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Abstract 

Traffic problems caused by congestion are increasing in cities all over the world. As a traffic 
management tool traffic predictions can be used in order to make prevention actions against 
traffic congestion. There is one software for traffic state estimations called Mobile Millennium 
Stockholm (MMS) that are a part of a project for estimate real-time traffic information. 

In this thesis a framework for running traffic predictions in the MMS software have been 
implemented and tested on a stretch north of Stockholm. The thesis is focusing on the 
implementation and evaluation of traffic prediction by running a cell transmission model (CTM) 
forward in time. The prediction algorithm utilizes the power of the cell transmission model by 
running the model forward in time. This method gives reliable predictions for a prediction 
horizon of up to 5 minutes. Traffic predictions with longer prediction horizons require dynamic 
input to adapt the predictions according to the change in routes, demands and capacities. 

In order to improve the results for traffic predictions, a framework for dynamic inputs of 
demand and sink capacity has been implemented in the MMS system. Dynamic sources and 
sinks clearly improve the reliability of traffic predictions compared to static sources and sink 
parameters. Traffic predictions of good quality can be made with a horizon of up to 15 minutes 
when using dynamic sources and sinks. Estimations are not improved by using dynamic input 
since the model corrects the demand and capacity by using live data as input during estimations. 

The third part of the master thesis presents a model which adjusts the split ratios in a 
macroscopic traffic model based on driver behavior during congestion. The model is developed 
together with Partners for Advance Transportation Technology (PATH) at University of 
California, Berkeley. The new split ratio model is a part of the Connected Corridor project. The 
presented split ratio behavior model is based on a linear relationship between the mainline traffic 
density and the amount of vehicles that leave the freeway at a given location. The model is 
evaluated against daily profiles clustered on historical data and the evaluation was performed on 
23 sites located at Interstates 10 and 210 in California, USA.  The split ratio behavior model did 
outperform the clustered profiles when non-recurrent congestion appeared. The differences 
between the two models are insignificant during non-congested times. 

 
 

Keywords: Cell transmission model velocity (CTM-v), Traffic predictions, dynamic sources and 
sinks, Split ratio, behavior model 
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1. Introduction 
Traffic congestion is a major problem in cities all over the world, and the problem tends to 
increase as the migration into cities increases every year. Currently more than half of the 
population lives in cities [1] which indicates of a great demand of efficient and sustainable 
transportation modes in urban areas. Since most of the transportations are made with road 
vehicles, the need of a powerful technical software tools improving the traffic is greater than 
ever. 

In order to develop useful software to facilitate prevention actions against traffic 
congestion, a project named Mobile Century was founded in February 2008 [2]. The project 
was a cooperation between the University of California Berkeley, California Center for 
Innovative Transportation (which later became a part of the Partners for Advanced 
Technology) and the Nokia Research Center. The project was developed as a proof of concept 
to traffic data from cell phones detected and measured by GPS from one hundred vehicles [2]. 
The information stored consisted of vehicle speed and position from a specific stretch located 
in the San Francisco bay area. The outcome of the Mobile Century was to enable development 
of algorithms and data collection about traffic information given from GPS-equipped mobile 
phones.  

Since the outcome of the Mobile Century was of such great success, the Mobile 
Millennium (MM) project was introduced in November the same year. The objective with the 
Mobile Millennium project was to demonstrate the potential of collected data from GPS-
equipped cell phones and transit important traffic information back to the users [2]. In the 
Mobile Millennium project, estimations of the traffic state was done using a cell transmission 
model integrated with input in terms of measurements collected from live traffic data. 

In 2010 an adaption of the MM project to the Stockholm highway network was introduced. 
This project was named the Mobile Millennium Stockholm (MMS) and is a cooperation 
between UC Berkeley, LiU, Sweco, Trafikverket and KTH [1]. The MMS system works the 
same way as the MM system by using the cell transmission model together with measured 
data collected from physical network. Currently, only point speed measurements collected by 
radar sensors are used as input to MMS system. 

The MMS software is currently using static parameters to the model the traffic demand. 
The number of cars entering a highway and choosing to turn off the highway varies over the 
time of the day. The model should perform better if the inflows to the model are dynamic. In 
this thesis dynamic sources and sinks are implemented in order to improve the state of the 
model in relation to the reality. The thesis does not cover traffic estimations or traffic 
predictions of arterial roads since all the test sites are either highway or freeway. 

