 

of side friction. This change in trajectory shows the effect of shock wave due to side friction, which 
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is absent at first. However, it transpires at certain period and affects the flow and speed parameter 

of the existing vehicles in the stream. It should be noted that the presence and effect of side friction 

is temporary. Travel time analysis is adopted to reveal the time position of the side friction. Figure 

3.11 shows the effect of capacity fluctuation over the trajectory. It is apparent that the trajectory 

bends to accommodate capacity fluctuation. Therefore, applying capacity fluctuation the side 

friction along the study section can be easily expressed.  

 
(a) 

 
(b) 
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(c) 

Figure 3.11: (a) Travel time required for the probe vehicles to travel 1 km; (b) Travel time required 

for the probe vehicles to travel 0.5 km; (c) Error analysis using different probes as reference 

 

3.4 Summary  

This chapter discusses the application of VF of kinematic waves to reconstruct trajectories in non-

lane based heterogeneous environment. The significant characteristics such as multi-lane traffic 

movement and varying capacity at different times are reflected in the collected dataset and 

addressed accordingly in this chapter. Note that the solution domain or the mesh network that is 

developed using the variational theory requires two boundary conditions that is discussed and 

visualized in this chapter. The accuracy of the reconstructed trajectories is evaluated through error 

analysis using different probes as reference. Detail analysis of the reconstructed trajectories show 

that the probes are able to estimate adjacent trajectories significantly well compared to distant 

vehicles. For this reason probe 1 shows maximum error while used as a reference. 

 



 

Chapter 4  
 

Trajectory Forecast 

 

 

4.1 Introduction 

Predicting the trajectory of a vehicle is a complex and tedious task since it involves the prediction 

of the exact position of the vehicle in the space-time domain. This process becomes more 

challenging as the position of the vehicle mainly depends on the drivers’ intention and driving 

habits. However, certain considerations about vehicle dynamics can provide partial knowledge on 

the future. For instance, it is known that a vehicle moving at a given speed will need a certain time 

to fully stop and that the curvature of its trajectory has to be under a certain value in order to keep 

stability. On the other hand, even if each driver has its own habits, it is possible to point out some 

common driving maneuvers based on traffic rules from observation. 

 

Detecting vehicle position with the help of probe sensor that is equipped with Global Positioning 

System (GPS) or Differential GPS (DGPS) is becoming a popular trend. Usually integrated with 

Inertial Navigation Systems (INS), DGPS-based positioning systems can provide accurate and 

reliable vehicle position information in global coordinate systems (Huang and Tan, 2006). Such 

positioning information may be used to track the vehicle trajectory over short intervals.  

 

The basic reconstruction framework based on VF can be used offline to reconstruct the trajectories 

of all vehicles as established in the previous chapter. Vehicle passing times at the upstream and the 
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downstream can be used to set the boundary conditions at the upstream and the downstream of the 

solution domain. Probe trajectories can also be used as reference to set additional boundary 

conditions. The impact of the exiting traffic condition on the shape of the trajectories can be taken 

into account by dynamically updating the boundary conditions according to the most recent 

available probe trajectory. Thus, trajectory forecasting becomes possible which is discussed in 

detail in the following sections. 

 

4.2 Literature review 

Trajectory prediction is mostly applied in active safety based systems and self-driving cars to reduce 

the number of traffic accidents (Rieger et al. 2005; Silberg and Wallace, 2012). Some Advanced 

Driver Assistance Systems (ADAS) such as Adaptive Cruise Control, Collision Warning System, 

and Emergency Braking System that already exist in series vehicles are able to warn the driver and 

even to intervene on the state of the vehicle when a hazardous traffic situation is being developed. 

A Collision Avoidance System (CAS) needs to continuously make a prediction of the evolution of 

the scene, in order to detect any possible future collision with the ego-vehicle. This means that it is 

necessary to predict the trajectory of detected vehicles in the surroundings of the ego-vehicle and 

its own trajectory in the case of ADAS. 

 

Han et al. (2007) describe an approach to detect and predict the driving trajectory on highway, 

detecting and predicting the changing lane intention and action of the preceding vehicle. The 

developed algorithm for this task employs SVM for driving pattern recognition by integrating two 

different cues: motion cue and appearance cue, which is trained on two class feature sets extracted 

from examples of lane changing and lane keeping video sequences. The method is evaluated on the 

real-world data collected in an intelligent vehicle test-bed and applied to a vision-based safety 

driving system, which tracks the lane, the preceding vehicle, and uses the vehicle lane-change 

warning to serve for other intelligent vehicle controls. 
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In many studies, trajectory forecast is also made by assuming a certain motion model. Schubert et 

al. (2008) investigated and presented a comparison study of different motion models for target 

tracking. It appears that the model assuming Constant Yaw Rate and Acceleration (CYRA) gives 

the best results. Berthelot et al. (2011) and Tamke et al. (2011) have also used this model for vehicle 

trajectory forecast. So predicted trajectories are very accurate if the vehicle has a monotonic 

movement that perfectly fits the motion model. For a varying movement, the accuracy is good only 

for a short time ahead due to inertia, but the prediction can be wrong for longer term (Houenou et 

al. 2013).  

 

Some researchers also apply filter techniques (e.g. Kalman Filter) to estimate vehicles’ future 

position. Although the measurement and process noises are considered, the possibilities of different 

trajectory executions are still not involved, because the forecast results are deterministic. Since the 

future acceleration is unknown, either short-term prediction (Kammel et al. 2008) with frequent 

updates of sensor measurements, or long-term prediction (Glaser et al. 2010) with constant 

acceleration assumptions are done. As traditional methods only compute single trajectories, Monte 

Carlo experiments (Broadhurst et al. 2005; Danielsson et al. 2007) are introduced into prediction. 

These new methods sample stochastically in the state space and input space, and combine variable 

initial conditions with various driving behaviors to simulate multiple future trajectories. However, 

this consumes a large amount of computing resources and may neglect critical dangerous situations. 

 

Building on the queue length estimation technique, Sun and Ban (2011) attempted to predict the 

locations of and trajectories on un-sampled vehicles from a location upstream of the intersection to 

the stop bar based on the location of approaching vehicles. They first assumed a uniform arrival of 

un-sampled vehicles between any two consecutive sampled vehicles, rather than a uniform arrival 

for the entire period as in previous work (Ban et al., 2011). The number of vehicles arriving between 

two sampled vehicles is also known, implying the presence of an upstream detector. The vehicle 

arrival rate along with the known signal timing is used to estimate the shockwave boundary. Once 

the shockwave boundary has been plotted on a time-space diagram, the trajectories of un-sampled 
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vehicles are predicted using several simplified assumptions: they maintain free flow speed until 

reaching the back of the queue; come to an immediate stop while in the queue; and travel at free 

flow speed once the queue is discharged. Individual vehicle accelerations are ignored. The 

algorithm is tested on simulation data, where the root-mean-square error of the time-position of 

unequipped vehicles is found to be 2.8 seconds at a 20% connected vehicle penetration rate and a 

free-flow speed of 40 miles per hour (17.9 meters per second).  

 

Traditionally costly infrastructure and dedicated sensors have been utilized to collect vehicular 

traffic data (Soriguera and Robusté, 2011; Singh and Li, 2012). However, in recent years data from 

probe vehicles have provided another viable method for estimating traffic conditions (Herrera et 

al., 2010; Hofleitner et al., 2012a; Goodall et al., 2012). Probe vehicles are those equipped with 

Global Positioning System (GPS) devices on board that periodically report their coordinates and 

other features such as velocity and heading. Traditional loop detector sensors, for instance, can only 

provide flow or occupancy at fixed locations; probe vehicles on the other hand, can provide traffic 

information samples at varying locations. Nowadays the technologies of wireless communication 

and cloud storage enable collection of probe data more efficiently. However, existing probe data 

sets are spatiotemporally sparse. Higher penetration rate of probe vehicles and higher reporting 

frequencies are needed for accurate traffic estimation or vehicle control purposes, but are unlikely 

in the near future. High reporting frequency also raises privacy concerns (Hoh et al., 2007, 2012). 

Moreover, current available high frequency vehicle trajectory data usually contains large 

measurement errors and other errors as well. Researchers propose several methods to refine 

trajectories (Montanino and Punzo, 2013; Punzo et al., 2011). On the other hand, due to their low 

reporting frequency, current probe data, in raw form, can provide only a very incomplete picture of 

traffic on the road. However, if vehicle trajectories between two sparse updates could be effectively 

reconstructed, additional virtual data points are generated that perhaps help more accurate 

evaluation of road traffic.  
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One application is shown in Lu and Skabardonis (2007) where the authors use high frequency data 

to conduct traffic shockwave analysis. This paper proposes a method for reconstruction of vehicle 

trajectories between probe updates based on historical data and current traffic information such as 

signal timing. There are a number of papers that address vehicular trajectory reconstruction (Huang 

and Tan, 2006; Mehran et al., 2012; Ni and Wang, 2008; Sun and Ban, 2013; Hao et al., 2014). 

For example in Huang and Tan (2006), the authors proposed a method for short-term forecast of a 

vehicle trajectory based on the usage of nearby vehicles information. In Sun and Ban (2013), 

trajectories are reconstructed based on the variational formulation of kinematic waves, and results 

have been tested with NGSIM data and micro-simulation data. In Hao et al. (2014), the authors 

focus on finding the most likely driving mode sequences (deceleration, idle, acceleration, and 

cruise), to estimate a vehicle’s trajectory. The approach in Sun and Ban (2013) is macroscopic while 

(Hao et al., 2014) employ a microscopic-based approach.  

 

Since travel time is an important measure of traffic conditions, a number of papers have focused on 

travel time estimation or prediction for freeways (Wan et al., 2014) and arterials (Hofleitner et al., 

2012b; Sun et al., 2008; Hellinga et al., 2008; Zheng and Van Zuylen, 2013). An example of a 

probabilistic approach to travel time estimation can be found in Hofleitner et al. (2012a). In 

Coifman (2002), it is shown that travel time can be used in estimating vehicle trajectories. Most of 

these existing papers estimate link travel times; the limitation is the implicit assumption of uniform 

distribution of travel time along an entire link. However, travel time along an arterial road may not 

be uniformly distributed, and for instance is higher near signalized intersections. To capture this 

variability, in Wan and Vahidi (2014), each link is divided to short segments of equal length and 

estimated statistics of travel time for each segment by using an Expectation Maximization 

algorithm. 

 

Wan et al. (2016) build on the earlier results reported in Wan and Vahidi (2014, 2015) to estimate 

the most likely trajectory of a probe vehicle between two consecutive updates. Presence of 
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signalized intersections between the two updates complicates the problem and is influenced by 

factors such as queue size, signal timing and phase (Liu et al., 2009b; Hao et al. 2011).  

 

Note that most of the literature uses very complex and tedious process to predict trajectories of 

traffic stream or individual vehicles for very different purposes. However, there is a scope to 

develop a methodology to forecast trajectory with the help of traffic control situations such as signal 

control. This study develops a short-term traffic forecast methodology that is very simple and easy 

to apprehend and implement real-time. It is based on the fundamentals of traffic flow theory and is 

capable of fully utilizing the probe trajectory data to predict the trajectories of the vehicles within 

a ‘forecast window’.  

 

4.3 Trajectory Forecast Framework 

The proposed framework is established through an example in this section. The trajectory 

reconstruction methodology can be used for short-term forecast of vehicle trajectories within a 

reasonable time window with the real-time data. For online application, however, vehicle passing 

times at the upstream and the downstream as well as the probe trajectory data are only available up 

to the present time as indicated by a hypothetical line AD in time–space diagram in Figure 4.2. For 

instance, at intersection 1, all vehicular movements towards stream 2 are considered and counted 

while at intersection 9, only those vehicular movements originating from stream 4 are considered. 

In practice, such detailed real-time information regarding vehicular movements might be available 

only for main intersections (e.g. intersections 1 and 9). On the other hand, it is reasonable to assume 

that aggregated historical traffic data are available for middle intersections (e.g. intersections 3 and 

7). As a result, one possible scenario for online application is to combine the real-time passing times 

of the vehicles at main intersections (e.g. intersections 1 and 9) with historical traffic data at middle 

intersections (e.g. intersections 3 and 7) to predict vehicle trajectories between middle intersections 

within the forecast window. 
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Figure 4.1: Flowchart of the Proposed Trajectory Forecast Methodology 
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Figure 4.2: Sample of Vehicle Trajectories for Offline Applications 

 

4.3.1 Boundary Conditions 

Two boundary conditions are required to set up the short-term forecast window: (i) primary 

upstream boundary, and (iii) secondary upstream boundary. Note that the primary upstream 

boundary should be located at a considerable distance before the secondary upstream boundary. 

Furthermore, data collection points are set along the study section to meet the following criteria: (i) 

real-time traffic data along the primary and secondary upstream boundaries and (ii) historical traffic 

data within the last 15 min before the present time along the boundaries. 
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Figure 4.3: Overview of the Online Application with Forecast Window and Boundary Conditions 

 

4.3.2 Short-term Trajectory Forecast Window 

The objective for online application is to predict vehicle trajectories within the forecast window 

defined as a shaded area in Figure 4.3. It is possible to reconstruct vehicle trajectories between the 

reference probe trajectory and the present time, using the dataset consisting of the boundaries up to 

present time and reference probe trajectory.  

 

To enable the prediction of vehicle trajectories within the forecast window, it is necessary to predict 

the cumulative number of vehicles along QP  and MN in order to set the boundary conditions along 

primary and secondary upstream boundaries within the forecast window. Once boundary conditions 

are set, the basic dataset can be used to estimate the vehicle trajectories within the forecast window. 

 

The proposed framework is established through an example as shown in Figure 4.4. The objective 

in this example is to predict vehicle trajectories between intersections 3 and 7 within a 15 min 

forecast window as denoted by the MNPQ area. The forecast procedure is triggered every time a 

probe vehicle exits the study area through downstream, which is intersection 9. For demonstration 
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purpose, the passing time of the third probe trajectory (p#3) through intersection 9 is assumed to be 

the present time (indicated by line AD ). It is assumed that the vehicle passing times at intersections 

1 and 9 are known in real time up to the present time. In addition, it is assumed that 1 min aggregated 

historical traffic counts are available for intersections 3 and 7 during the 15 min interval preceding 

the forecast window. Figure 4.1 shows the specific procedure used to predict vehicle trajectories 

within the forecast window in the example. The procedure is explained in details hereafter. 

 

 

Figure 4.4: Sample Scenario for Short-term Trajectory Forecast 

 

4.3.3 Real Time Operation 

Figure 4.4 shows an example of the vehicle trajectories that can be reconstructed using the third 

probe trajectory (p#3) as a reference and vehicle passing times at intersections 1 and 9 up to the 

present time. As it can be seen, by using the traffic data up to the present time, not only it is possible 

to estimate vehicle trajectories up to the present time within the ADL area, however also it is 

possible to predict vehicle trajectories in the AEFD area which is beyond the present time (inside 

Intersection 



Chapter 4: Trajectory Forecast 

59  

the forecast window). The feasible area for the forecast of the trajectories by using real-time traffic 

data up to the present time is limited to the AEFD area that is bounded in time–space by the present 

time on the left and two lines originating from the upstream and the downstream at the present time 

with slopes of u  and w , respectively. Such a short-term forecast capability is the direct result of 

the dynamic programming algorithm shown in Chapter 3.  

 

The complete trajectories between the boundaries, which extend beyond the forecast window, are 

highlighted in Figure 4.4. However, considering the goal to predict complete vehicle trajectories 

within the forecast window, these trajectories do not provide useful information as they are partially 

within the forecast window (their origin is out of the forecast window). Thus, to predict trajectories 

within the forecast window (the MNPQ area), it is necessary to predict vehicle passing times along 

QP and MN boundaries of the example scenario. Figure 4.5 provides a closer look at vehicle 

trajectories between the set boundaries, which are reconstructed by using vehicle-passing times up 

to the present time and the third probe trajectory as reference. Considering reconstructed vehicle 

trajectories in Figure 4.5, the passing times of the vehicles along boundary SG and boundary RF 

can be estimated. On the other hand, observed vehicle passing times along SG and RF can be 

recorded through video sensors considering all relevant vehicular movements.  

 

Note that the estimated and observed passing times reveals that estimated passing times clearly does 

not include the turning vehicles during the red intervals. The vehicles entering or leaving the study 

section are not considered in this study. Consequently, the information regarding the turning 

volumes cannot be reproduced from estimated trajectories. Alternatively, historical data can be used 

to obtain additional information regarding the turning volumes at the boundaries. Field observation 

displays additional information regarding the distribution of the vehicle passing times during signal 

intervals (arrival and departure patterns). For green intervals, observed passing times show that in 

both boundaries (intersections), vehicles often start passing the intersection following a short lag in 

the beginning of the green interval, which is due to oversaturation. The remaining queue from the 

previous cycle needs to be cleared first to let through traffic pass. As for red intervals, vehicles often 
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start passing the intersection immediately from the beginning of the red interval. Generally, the 

turning vehicles have been waiting from the previous cycle and are ready to turn at the earliest 

opportunity. It is interesting to note that in absence of reliable field data, historical data recorded 

from the same location can also be used to obtain the necessary information regarding the arrival 

and departure patterns.  

 

 

Figure 4.5: Sample Trajectories using Available Data up to Present Time 

 

4.3.4 Use of Historical data 

Real-time traffic data up to the present time can provide partial information that can be 

supplemented by historical data to predict the future traffic patterns. Historical data are generally 

averaged and available in aggregated forms (e.g. 1, 2 or 5 min intervals). In case historical data are 

not available, the vehicles observed during the last 15 min-interval before the present time and 

aggregated traffic volume that passed through the set boundaries over 1 minute intervals can be 
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considered for the proposed framework. In addition, aggregated vehicle counts during the last 15 

min interval can also be used as a representative of historical data. 

 

Note that historical data are analyzed to estimate the average traffic volume that passes through 

intersections during the green and red intervals. At this stage the distribution form, which is applied 

to allocate the historical traffic data along signal intervals is not important. Given k  as the number 

of complete cycles within historical data, the average ratio of the turning vehicles   is estimated 

for each intersection from the following Equation (4.1), where ( )g h
iq  and ( )r h

iq represent the historical 

traffic volume passed through the intersection during the green and red intervals of cycle i , 

respectively.  
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                                                                                                        (4.1) 

 

4.3.5 Combining real-time and historical data 

Note that the traffic volume that passes through each intersection during the green and red intervals 

is assumed to have constant rates within the forecast window. The vehicle passing times at the 

boundaries, estimated from reconstructed vehicle trajectories using real-time traffic data are 

combined with the passing times reproduced from historical traffic data. This combination is then 

used to predict the average traffic volumes that pass the boundaries during the green and red 

intervals within the forecast window. 

 

In general case, the estimated passing times from reconstructed trajectories between the boundaries 

do not include the turning vehicles during the red intervals (along SG and RF boundaries). 