In order to make the MMS software a more useful tool for evaluating prevention actions 
against traffic congestion, the MMS project is extended to perform traffic predictions. This 
action is done by running the cell transmission model forward in time without using any 
measurements as input to the model. 

In order to make a macroscopic traffic model even more useful as prevention tool against 
traffic congestion, it should be able to handle general differences in driving behavior due to 
congestion. A part of the difference in driving behavior is the route change phenomena which 
could be recapped in a macroscopic traffic model by introducing a dynamic split ratio 
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behavior model utilizing the relationship between mainline congestion and the amount of 
turning rate.  

1.1  Aim and purpose 

The main purpose with this master thesis is to implement a new split ratio model and develop 
the Mobile Millennium Stockholm in order to perform traffic predictions. In order to make 
accurate traffic predictions the implementation of dynamic sources and sinks is a part of this 
thesis. The implementation will be done be by introducing additional functions into the 
established code. 

The new split ratio model will consist of a method to model driver response to congestion. 
This master thesis will also give a summary of the model that is used in the MMS system. The 
questions which will be answered in this thesis are stated below.   Which changes are required in order to implement dynamic sources and sinks into the 

MMS system?  Does the implementation of dynamic sources and sinks improve traffic estimations?   Which changes are required in order to implement traffic predictions in the MMS 
system?  Is traffic predictions improved by using dynamic sources and sinks?  Is the quality of traffic predictions affected by the prediction horizon and during which 
horizon does the predictions performs reliable results?  Can modeling of split ratios be improved in relation to historical average by applying a 
model utilizing the relationship between increased mainline density and turning rate? 

1.2 Method 

The work process developing the MMS system can be divided into two different steps. The 
first step is a literature review and the second is an implementation process. 

The literature review was performed in order to get good knowledge of the MMS system 
and its components. The literature review also served to get understanding in detailed 
components and the structure of the cell transmission model (CTM). The CTM was most 
important since the traffic predictions mainly refer to this module since no sensor data is used. 
The understanding of the cell transmission model was thereby necessary in order to maintain 
sufficient ability to develop traffic prediction software. The CTM was also of great 
importance for dynamic input since the data is processed and utilized by the CTM in order to 
recover the best estimations.  

During the implementation of the software the given information from the literature review 
were used as a foundation to the development. Since these kinds of projects have not been 
made earlier, there was less information to use during the development of the software. Most 
experiments were made out of sustainable assumptions and qualitative guesses.  

Two different approaches have been identified to improve the prediction system. The first 
method is to run the estimation system in the MMS forward in time without any input to the 
Ensamble Kalman filter. This method will predict future traffic states by using the flow that is 
inside the system when predictions are initiated. 

The second method is to run estimations in the MMS forward in time with predicted radar 
data which are based on historical measured speeds for the current day and time. This speed 
function of the typical day can be scaled in order to match the current situation when 
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predictions are initiated. This master thesis uses the first method since there are no predicted 
radar data available. 

The modeling of driver response to congestion was done by using a driver response theory 
made by Partners for Advanced Transportation Technology at University of California, 
Berkeley. The method was to analyze historical data of the split ratio in order to get 
understanding in driver’s response to congestion. A Matlab program was then developed to 
calibrate the developed model. Finally the result of the model was evaluated against the 
historical average and the measured split ratio from specific the off-ramp. 

 

1.3  Limitations 

The implementation of traffic prediction is done to the MMS project and the description of the 
implementation is not adapted for a general implementation to other software’s. No other 
traffic estimation method other than the CTM is considered since it is the core of the MMS 
The thesis only evaluates traffic predictions with a maximum prediction horizon of one hour. 
Only sources and sinks will be changed to dynamic all other parameters will be static. 

The evaluation of both traffic estimations and predictions will only be done by using travel 
time data collected from Bluetooth sensors and speeds collected from radar detectors, no other 
type of evaluation will be done.  Traffic estimations or traffic predictions will only be 
performed on highway segments. 

The modeling of turning rates during incidents is performed by utilizing the relationship 
between mainline density and the amount of turning rate. Higher amount of mainline density 
will consequently give a larger amount of turning rate. The proportion of diverting traffic is 
linear to the amount of mainline density. 

The cause of mainline congestion is not taken into consideration in this thesis. This holds 
that the increased amount of turning rate may not always be caused by an incident, but since 
the congestion is not labeled all types of congestion is used as training and validation data for 
the model. 