Therefore, historical traffic data at the boundaries are used to estimate the average ratio of the 

turning volumes during the red intervals. This average ratio of the turning volumes is assumed to 

remain unchanged within the forecast window.  
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Reconstructed vehicle trajectories between the boundaries can be used to estimate the numbers of 

the vehicles that pass through during the green intervals (along SG and RF boundaries). Note that 

the reconstructed trajectories are affected because the turning vehicles during the red intervals are 

not considered that in turn affect the estimated numbers of vehicles that pass through the green 

intervals. Similarly, estimated traffic volumes during the green intervals can also be modified using 

the historical data. 

 

Let ( )g eQ  denote the estimated average traffic volume that passes through boundaries during the 

green intervals. ( )g eQ is estimated from reconstructed trajectories using the real-time data up to the 

present time (passing times of vehicle trajectories along SG and RF boundaries). Further, let ( )g hQ

denote the historical average traffic volume (15 min preceding the forecast window) which passes 

through the boundaries during the green intervals. For the set boundaries, adjusted traffic volume 

which is expected to pass during the green intervals within the forecast window, gQ  , is estimated 

from Equation (4.2). 

( ) ( )

2

g e g h
g Q QQ  
                                                                                                                    (4.2) 

 

Given gQ   and  , the average traffic volume that is expected to pass through the boundaries during 

the red intervals within the forecast window, ( )rQ   is estimated from Equation (4.3). 

( )
( )

1

g
r QQ





 


                                                                                                                             (4.3) 

 

Estimated average traffic volumes for the boundaries can be distributed evenly along corresponding 

signal intervals within the forecast window considering an average headway in seconds. To account 

for the impacts of oversaturation during the green intervals, vehicle-passing times can also be 

distributed backwards starting from the end of the green interval. For the red intervals, the passing 

times may be distributed forwards from the beginning of the red interval. 
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In order to predict vehicle trajectories within the forecast window, the boundary conditions are 

needed to be set based on the predicted traffic volumes and corresponding passing time distributions 

during the green and red intervals. Additional boundary conditions could be set based on the latest 

available probe trajectory data within the forecast window and the vehicle trajectories can be 

estimated based on VF. 

 
 

4.4 Summary  

This chapter presents a framework for short-term trajectory prediction based on variational 

formulation of kinematic waves and using historical and present time dataset. The proposed 

framework requires two boundary conditions or intersection considerably far apart from each other. 

The historical dataset consist of signal cycle data (red and green interval), turning volumes, and 

vehicle passing times along the set boundaries. The present time data includes speed, flow, density 

and probe sensor dataset. For short-term trajectory prediction a forecast window is set based on the 

available present time dataset. The trajectories are reconstructed following the method elaborated 

in Chapter-3 and the trajectory prediction in the forecast window is carried out following the 

proposed framework in Figure 4.1. 

 



 

Chapter 5  
 

Application of the Short-term Trajectory Forecast 

Framework  

 

 

5.1 Introduction 

Trajectory reconstruction and forecast is a time-consuming effort, considering the amount of data 

that is required to reconstruct and then predict. In addition, the arrangement of these dataset to 

reproduce the space-time network and probe trajectory requires very specific understanding of the 

fundamental diagram of traffic flow. Thus, each research step defined to achieve this goal requires 

sincere analytical knowledge and computational skillset. The primary problem involved with this 

research is that there is no established framework to ease the reconstruction and forecast process. 

However, some researchers have developed data fusion process combining probe data and fixed 

sensor data to estimate vehicle trajectories. Note that these studies focus on the point of improving 

a data fusion framework, not to solve the complex system for trajectory reconstruction or forecast. 

Thus, these studies do not suffice the need for an application framework to combine all the elements 

for trajectory reconstruction and forecast.  

 

This study aims to combine all the elements, which are required to reconstruct and forecast 

trajectories in a space-time diagram by developing a module concept. The concept works on to 

define each of the primary research steps into a module and then calling forth each of these modules 

to carry out specific tasks to complete the research objectives. 
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5.2 Application of the Short-term Trajectory Forecast Framework 

The concept underlying the short-term trajectory forecast can be best described through separate 

modular elements. This implies that the complete methodology of trajectory reconstruction and 

prediction is divided into certain parts. Note that the primary objective for this study is to develop 

a suitable framework for trajectory forecast that may aid the traffic operators. The application of 

the proposed trajectory-forecasting framework consists of four modules: (1) Data module; (2) 

Trajectory Reconstruction Module; (3) Trajectory Forecast Module; and (4) Master Control.  

 

The data module acts as a storage and consists of several parts in order to construct fundamental 

Diagram and estimate the traffic parameters such as capacity, jam density, forward wave speed. 

This module also holds the dataset obtained from field measurement that includes basic traffic state 

parameters such as speed, flow, and density. The time-space position recorded by the GPS equipped 

probe sensors is also stored in this data module. For trajectory prediction this module holds 

information on the boundary conditions (signal cycle, red-green interval). The module is developed 

in a way that it provides access to all other modules via master control while performing specific 

actions. 

 

The trajectory reconstruction module actually uses the traffic parameter dataset and probe dataset 

to estimate the trajectories. The necessary steps and the underlying concepts behind the entire 

reconstruction process are discussed in detail in Chapter-3.  

 

Trajectory forecast module uses historical and real time dataset available from the dataset module. 

The prediction is carried out over a small forecast window with the aid of traffic control options, 

specifically signal control. The forecast methodology combines real-time and historical traffic data 

with probe trajectory data for short-term forecast of the vehicle trajectories. The proposed 

framework is based on the kinematic wave theory and is capable of fully utilizing the probe 

trajectory data to reconstruct the trajectories of the vehicles within the ‘forecast window’. Detail 
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discussion on the forecast methodology can be found in Chapter 4. Master Control provides 

comprehensive control to the user to perform each of the designated operation separately.  

 

 

Figure 5.1: Module Concept of the Trajectory Forecast Framework 

 

5.2.1 Data Collection 

Two boundary conditions are set up for the short-term forecast window: (i) primary upstream 

boundary (e.g. intersection 1), and (ii) secondary upstream boundary (e.g. intersection 2). The 

primary upstream boundary is located before the secondary upstream boundary at a distance. Data 

collection points are set along the study section to meet the following criteria: (i) real-time traffic 
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data along the primary and secondary upstream boundaries and (ii) historical traffic data within the 

last 15 min before the present time along the boundaries. 

 

The study section covers a typical urban roadway of 1 km in length with two signalized intersection 

consisting of Nilkhet and Katabon in Dhaka, Bangladesh. The prevailing roadway characteristics 

consist of non-lane based heterogeneous traffic, offering a significant amount of non-motorized 

vehicle (NMV) activity and side friction. The experimental setup includes multiple probe and video 

sensors to cover the boundary areas. Video sensors are installed at two intersections to record traffic 

information and observe the arrival and departure patterns whereas, probe sensors record time and 

position of the vehicle in the traffic stream reflecting traffic condition at different locations with 

varying time. All the relevant data is recorded in the data module after careful screening for further 

analysis.  

 

5.2.2 Forecast Window  

The trajectory forecast framework is applied to predict vehicle trajectories within the designated 

forecast window. Note that it is possible to reconstruct vehicle trajectories between the reference 

probe trajectory and the present time, using the dataset consisting of the boundaries up to present 

time and reference probe trajectory. For this study, the forecast window is set to 1500 second only 

within the boundaries set up by the two intersections. This is due to the complex road environment 

and unconventional characteristics of the roadway traffic. Moreover the dataset recorded from the 

field is small compared the proposed framework in Chapter 4.  

 

To enable the prediction of vehicle trajectories within the forecast window, the cumulative number 

of vehicles along the boundaries within the forecast window is recorded through video sensors. 

Once boundary conditions are set, the basic dataset is called forth from the data module and used 

to estimate the vehicle trajectories within the forecast window.  
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Figure 5.2: Graphical User Interface Representing the Forecast Window 

 

5.2.3 Turning Ratio and Passing Volume 

Note that the passing time of vehicles at the two boundary intersections do not include the turning 

vehicles during the red intervals. In addition, the vehicles entering or leaving the study section are 

not considered. Thus, the information regarding the turning volumes cannot be reproduced from 

estimated trajectories. To fit this gap in the trajectories historical dataset can be used to reflect 

additional information regarding the turning volumes at the boundaries. 

 

In absence of reliable field data, it is possible to utilize historical data recorded from the same 

location to obtain the necessary information regarding the arrival and departure patterns. For 

example the green and red interval of the signal cycle, and the turning volume that lefts and enters 

the intersection during red interval can also be estimated beforehand from previous field 

observation or historical dataset.  

 

In general case, the estimated passing times from reconstructed trajectories between the boundaries 

(intersection 1 and 2) do not include the turning vehicles during the red intervals. Therefore, 

historical traffic data at the boundaries are used to estimate the average ratio of the turning volumes 
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during the red intervals. This average ratio of the turning volumes is assumed to remain unchanged 

within the forecast window.  

 

5.2.4 Real-time and Historical data  

Note that real-time traffic data up to the present time can provide partial information that can be 

supplemented by historical data to predict the future traffic patterns as suggested by the framework. 

In case historical data are not available, the vehicles observed during the last 15 min-interval before 

the present time and aggregated traffic volume that passed through the boundary intersections over 

1 minute intervals can be considered for the proposed framework. In addition, aggregated vehicle 

counts during the last 15 min interval can also be used as a representative of historical data. 

 

The historical data provides the average traffic volume that passes through intersections during the 

green and red intervals. Given k  as the number of complete cycles within historical data, the 

average ratio of the turning vehicles   is estimated for each intersection from the following 

Equation (4.1). 

 

The vehicle passing times at the boundaries, estimated from reconstructed vehicle trajectories using 

real-time traffic data are combined with the passing times reproduced from historical traffic data. 

This combination is then used to predict the average traffic volumes that pass the boundaries during 

the green and red intervals within the forecast window. 

 

Note that the reconstructed trajectories are affected since the turning volumes are discarded during 

the red intervals that in turn affect the estimated numbers of vehicles that pass through the green 

intervals.  

 

For the set boundaries, adjusted traffic volume which is expected to pass during the green intervals 

within the forecast window, gQ  , is estimated from Equation (4.2). Moreover, the average traffic 
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volume that is expected to pass through the boundaries during the red intervals within the forecast 

window, ( )rQ   is estimated from Equation (4.3). 

 

5.2.5 Analysis 

5.2.5.1 Qualitative Analysis 

This section discusses the qualitative analysis of the trajectory-forecasting framework. Figure 5.3 

shows a sample of signal timing and probe trajectories in conventional lane based scenario. Note 

that the signal timings are fixed along the roadway corridor in conventional scenario (Figure 5.3) 

that helps in the forecast process. However, the signal timings and the trajectory path of the probes 

is significantly different with continuous disturbance throughout the study corridor for non-lane 

based heterogeneous scenario (Figure 5.4). Though signal heads are present at the intersections, 

traffic police mostly operates these traffic confluence points. Thus, signal timings vary significantly 

for different parts of the day (peak, off-peak). Careful observation of the traffic cycle (red-green 

interval) makes it possible to reflect roadway conditions along the study area.  

 

It is interesting to note that when probe trajectories are not used as reference, the study area is 

programmed as an empty roadway corridor. Thus, the impact of bottleneck conditions and 

corresponding backward waves from earlier time intervals are not reflected in the estimated 

trajectories. This effect is easily detected for both conventional lane based (Figure 5.5) and 

heterogeneous non-lane based scenarios (Figure 5.6). Likewise, visualization of this effect 

ascertains the necessity of reference probes for trajectory reconstruction, hence forecasting.  
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Figure 5.3: Sample of Signal Timing and Probe Trajectories in Conventional Lane Based Scenario 

 

 

 

Figure 5.4: Signal Timing and Probe Trajectories in Non-Lane Based Heterogeneous Traffic 

Scenario 
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Figure 5.5: Sample of Trajectories Estimated Without Using Probe Trajectories As Reference in 

Conventional Lane Based Scenario 

 

 

 

Figure 5.6: Trajectories Estimated Without Using Probe Trajectories As Reference in Non-Lane 

Based Heterogeneous Traffic Scenario 
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Figure 5.7:  Sample of Trajectories Estimated Using a Reference Probe in Conventional Lane 

Based Scenario 

 

 

 

Figure 5.8: Trajectories Estimated Using a Reference Probe in non-lane based heterogeneous 
traffic scenario 

 

When probe data is used as reference, the similarity between the estimated trajectory and the 

corresponding probe trajectory improves significantly. However, the difference between estimated 

and actual trajectory pathway extends with time even when a probe is used as a reference. This 
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implies that a probe when used as a reference can only estimate the nearby vehicle pathways in 

time-space up to a certain time interval with high accuracy. For example, when probe 1 is used as 

reference, the estimated trajectories for probe 2 and 3 shows great similarity with the actual probe 

path whereas, pathway of probe 4 to 8 shows great deviation (Figure 3.7). This is because different 

probes are launched into the traffic stream at different times and are only able to estimate nearby 

vehicle pathways when used as a reference. For the study scenario, the time interval between probe 

1 and probe 5 is nearly 50 minutes, which makes it difficult to estimate accurate pathway of probe 

5 accurately using probe 1 as a reference.  

 

When probe 5 is used as a reference, the estimated trajectories of probe 6, 7, & 8 have significant 

similarity with the actual probe path and it can reflect detail maneuver of other probes apparently 

well (Figure 5.8). Likewise, the estimated trajectories of probe 7 and 8 shows significant similarity 

with the actual pathway in time-space domain when probe 6 is used as a reference. 

 

 

(a) 
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(b) 

 

(c) 

Figure 5.9: Predicted Trajectories within the Forecast Window When, (a) Probe 6 Used as a 

Reference; (b) Probe 7 Used as a Reference; (c) Probe 8 Used as a Reference 

 

In order to evaluate the trajectory forecasting framework dataset of probe 6 is used as a reference. 

Figure 5.9 shows the predicted trajectories in the forecasted window when probe 6, probe 7, and 

probe 8 are used as a reference. 

 

5.2.5.2 Quantitative Analysis 

Travel time of vehicles is the measure of quality of the predicted trajectory within the forecast 

window. In this study, travel time is recorded whenever a probe sensor is inserted into the traffic 
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stream. The following table represents the travel time of the actual pathway of probes and estimated 

trajectories in the forecast window. 

 

Table 5.1: Travel Time of the Reference Probes and Predicted Trajectories 

Probe No. 
Boundary 1 

(seconds) 

Boundary 2 

(seconds) 

Travel Time 

(seconds) 

Probe 6 1429.9 1590.6 160.7 

Predicted Trajectory 1435.9 1560.5 124.6 

Reconstructed  Trajectory 1432.2 1567.7 135.5 

Probe 7 1532.3 1687.1 154.8 

Predicted Trajectory 1616.7 1771.5 154.8 

Reconstructed Trajectory  1605.3 1778.5 173.2 

Probe 8 1753.4 1855.9 102.5 

Predicted Trajectory 1825.8 2320.6 494.8 

Reconstructed Trajectory 1811.4 2350.5 539.1 

 

Table 5.1 shows the travel time of estimated trajectories when probe 6, 7, and 8 is used as a 

reference within the forecast window. The travel time analysis of the predicted trajectories when 

compared to the previously reconstructed trajectories reflects that the probes are able to estimate 

nearly accurate trajectories within the forecast window. The results show that the travel time of 

predicted trajectory and reconstructed trajectory has very little difference. For example, the travel 

time of predicted trajectory within the forecast window is 124.6 seconds and for reconstructed 

trajectory is 135.5 seconds when probe 6 used as a reference, thus the predicted trajectory is quite 

accurate. The maximum difference of 44.3 seconds in the travel time of predicted and reconstructed 

trajectory is observed when probe 8 is used as a reference. This is may be due to the distance of the 

succeeding vehicle from the probe sensor as visualized in Figure 5.9(c).  
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5.3 Summary  

This chapter shows the application of the proposed short-term trajectory forecast framework based 

on the VF of Kinematic waves. The application of the framework involves a modular concept that 

is built into a Graphical User Interface for automation. The modular concept consists of four 

modules as follows: (1) Data Module; (2) Master Control; (3) Trajectory Reconstruction Module; 

and (4) Trajectory Forecast Module. Master control facilitates access to all modules and maintains 

the interconnectivity between modules during any particular operation, e.g. trajectory estimation or 

forecast. Note that the forecast operation requires two boundary conditions set at a distance (e.g. 

intersections). In order to evaluate the proposed framework dataset of different probes are used as 

a reference. The estimated travel time of the vehicle pathways or trajectories from reference probes 

is used as a measure to determine the accuracy of the predicted trajectory within the forecast 

window. The forecast framework combines historical and real-time dataset providing an 

opportunity for the practitioners to forecast trajectories with a small dataset available at present 

time. The traffic operators can then develop a suitable strategy to relieve the impending bottleneck 

situation reflected at the predicted trajectory and ensure smooth operation of the traffic.  

 
 



 

Chapter 6  
 

Conclusions and Recommendations 

 

 

6.1 Introduction 

In this thesis, a trajectory-forecasting framework is proposed considering the effect of varying 

capacity in multi-lane condition. The framework is developed in a step-wise approach, which 

implies that the proposed framework is developed gradually from reconstructing trajectory, 

addressing capacity fluctuation, considering multiple lane condition and then forecasting trajectory 

to form a comprehensive guideline for future reference. The application of the framework is tested 

on a study section in non-lane based heterogeneous traffic condition that is significantly different 

from the conventional lane based discipline.  

 

6.2 Conclusions 

6.2.1 Variational formulation of Kinematic Waves 

VF of kinematic waves is a solution proposed by Daganzo (2005a, 2005b) that is used in many 

studies including lane changing (Laval and Daganzo 2006), traffic flow dynamics (Chow et al. 

2015) etc. In this study, a framework is developed for short-term trajectory forecast based on VF 

considering varying capacity in multi-lane condition. More specifically, the study shows 

applicability of VF in non-lane based heterogeneous traffic condition and explains the effect of 

variable capacity on the lopsided network while predicting trajectory within a small forecast 

window.  
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6.2.2 Trajectory Reconstruction 

The trajectory reconstruction methodology is based on the VF of kinematic waves. The specific 

goal of this reconstruction method to estimate vehicle trajectory for non-lane based mixed traffic 

condition. For this purpose two data sources namely, video sensor and mobile probe sensor data is 

used as a reliable and high quality dataset. Moreover, signal timings are also recorded for reasonable 

estimation in signalized urban condition. In contrast to most of the previous studies, this 

methodology focuses on trajectory reconstruction on multi-lane road. Absence of lane convention 

and abrupt maneuvering of vehicles generate a challenging situation for trajectory reconstruction. 

The analysis shows the significant effect of varying capacity on vehicle trajectory. Note that the 

actual pathway of the vehicle in a time-space domain or trajectory bends due to the influence of 

varying capacity. These sudden shifts in the pathway or bends are reflected in the lopsided network 

and thus FD is restructured for varying capacity resulting from side friction.  

 

When probes are used as a reference, the estimated trajectories of adjacent vehicles seem to have 

significant similarity with the actual pathway. However, this is not the case for distant probes that 

is inserted into the traffic stream far apart. This is because the surrounding condition (congestion or 

free flow) of probes along the roadway varies with time. The error estimated in terms of MAE and 

RMSE of the estimated trajectory reflects this point. For example, Probe 1 shows maximum (RMSE 

= 92.44, MAE = 72.98) error for estimating more distant probes whereas, probe 8 shows minimum 

(RMSE = 2.22, MAE = 2.21) error for estimating only the most adjacent vehicles.  