The model does not take into consideration if the drivers may receive information about the 
downstream traffic state by any other way than seeing the congestion from the vehicle. The 
model only utilizes the relationship between the current mainline density and the excepted 
amount of turning rate. People diverting earlier because of broadcasted information through 
radio or GPS are not taken into consideration. 

The split ratio model assumes a FIFO model for every site at all times. This means that the 
first vehicle that reaches the split is the first one to choose the route This may not be realistic 
because there might be possibilities for overtaking in the real world were the different lanes 
has different speed but since the implementation is made in a macroscopic traffic model there 
is no interests in single vehicles movements. 

The different physical and geographical characteristics such as length of view are not taken 
into consideration either. The model calibrates the expected amount of turning rate based on 
the historical data and the calibration process is made individually for each site. 

The system is only valid if there is no congestion on the off-ramp. The model may only 
take the mainline congestion into consideration and the off-ramp flow assumes to be 
uncongested at any time. 
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1.4  Outline 

The structure of this report is divided into two main pieces. The first part is related to the 
implementation of traffic prediction and dynamic input into the Mobile Millennium 
Stockholm system, the second part concerns modeling of turning rates at off-ramps and how it 
is affected by non-recurrent congestion. A literature review of the both parts is presented in 
the first section of the thesis. The literature review will also include traffic flow theory and 
diversion behavior related to congestion. 

The next section contains an overview of the MMS system and how its components are 
related to each other. The overview is followed by a detailed description of the 
implementation of traffic predictions and dynamic input into the MMS system. This section is 
followed by a chapter presenting results from running estimations and predictions with and 
without dynamic input to the MMS system. The evaluation of the results is made comparing 
measured and estimated speeds and travel times.  

The following chapter concerns modeling of split ratios by utilizing the relationship 
between mainline density and the amount vehicles leaving the freeway. The initial part of this 
section describes related work together with a description of the model and an overview of the 
implementation. The model is called split ratio behavior model and is evaluated in the later 
part of the section. 

The final section summarizes the outcome of both subjects in the report and analyzes the 
reliability of the results. Suggestions for further developments are also presented.  

 
  



5 
 
 
 
 
 
 

2  Literature review 
This section covers a theoretical review of the topics of the master thesis. The section 
constitutes the basis of the experiments performed in order to improve the MMS system and 
the development of the split ratio behavior model. 

2.1  Traffic flow model 

In this section the theory of the estimation process implemented in the MMS system is 
presented. The section contains a brief overview of the fundamental characteristics in a 
macroscopic traffic flow model followed by a description of how the measurements are 
collected and used in order to link the traffic model with physical road stretches. The final part 
of this section describes the discretization of the network using the cell transmission model 
and its characteristics.  

   

2.1.1 Traffic flow theory  
Traffic flow theory contains information about the characteristics of traffic flows and the 
numerical methods related to it. The characteristics of traffic flow are for example road 
capacities, headway distributions and the relation between flow, speed and density. The 
numerical methods are for example microscopic simulation models and shockwave theory [3]. 
Some of the most used variables in macroscopic traffic theory are density, flow and speed 
which in combination represent the traffic condition or also known as the traffic state. 

Traffic flow, denoted as q, is related to intensity or volume, which is defined as number of 
vehicles passing a cross section during a specific time period [4]. This definition indicates that 
flow is a local variable since it relates to a specific point. In equation (1) the traffic flow is 
specified in the magnitudes n which represents the number of cars passing the section during 
time period T. The headway is denoted h and is dependent of the specific car i,    denotes the 
average headway.                   (1) 

 
 
Density or concentration denoted as k, is defined as the number of vehicles per distance 

unit. This means that density is an instantaneous variable since it is measured at a time 
instance [4]. In equation (2) density is expressed in magnitudes of the number of cars m and 
occupancy a road stretch of length denoted X. The headway s is dependent of the specific car 
i,    denotes the average headway. 

                   (2) 

 

 
Average speed denoted u, can be computed in two different ways, at a local point over time 

or a road stretch at a time instant. The average speed calculated at a cross section is point 
speed denoted as    and is also known as local speed or time mean speed. Equation (3) 
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represents the calculation of the point speed, i denotes the specific car and n represents the 
total number of cars passing the speed detector during the specific time period [4].           