6.2.3 Trajectory Forecast 

This study develops a short-term trajectory forecast framework combining real-time and historical 

dataset. Note that the trajectory is predicted in a small forecast window of 1500 seconds because of 

the limitation in real-time dataset. The proposed methodology is based on two boundaries, two 

upstream intersections apart by a significant distance (500 meter to 1 kilometer) in this case. The 

required dataset of speed, flow, density, signal interval, turning movement and passing time of 

vehicles is recorded at this two boundary intersections. The probe sensors records time and position 
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of the vehicle inserted into the traffic stream after a certain time interval. The cumulative count of 

vehicles at the two boundaries and the time-space data of probes help to reconstruct and then predict 

trajectories within the forecast window.    

 

The accuracy of the predicted trajectory is evaluated through travel time analysis using different 

probes as a reference within the prediction window. The results show that the travel time of 

predicted trajectory and reconstructed trajectory has little difference ranging from 10.9 seconds to 

44.3 seconds for Probe 6 and Probe 8 is used as a reference, respectively.  

 

The primary goal of trajectory forecast is to aid the traffic operators in handling sudden bottleneck 

situations along the roadway corridor. The proposed framework also provides an opportunity to 

combine historical and present time dataset, thus reducing the requirement of large dataset to predict 

trajectories of the traffic stream beforehand. The traffic operators can then develop a suitable 

strategy to relieve the impending bottleneck situation reflected at the predicted trajectory and ensure 

smooth operation of the traffic.  

 

6.3 Recommendations 

It is a fact that more complete dataset over a wide temporal range would aid in the analysis of the 

trajectory. However, one should acknowledge the constraints in data collection in non-lane based 

mixed traffic condition. For this reason, the scope of this study is limited to one-hour data collection 

period. Thus, there is a certain opportunity to explore the trajectory reconstruction methodology 

with a large dataset consisting of several hours of a day or multiple days of a week. The large dataset 

will aid in reproducing a more accurate and reliable fundamental diagram from which further 

estimation can be made for trajectory analysis.  
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The trajectory forecast process requires some form of control feature to predict the trajectories 

beforehand in a small forecasting window. Thus, there is a certain scope to utilize some form of 

traffic control for prediction over a wide temporal range instead of a short-term.  

 

Note that the two boundaries should be selected in such a way to increase the temporal range of the 

forecast window. Since distance between boundaries increase the temporal range successive 

intersections may not be selected as boundaries. For example, if there are nine intersections 

available along the study corridor, then the upstream boundaries can be set to intersection 2 and 

intersection 6. This form of boundary selection will ensure trajectory prediction for a large time 

distribution.  

 

The main limitation for trajectory prediction is the use of probe sensors that is not cost effective for 

everyday basis. The traffic operators need to predict the trajectories of the traffic stream within the 

prediction window every day to identify bottleneck situations beforehand and devise suitable 

strategy to ensure smooth flow. The concept of connected environment may aid significantly in this 

framework. The operators can extract information from the connected vehicles that are emitting 

locations in the network similarly as probes. This will greatly reduce cost and increase the accuracy 

of trajectory prediction.   

 

6.4 Further Research 

Since the proposed framework can predict vehicle trajectories in near future, it can provide drivers 

useful information. Thus, a possible extension to this research approach would be to estimate traffic 

state from trajectory data in non-lane based heterogeneous situation. 

 

Note that the developed framework is applicable for large networks. In this research, only a small 

corridor is used to test the framework. The advantage of a small network is the simplicity of analysis 
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process. Further application of the proposed framework should be carried out on large corridors 

with numerous intersections considering the vehicles entering or leaving the study corridor. 

 

In this research, no effort is made to the calculation of the external effects such as air quality, 

emission etc. from the vehicle trajectory. This scope can be further explored from the predicted 

trajectory of the stream.  
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Appendix A 

Variational Formulation  
 

 

 

function [ Solution,LopTime,Space,Ntstep,Nsstep ] = KWT2( 

qmax,u,kj,tstep,CUM_COUNT,T,L,Probe,Signal,loc) 
tic 
%Function for kinematic wve theory 
%%%%%%%%%%%%%%%%%%%%%%%%%% 
%%%Parameter Info%%%%%%%%% 
%%%%%%%%%%%%%%%%%%%%%%%%%% 
% qmax = capacity of the road (vph) 
% u = forward wave speed (kmph) 
% kj = jam density ( vpkm ) 
% tstep = time step ( smaller for ggod precision ) (sec) 
% CUM_COUNT = vector containing cumulative count 
% T = total time of experiment (sec) 
% L = length of the study area (1km) 
% Probe = Time space co-ordinate of Probe, Probe(:,1) = Time and  
% Probe(:,2)= space 
%%%%%%%%%%%%%%%%%%%%%%%%%%% 
%%%%%%%%%%%%%%%%%%%%%%%%%%% 
%Code use info 
% Probe data must contain time for '0' space and 'L' space 
% Use the output 'Solution' to define the signal parameter 
%Copy the 'Solution' matrix data from matlab in a excel file, then at 

first put 0 in all 
%cell, after that edit cells having signal to 1, then copy the data and 
%paste it in a new matrix called signal 
%%%%%%%%%%%%%%%%%%%%%%%%%% 

  
%variable input argument 
% if nargin == 7 
%     Probe = []; 
%     Signal= []; 
% else if nargin == 8 
%         Signal= []; 
%     end 
% end 
%      
switch(nargin) 
    case 7 
    Probe = []; 
    Signal= [];  
    loc = []; 
    case 8 
    Signal= []; 
    loc = []; 
    case 9 
    loc = []; 
end 

     
%determine number of time step 
Ntstep = T/tstep + 1; % including zero 
 % Determine backward wave speed ( Triangular FD ) 
 w = qmax/(kj-qmax/u); 
 %Determine sstep 
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 sstep = (u*w*tstep)/(u+w)*(1/3600); % kmph*kmph*sec/(kmph) = sec/hour = 

(sec/3600sec) 

  
 %Determine number of space step 
 Nsstep = round(L/sstep + 1); 

  
 % Initialize time axes 
 Time = 0:tstep:T; 

  
 % Initialize space axes 
 Space = 0:sstep:L; 

  
 if length(Space) == Nsstep-1 
     Space = horzcat(Space,L); 
 end 

  
%Initialize lopsided network 
LopTime = zeros(Ntstep,Nsstep); 
LopTime(:,1) = Time; 

  
%develop the lopsided network 
tmid = sstep/u*3600;  
for row = 1:Ntstep 
    for col = 2:Nsstep 
     LopTime(row,col) = LopTime(row,col-1) + tmid;   
    end 
end 
%Initialize cumulative count surface 
Count = zeros(Ntstep,Nsstep); 
Count(:,1) = CUM_COUNT(1:length(Count(:,1))); 
%Palce Probe data 
if isempty(Probe)==1 
%for experiment assume it as no ref 
    Count(1,2:end) = 1; % no ref condition 
%For refernce probe 
%Perform variational theory 
    if isempty(Signal) == 1 
    Solution = VTNoSignal(Count,kj,sstep); 
    else 
        if isempty(loc) ~= 1 
        Signal = SignalPlacer(LopTime,Space,loc,Signal);     
        end 
    Solution = VTSignal(Count,kj,sstep,Signal);  
    end 

  
    %plot the solution 
    ContourStep = 20; 
    Plot(Solution,LopTime,Space,ContourStep); hold on 
    if isempty(Signal) ~= 1,SignalPlot(LopTime,Space,Signal);end 
    hold off 
else 
    [Count] = ProbePlacer(Count,LopTime,Space,Probe); 
    %For Probe corrector 
    [Count] = ProbeCorrector(Count); 
    %Perform variational theory 
    if isempty(Signal) == 1 
    Solution = VTNoSignal(Count,kj,sstep); 
    else 
        if isempty(loc) ~= 1 
        Signal = SignalPlacer(LopTime,Space,loc,Signal);     
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        end 
    Solution = VTSignal(Count,kj,sstep,Signal);  
    end 

  
    %plot the solution 
    ContourStep = 20; 
    Plot(Solution,LopTime,Space,ContourStep); hold on 
    ProbePlot(Probe); 
    if isempty(Signal) ~= 1,SignalPlot(LopTime,Space,Signal);end 
    hold off 
end 

  
toc 
end 

  
function [ Solution ] = VTNoSignal(Count,kj,sstep) 

  
%Initialize the solution 
Solution = Count; 
[m n] = size(Solution); % m = row size , n =colmn size 
%find the first zero in the second column, 
index = find(Count(:,2) == 0,1,'first'); %Count(2,index -1) will contain 

1 
%Place the Daganzos theory 

  
%change the second column 
intersectedCount = Count(index-1,1); 
%Change the first colimn 
Solution(1:(index-1),1) = intersectedCount; 
Solution(:,2:end) = Solution(:,2:end)*intersectedCount; 
%Apply daganzos theory 
for row = 2:m 
    for col=2:n 
        if col < n 
            if Solution(row,col) ~= intersectedCount 
                Solution(row,col) = min( Solution(row,col-1) , 

Solution(row-1,col+1)+kj*sstep); 
            end 
        else 
        Solution(row,col) =  Solution(row,col-1); 
        end 

             
    end 
end 
Solution(:,end) = Solution(:,end-1); 
1; 
end 

  
function [ Solution ] = VTSignal(Count,kj,sstep,Signal) 

  
%Initialize the solution 
Solution = Count; 
[m n] = size(Solution); % m = row size , n =colmn size 
%find the first zero in the second column, 
index = find(Count(:,2) == 0,1,'first'); %Count(2,index -1) will contain 

1 
%Place the Daganzos theory 

  
%change the second column 
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intersectedCount = Count(index-1,1); 
%Change the first colimn 
Solution(1:(index-1),1) = intersectedCount; 
Solution(:,2:end) = Solution(:,2:end)*intersectedCount; 
%Reshape the signal 

  
%Apply daganzos theory 
for row = 2:m 
    for col=2:n 
        if col < n 
            if Solution(row,col) ~= intersectedCount 
                if Signal(row,col) == 1 
                Solution(row,col) = min( [Solution(row,col-1) , 

Solution(row-1,col+1)+kj*sstep,Solution(row-1,col)]); 
                else 
                    Solution(row,col) = min( Solution(row,col-1) , 

Solution(row-1,col+1)+kj*sstep); 
                end 
            end 
        else 
        Solution(row,col) =  Solution(row,col-1); 
        end 

             
    end 
end 
Solution(:,end) = Solution(:,end-1); 
1; 
end 

  
function [ Out ] = Plot(Solution,LopTime,Space,ContourStep) 
%Initialize variables 
LopSpace = zeros( size(LopTime) ); 
maxcount = max(Solution(1:end)); 
mincount = min(Solution(1:end)); 
%Genrate space according to loptime 
for i = 1:length(LopTime(:,1)) 
LopSpace(i,:) = Space; 
end 
%select lines to show in contour 
Line = mincount:ContourStep:maxcount; 
%plot the contour 
[C,h] = contour(LopTime,LopSpace,Solution,Line); 
set(h,'ShowText','off','TextStep',get(h,'LevelStep')*1); 
colormap(gray) 
xlabel('Time(sec)'); 
ylabel('Space(km)'); 
end 

  
function [NewCount] = ProbePlacer(Count,LopTime,Space,Probe) 

  
%Initialize 
NewCount = Count;  
[m,n] = size(Count); 
PTime = Probe(:,1); 
PSPace = Probe(:,2); 
LopSpace = zeros(size(LopTime)); 
for col = 2:n 
    for row = 1:m 
%         LopSpace(row,col) = interp1q(PTime,PSPace,LopTime(row,col)); 
        ISpace = interp1q(PTime,PSPace,LopTime(row,col)); 
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        if isnan(ISpace) == 1 
            NewCount(row,col) = 0; 
        else if ISpace <= Space(col) 
                NewCount(1:row,col) =1; 
            else if ISpace > Space(col) 
                   NewCount( row:end,col) = 0; 
                end 
            end 
        end 
    end 
end 

  
end 

  
function [NewCount] = ProbeCorrector(Count) 
[m,n] = size(Count); 
NewCount = Count; 
Iter = 1; 
MaxItr = 30; 
while( sum(NewCount(1,:)) < m && Iter < MaxItr) 
    for col = 2:n-1 
        SUM_COL = sum( NewCount(:,col) ); 
         if SUM_COL == 0 
             NewCount(:,col) =  NewCount(:,col+1); 
        end 
    end 
Iter = Iter +1;     
end 

  
end 

  
function [ Out ] = ProbePlot(Probe) 
PTime = Probe(:,1); 
PSPace = Probe(:,2); 
plot(PTime,PSPace); 
end 

  
function [ Out] = SignalPlot(LopTime,Space,Signal) 
[m,n] = size(LopTime); 
for col = 1:n 
    for row = 1:m 
        if Signal(row,col) == 1 
            plot(LopTime(row,col),Space(col),'-r','MarkerSize',2); 
        end 
    end 
end 
end 

  
function [Signal] = SignalPlacer(LopTime,Space,Loc,sig) 
noOfSignal = length(Loc); 
index = ones(length(Loc),1); 
Signal = zeros(size(LopTime)); 
for i = 1:noOfSignal 
index = find((Space >= Loc(i)) == 1,1,'first'); 
tstep = LopTime(2,1) - LopTime(1,1); 
Offset = sig(i,3)/tstep+1; 
Green = sig(i,1)/tstep+1; 
Red = sig(i,2)/tstep+1; 
minisig = vertcat(ones(Red,1), zeros(Green,1)); 
    iter = 1; 
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    for j = 1:(length(Signal(:,index))-Offset -1) 
        if iter > length(minisig) iter = 1;end 
        Signal(j+Offset,index) = minisig(iter); 
        iter = iter +1; 
    end 
end 
end 
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Appendix B 

Trajectory Forecast 
 

 

 

function prediction() 

  
%initialize the traffic state parameters 

  
%Capacity (veh/hour) 
qmax = 1750; 

  
%Free Flow speed (km/h) 
u = 10.5; 

  
%jam density (veh/km) 
kj = 350; 

  
% Time-step in seconds 
tstep = 5;  

  
%Total Real-time (sec) 
T = 1500; 

  
%Total Length of the section(km) 
L = 1; 

  
% Load Cumulative count data 
CUM_Count = xlsread('Count','B2:B723'); 

  
%Load Probe trajectory data 
Probe = xlsread('FINAL_PROBE_1','Probe_4','C2:D414'); 

  
%Load Signal Data 
load('SignalData','Signal'); 

  
%Apply variation theory 
figure(1) 
[ Solution,LopTime,Space,Ntstep,Nsstep  ] = KWT2( 

qmax,u,kj,tstep,CUM_Count,T,L,Probe,Signal);    

  
%Prediction 
% Prediction Time bound (Consider the available signal Data to set this) 
% The value should be set as though the prediction window does not pass 
% the Signal data 
t = 2000; 

  
% prediction region 
%Temporal boundary 
T_start = T; 
T_end = T_start + t ; 
%Spatial Boundary 
S_satrt = 0.62; 
S_end = 0.99; 

  
%Number of time steps 
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ntstep = t/tstep +1; 
%%%%%%%%%%%%%%%%%Flow Prediction%%%%%%%%%%%%%%%%%% 
usSignal = Signal(:,92); 
dsSignal = Signal(:,143); 
HistoricalFlow = xlsread('Historical Data.xlsx','Sheet1','B2:B1083'); 
Current_Time = T;  
Past_time = 500; % The past time should be chosen as such it does not 

pass the 
%  
%%%%%%%%%%%%%%%Finding the alpha%%%%%%%%%%%%%%%%%%% 
%% Extract the green and red time for the hisorical data 
usLopTime = LopTime(:,92); % 92 is the index of the signal position in 

lopsided time-space 
start_index = find( usLopTime > Past_time,1,'first'); 
end_index = find( usLopTime >Current_Time ,1,'first'); 
Red = usSignal(start_index:end_index); 
Green = ~(Red); 
%%  Extract the green and red time flow for the historical data 
Current_Time_index = Current_Time/tstep + 1; 
Past_Time_index = Current_Time_index -(end_index -start_index) ; 
HistoricalFlow_At_Past = 

HistoricalFlow(Past_Time_index:Current_Time_index); 
GreenFlow = HistoricalFlow_At_Past.*Green; 
RedFlow = HistoricalFlow_At_Past.*Red; 
AvgGreenFlow = mean(GreenFlow(GreenFlow>0)); 
AvgRedFlow = mean(RedFlow(RedFlow>0)); 
%% Calculate the alpha 

  
alpha = sum(RedFlow)/( sum(GreenFlow) + sum(RedFlow) ); 
%% Calculate Estimated volume from the last cell of previously 

calculated Solution 
usEstCumCount = Solution(:,92); 
usEstFlow = diff(usEstCumCount((start_index-1):end_index)); 
EstGreenFlow = usEstFlow(usEstFlow>0) ; % ??? 
EstRedFlow = usEstFlow(usEstFlow==0); 
AvgEstGreenFlow = mean(EstGreenFlow(EstGreenFlow>0)); 
AvgEstRedFlow = mean(EstRedFlow(EstGreenFlow>0)); 

  
%% Calculate The Estimated green and red signal flow 
AvgCorrGreenFlow = (AvgEstGreenFlow+AvgGreenFlow)/2; 
AvgCorrRedFlow = AvgCorrGreenFlow*alpha/(1-alpha); 

  
%%Calculate the Flow for prediction 
start_index = find( usLopTime >Current_Time ,1,'first'); 
end_index = start_index + ntstep; 
usSignal = Signal(start_index:end_index,92); 
Red = usSignal; 
Green = ~(Red); 
PredictedFlow = AvgCorrGreenFlow.*Green + Red.*AvgCorrRedFlow; 
P_CUM_Count = cumsum( PredictedFlow ); 
%Predict Cumulative count from flow 

  
% %%%%%%%%%%%%% Artificial flow Prediction window%%%%%%%%%%%%%%%%%% 
% % Predicted uniform Flow in the predicted interval with in that time 

step 
% Predicted_Flow = 1; 
%  
% %Predict Cumulative count from flow 
% P_CUM_Count = Predicted_Flow * cumsum( ones(ntstep,1 ) ); 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
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% Length 
l = S_end - S_satrt; 

  
%Convert the spacial boundary into index 
S_satrt_index = round( S_satrt/(L/Nsstep) )+1; 
S_end_index = round(S_end/(L/Nsstep))+1; 

  
%Convert the temporal boundary into index 
T_start_index = round( T_start/(T/Ntstep) )+1; 
T_end_index = round(T_end/(T/Ntstep))+1; 

  
%Extract the boundary condition from the previous solution 
estimated_Probe = Solution(end,S_satrt_index:S_end_index); 

  
%Extract the signal data from signal file 
signal = Signal(T_start_index:T_end_index,S_satrt_index:S_end_index); 

  
%Correct The cumulative count to become coherent with the realtime 

solution 
% Add the first cell data of the estimated probe with the cumulative 

count 
P_CUM_Count = P_CUM_Count + estimated_Probe(1); 

  
%Apply variational theory 
figure(2) 
[ PSolution,PLopTime,PSpace] = KWT2Predict( 

qmax,u,kj,tstep,P_CUM_Count,t,l,estimated_Probe,signal); 

  
hold on 
%%%%%%%%%%%%%%%%%%% Validate The Trajectory %%%%%%%%%%%%%%%%%% 
%% Load The trajectory 
MatchingProbe = xlsread('FINAL_PROBE_1','Probe_6','C2:D414'); 
MatchingProbe(:,1) = MatchingProbe(:,1) - T_start; 
plot(MatchingProbe(:,1),MatchingProbe(:,2)); 
hold off 

  
end 
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Appendix C 

Graphical User Interface 
 

 

 

 

function varargout = KWTSIG(varargin) 
% KWTSIG MATLAB code for KWTSIG.fig 
%      KWTSIG, by itself, creates a new KWTSIG or raises the existing 
%      singleton*. 
% 
%      H = KWTSIG returns the handle to a new KWTSIG or the handle to 
%      the existing singleton*. 
% 
%      KWTSIG('CALLBACK',hObject,eventData,handles,...) calls the local 
%      function named CALLBACK in KWTSIG.M with the given input 

arguments. 
% 
%      KWTSIG('Property','Value',...) creates a new KWTSIG or raises the 
%      existing singleton*.  Starting from the left, property value 

pairs are 
%      applied to the GUI before KWTSIG_OpeningFcn gets called.  An 
%      unrecognized property name or invalid value makes property 

application 
%      stop.  All inputs are passed to KWTSIG_OpeningFcn via varargin. 
% 
%      *See GUI Options on GUIDE's Tools menu.  Choose "GUI allows only 

one 
%      instance to run (singleton)". 
% 
% See also: GUIDE, GUIDATA, GUIHANDLES 

  
% Edit the above text to modify the response to help KWTSIG 

  
% Last Modified by GUIDE v2.5 18-Apr-2016 16:48:29 

  
% Begin initialization code - DO NOT EDIT 
gui_Singleton = 1; 
gui_State = struct('gui_Name',       mfilename, ... 
                   'gui_Singleton',  gui_Singleton, ... 
                   'gui_OpeningFcn', @KWTSIG_OpeningFcn, ... 
                   'gui_OutputFcn',  @KWTSIG_OutputFcn, ... 
                   'gui_LayoutFcn',  [] , ... 
                   'gui_Callback',   []); 
if nargin && ischar(varargin{1}) 
    gui_State.gui_Callback = str2func(varargin{1}); 
end 

  
if nargout 
    [varargout{1:nargout}] = gui_mainfcn(gui_State, varargin{:}); 
else 
    gui_mainfcn(gui_State, varargin{:}); 
end 
% End initialization code - DO NOT EDIT 

  

  
% --- Executes just before KWTSIG is made visible. 
function KWTSIG_OpeningFcn(hObject, eventdata, handles, varargin) 
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% This function has no output args, see OutputFcn. 
% hObject    handle to figure 
% eventdata  reserved - to be defined in a future version of MATLAB 
% handles    structure with handles and user data (see GUIDATA) 
% varargin   command line arguments to KWTSIG (see VARARGIN) 

  
% Choose default command line output for KWTSIG 
handles.output = hObject; 

  
% Update handles structure 
guidata(hObject, handles); 

  
%initialize GUIDATA 
global GUIDATA 
GUIDATA.qmax = 1750; 
GUIDATA.vf = 10.5; 
GUIDATA.kj = 350; 
GUIDATA.tstep = 5; 
GUIDATA.L = 1; 
GUIDATA.T = 3600; 
GUIDATA.N = 0; 
GUIDATA.SignalFromFile = []; 
GUIDATA.Probe = []; 
GUIDATA.PredictedFlow = []; 
GUIDATA.Count = []; 
GUIDATA.Solution = []; 
GUIDATA.Ntstep = []; 
GUIDATA.Nsstep = []; 
%Initialize Signal 
SigData = [GUIDATA.L/2 , 50 , 50 , 0]; 
GUIDATA.signal = SigData; 
update_handles(hObject, eventdata, handles,GUIDATA); 
% UIWAIT makes KWTSIG wait for user response (see UIRESUME) 
% uiwait(handles.figure1); 

  
function [out] = update_handles(hObject, eventdata, handles,GUIDATA) 
set(handles.edit_qmax,'String',num2str(GUIDATA.qmax)); 
set(handles.edit_vf,'String',num2str(GUIDATA.vf)); 
set(handles.edit_kj,'String',num2str(GUIDATA.kj)); 
set(handles.edit_tstep,'String',num2str(GUIDATA.tstep)); 
set(handles.edit_L,'String',num2str(GUIDATA.L)); 
set(handles.edit_T,'String',num2str(GUIDATA.T)); 
set(handles.uitable_signal,'Data',GUIDATA.signal); 
set(handles.text_N,'String',num2str(GUIDATA.N)); 

  
function [out] = load_handles(hObject, eventdata, handles) 
global GUIDATA 

  
value=str2double(get(handles.edit_qmax,'String')); 
if ~(value > 0 ) 
    set(handles.edit_qmax,'String',num2str(GUIDATA.qmax)); 
    msgbox('Wrong Inout !!! Maximum Capacity'); 
else 
   GUIDATA.qmax = value;  
end 

  

  
value=str2double(get(handles.edit_vf,'String')); 
if ~(value > 0 ) 
    set(handles.edit_vf,'String',num2str(GUIDATA.vf)); 
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    msgbox('Wrong Inout !!! Free Flow Speed'); 
else 
   GUIDATA.vf = value;  
end 

  
value=str2double(get(handles.edit_kj,'String')); 
if ~(value > 0 ) 
    set(handles.edit_kj,'String',num2str(GUIDATA.kj)); 
    msgbox('Wrong Inout !!! Jam Density'); 
else 
   GUIDATA.kj = value;  
end 

  
value=str2double(get(handles.edit_tstep,'String')); 
if ~(value > 0 ) 
    set(handles.edit_tstep,'String',num2str(GUIDATA.tstep)); 
    msgbox('Wrong Inout !!! Time Step'); 
else 
   GUIDATA.tstep = value;  
end 

  
value=str2double(get(handles.edit_L,'String')); 
if ~(value > 0 ) 
    set(handles.edit_L,'String',num2str(GUIDATA.L)); 
    msgbox('Wrong Inout !!! Road Length'); 
else 
   GUIDATA.L = value;  
end 

  
value=str2double(get(handles.edit_T,'String')); 
if ~(value > 0 ) 
    set(handles.edit_T,'String',num2str(GUIDATA.T)); 
    msgbox('Wrong Inout !!! Road Length'); 
else 
   GUIDATA.T = value;  
end 

  
GUIDATA.signal = get(handles.uitable_signal,'Data'); 

  

    
% --- Outputs from this function are returned to the command line. 
function varargout = KWTSIG_OutputFcn(hObject, eventdata, handles)  
% varargout  cell array for returning output args (see VARARGOUT); 
% hObject    handle to figure 
% eventdata  reserved - to be defined in a future version of MATLAB 
% handles    structure with handles and user data (see GUIDATA) 

  
% Get default command line output from handles structure 
varargout{1} = handles.output; 

  

  
% --- Executes on button press in pushbutton3. 
function pushbutton3_Callback(hObject, eventdata, handles) 
% hObject    handle to pushbutton3 (see GCBO) 
% eventdata  reserved - to be defined in a future version of MATLAB 
% handles    structure with handles and user data (see GUIDATA) 
global GUIDATA 
%Load Variables 
CUM_Count = xlsread('Count','B2:B723'); 
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load_handles(hObject, eventdata, handles); 
qmax = GUIDATA.qmax; 
u = GUIDATA.vf; 
kj = GUIDATA.kj; 
tstep = GUIDATA.tstep; 
T = GUIDATA.T; 
L = GUIDATA.L; 
Signal =GUIDATA.signal(:,2:end); 
loc = GUIDATA.signal(:,1); 
GUIDATA.Count = CUM_Count; 
axes(handles.axes_Plot) 
% GUIDATA.Probe = xlsread('FINAL_PROBE_1','Probe_4','C2:D414'); 
if isempty(GUIDATA.SignalFromFile) == 1 
[ Solution,LopTime,Space,Ntstep,Nsstep  ] = KWT2( 

qmax,u,kj,tstep,GUIDATA.Count,T,L,GUIDATA.Probe,Signal,loc); 
else 
[ Solution,LopTime,Space,Ntstep,Nsstep  ] = KWT2( 

qmax,u,kj,tstep,GUIDATA.Count,T,L,GUIDATA.Probe,GUIDATA.SignalFromFile);    
end 
GUIDATA.Ntstep = Ntstep; 
GUIDATA.Nsstep = Nsstep; 
GUIDATA.Solution = Solution; 
GUIDATA.N = Solution(end,end); 
update_handles(hObject, eventdata, handles,GUIDATA); 

  

   
% --- Executes on button press in pushbutton_add_signal. 
function pushbutton_add_signal_Callback(hObject, eventdata, handles) 
% hObject    handle to pushbutton_add_signal (see GCBO) 
% eventdata  reserved - to be defined in a future version of MATLAB 
% handles    structure with handles and user data (see GUIDATA) 
Data = get( handles.uitable_signal,'Data' ); 
[m n] =size(Data); 
Data = vertcat( Data , zeros(1,n) ); 
set(handles.uitable_signal,'Data',Data); 

  

  
% --- Executes on button press in pushbutton_delete_signal. 
function pushbutton_delete_signal_Callback(hObject, eventdata, handles) 
% hObject    handle to pushbutton_delete_signal (see GCBO) 
% eventdata  reserved - to be defined in a future version of MATLAB 
% handles    structure with handles and user data (see GUIDATA) 
Data = get( handles.uitable_signal,'Data' ); 
[m n] = size(Data); 
if m > 1 
Data = Data(1:m-1,:); 
end 
set(handles.uitable_signal,'Data',Data); 

  

  
function edit_qmax_Callback(hObject, eventdata, handles) 
% hObject    handle to edit_qmax (see GCBO) 
% eventdata  reserved - to be defined in a future version of MATLAB 
% handles    structure with handles and user data (see GUIDATA) 

  
% Hints: get(hObject,'String') returns contents of edit_qmax as text 
%        str2double(get(hObject,'String')) returns contents of edit_qmax 

as a double 
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% --- Executes during object creation, after setting all properties. 
function edit_qmax_CreateFcn(hObject, eventdata, handles) 
% hObject    handle to edit_qmax (see GCBO) 
% eventdata  reserved - to be defined in a future version of MATLAB 
% handles    empty - handles not created until after all CreateFcns 

called 

  
% Hint: edit controls usually have a white background on Windows. 
%       See ISPC and COMPUTER. 
if ispc && isequal(get(hObject,'BackgroundColor'), 

get(0,'defaultUicontrolBackgroundColor')) 
    set(hObject,'BackgroundColor','white'); 
end 

  

   
function edit_vf_Callback(hObject, eventdata, handles) 
% hObject    handle to edit_vf (see GCBO) 
% eventdata  reserved - to be defined in a future version of MATLAB 
% handles    structure with handles and user data (see GUIDATA) 

  
% Hints: get(hObject,'String') returns contents of edit_vf as text 
%        str2double(get(hObject,'String')) returns contents of edit_vf 

as a double 

  

  
% --- Executes during object creation, after setting all properties. 
function edit_vf_CreateFcn(hObject, eventdata, handles) 
% hObject    handle to edit_vf (see GCBO) 
% eventdata  reserved - to be defined in a future version of MATLAB 
% handles    empty - handles not created until after all CreateFcns 

called 

  
% Hint: edit controls usually have a white background on Windows. 
%       See ISPC and COMPUTER. 
if ispc && isequal(get(hObject,'BackgroundColor'), 

get(0,'defaultUicontrolBackgroundColor')) 
    set(hObject,'BackgroundColor','white'); 
end 

  

  

  
function edit_kj_Callback(hObject, eventdata, handles) 
% hObject    handle to edit_kj (see GCBO) 
% eventdata  reserved - to be defined in a future version of MATLAB 
% handles    structure with handles and user data (see GUIDATA) 

  
% Hints: get(hObject,'String') returns contents of edit_kj as text 
%        str2double(get(hObject,'String')) returns contents of edit_kj 

as a double 

  

  
% --- Executes during object creation, after setting all properties. 
function edit_kj_CreateFcn(hObject, eventdata, handles) 
% hObject    handle to edit_kj (see GCBO) 
% eventdata  reserved - to be defined in a future version of MATLAB 
% handles    empty - handles not created until after all CreateFcns 

called 
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% Hint: edit controls usually have a white background on Windows. 
%       See ISPC and COMPUTER. 
if ispc && isequal(get(hObject,'BackgroundColor'), 

get(0,'defaultUicontrolBackgroundColor')) 
    set(hObject,'BackgroundColor','white'); 
end 

  

  

  
function edit_tstep_Callback(hObject, eventdata, handles) 
% hObject    handle to edit_tstep (see GCBO) 
% eventdata  reserved - to be defined in a future version of MATLAB 
% handles    structure with handles and user data (see GUIDATA) 

  
% Hints: get(hObject,'String') returns contents of edit_tstep as text 
%        str2double(get(hObject,'String')) returns contents of 

edit_tstep as a double 

  

  
% --- Executes during object creation, after setting all properties. 
function edit_tstep_CreateFcn(hObject, eventdata, handles) 
% hObject    handle to edit_tstep (see GCBO) 
% eventdata  reserved - to be defined in a future version of MATLAB 
% handles    empty - handles not created until after all CreateFcns 

called 

  
% Hint: edit controls usually have a white background on Windows. 
%       See ISPC and COMPUTER. 
if ispc && isequal(get(hObject,'BackgroundColor'), 

get(0,'defaultUicontrolBackgroundColor')) 
    set(hObject,'BackgroundColor','white'); 
end 

  

  

  
function edit_L_Callback(hObject, eventdata, handles) 
% hObject    handle to edit_L (see GCBO) 
% eventdata  reserved - to be defined in a future version of MATLAB 
% handles    structure with handles and user data (see GUIDATA) 

  
% Hints: get(hObject,'String') returns contents of edit_L as text 
%        str2double(get(hObject,'String')) returns contents of edit_L as 

a double 

  

  
% --- Executes during object creation, after setting all properties. 
function edit_L_CreateFcn(hObject, eventdata, handles) 
% hObject    handle to edit_L (see GCBO) 
% eventdata  reserved - to be defined in a future version of MATLAB 
% handles    empty - handles not created until after all CreateFcns 

called 

  
% Hint: edit controls usually have a white background on Windows. 
%       See ISPC and COMPUTER. 
if ispc && isequal(get(hObject,'BackgroundColor'), 

get(0,'defaultUicontrolBackgroundColor')) 
    set(hObject,'BackgroundColor','white'); 
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end 

  

  

  
function edit_T_Callback(hObject, eventdata, handles) 
% hObject    handle to edit_T (see GCBO) 
% eventdata  reserved - to be defined in a future version of MATLAB 
% handles    structure with handles and user data (see GUIDATA) 

  
% Hints: get(hObject,'String') returns contents of edit_T as text 
%        str2double(get(hObject,'String')) returns contents of edit_T as 

a double 

  

  
% --- Executes during object creation, after setting all properties. 
function edit_T_CreateFcn(hObject, eventdata, handles) 
% hObject    handle to edit_T (see GCBO) 
% eventdata  reserved - to be defined in a future version of MATLAB 
% handles    empty - handles not created until after all CreateFcns 

called 

  
% Hint: edit controls usually have a white background on Windows. 
%       See ISPC and COMPUTER. 
if ispc && isequal(get(hObject,'BackgroundColor'), 

get(0,'defaultUicontrolBackgroundColor')) 
    set(hObject,'BackgroundColor','white'); 
end 

  

  
% --- Executes on button press in pushbutton_Load_Siganl. 
function pushbutton_Load_Siganl_Callback(hObject, eventdata, handles) 
% hObject    handle to pushbutton_Load_Siganl (see GCBO) 
% eventdata  reserved - to be defined in a future version of MATLAB 
% handles    structure with handles and user data (see GUIDATA) 
global GUIDATA 
uiopen 
GUIDATA.SignalFromFile = Signal; 

  

  
% --- Executes on button press in pushbutton_Load_Probe. 
function pushbutton_Load_Probe_Callback(hObject, eventdata, handles) 
% hObject    handle to pushbutton_Load_Probe (see GCBO) 
% eventdata  reserved - to be defined in a future version of MATLAB 
% handles    structure with handles and user data (see GUIDATA) 
global GUIDATA 
uiopen 
GUIDATA.Probe = Probe; 

  

  
% --- Executes on button press in pushbutton6. 
function pushbutton6_Callback(hObject, eventdata, handles) 
% hObject    handle to pushbutton6 (see GCBO) 
% eventdata  reserved - to be defined in a future version of MATLAB 
% handles    structure with handles and user data (see GUIDATA) 
global GUIDATA 
load_handles(hObject, eventdata, handles); 
qmax = GUIDATA.qmax; 
u = GUIDATA.vf; 
kj = GUIDATA.kj; 
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tstep = GUIDATA.tstep; 
L = GUIDATA.L; 
Signal =GUIDATA.signal(:,2:end); 
loc = GUIDATA.signal(:,1); 
% Determine the total flow from predicted flow 
%First determin the present count 
%Exception handling later !!!! 
PresentCount = GUIDATA.Count(1:GUIDATA.Ntstep ); 
PredictedCount = PresentCount(end) + cumsum(GUIDATA.PredictedFlow); 
TotalCount = vertcat(PresentCount,PredictedCount); 
%Change the total Time of the solution 
T = GUIDATA.T + length(GUIDATA.PredictedFlow)*GUIDATA.tstep; 
%axes(handles.Prediction_Window); 
figure(2) 
% GUIDATA.Probe = xlsread('FINAL_PROBE_1','Probe_4','C2:D414'); 
if isempty(GUIDATA.SignalFromFile) == 1 
[ Solution,LopTime,Space,Ntstep,Nsstep  ] = KWT2( 

qmax,u,kj,tstep,TotalCount,T,L,GUIDATA.Probe,Signal,loc); 
else 
[ Solution,LopTime,Space,Ntstep,Nsstep  ] = KWT2( 

qmax,u,kj,tstep,TotalCount,T,L,GUIDATA.Probe,GUIDATA.SignalFromFile);    
end 
GUIDATA.N = Solution(end,end); 
rectangle('Position',[GUIDATA.T 0.62 (T - GUIDATA.T) (1 - 0.62)]); 
update_handles(hObject, eventdata, handles,GUIDATA); 

 

  
% --- Executes on button press in pushbutton7. 
function pushbutton7_Callback(hObject, eventdata, handles) 
% hObject    handle to pushbutton7 (see GCBO) 
% eventdata  reserved - to be defined in a future version of MATLAB 
% handles    structure with handles and user data (see GUIDATA) 
global GUIDATA 
uiopen 
GUIDATA.PredictedFlow = PFlow; 

 
 
 
 
  