    
(3) 

 
Speed calculated at a time instant is instantaneous mean speed denoted as    and 

is also known as space mean speed. Space mean speed can be computed from local 
measurements using harmonic mean of the measured values [3]. The calculation of 
space mean speed is represented in equation (4), where n denotes the total number 
of passing cars at the specific road segment during a specific period of time. 

 

               (4) 

 

 
The relation between speed, density and flow can be expressed by the continuity equation 

represented in equation (5). The continuity equation is used in order to relate the local 
characteristic flow to the instantaneous characteristic density. 

      
 

(5) 

The fundamental diagram illustrates the relation between flow, density and speed. In order 
to understand the origin of the fundamental diagram, an interpretation can be done from a 
driving behavior perspective. The fundamental diagram implies similar driving behavior 
during similar traffic conditions. This is valid if the flow and density relates to average time 
headway and average distance headway respectively (related to equation (1) and (2)) [4]. This 
holds that all drivers will travel in the same speed and thereby will maintain in the same 
distance headway s when      . This driving behavior represents the relation between speed 
and density, which is dependent on factors like weather conditions, composition of vehicles 
and road characteristics. 

Typical examples of relations between the magnitudes speed, flow and density are 
illustrated in Figure 1. The most important information about the fundamental diagram is 
pointed out, this information contains road capacity C, critical density denoted   (where the 
maximum flow appears), critical speed denoted   , jam density denoted   (when the speed is 
zero) and free flow speed. 
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Figure 1. A typical example of the relation between speed, flow and density. The figure to 
the left illustrates the relation between flow and density, the catered figure illustrates the 

relation between speed and flow, the figure to the right illustrates the relation between speed 
and density. 

  

 

2.1.2 Data sampling 
In this section the sampling of point speeds from the physical network in the MMS is 
described together with a description of how the values are used in order to create a velocity 
function. 

One frequently used concept describing data sampling in traffic environment is trajectories. 
Trajectories describes the position of a vehicle over time, and is of great value since it makes 
it possible to determine relevant traffic flow quantities [4]. Figure 2 makes it possible to 
illustrate distance headway, time headway and the speed of the vehicles in the same graph. 

By sampling velocities along a stretch of a highway as illustrated by Figure 2, it is possible 
to sample the velocity of the vehicles traveling along the stretch x ε [0,L] where i represents 
the vehicles i ε N traveling along the stretch. The sampled vehicles at time     travels along 
the highway with trajectories denoted      . The velocities for the vehicles are denoted      . 

 

 

 

 

Figure 2. Illustrates the distribution of the velocity field v(x,t) constructed by sampling 
vehicles movement along the stretch. x denotes the location of the vehicles, t represents the 

time and v is the velocity [5] 
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As can be observed from Figure 2, there are four vehicles sampled at time    , along the 
stretch. These vehicles movements are sampled by mobile devices which means that the 
measurements are given as floating cars. The movements can also be sampled by detectors 
located along the highway, which is the case in MMS project. 

This information is then used in order to estimate the behavior of the vehicles in a discrete 
time space model. The measured discrete values of speed are used in order to estimate the 
velocity function over space and time     . The descrete velocity values are represented with 
four points at the      surface in Figure 2.These values are of importance for the algorithm in 
the cell transmission model (CTM) when constructing the surface of the traffic condition at 
the specific stretch.  The process incorporating measurements into the model is named inverse 
modeling or data assimilation [5]. 

Most common information stored as vehicle trajectory measurements are averaged 
information like traffic flow or aggregated travel times (collected by automatic vehicle 
identification or license plate cameras) [6]. In the MMS project the only measurements used at 
the highway network are point speeds collected by radar sensors along the stretches [1].  

 

2.1.3 Macroscopic traffic flow model 
Traffic estimation on macroscopic level is based on the Lighthill-Whitham-Richards (LWR) 
partitial differential equations (PDE) [7]. This model describes the traffic density at a stretch 
of a highway denoted L, over a given time period given as T. The model LWR PDE are 
illustrated in equation (6) and (7). 

                                                     (6) 

                                                (7) 

In the equations (6) and (7) Q denotes the flux function which represents the flow of vehicles 
as a function of density. This function is also known as the hydrodynamic relation, which is 
given equation (8) where Q denotes flow,   denotes density and v denotes speed. In equation 
(8) the flow is expressed by density and speed, which is a useful relation also used later in this 
thesis. 

              (8) 

By inverting the function in equation (8) the traffic state can be expressed in terms of velocity. 
This holds that the partial differential equation can be expressed for velocity instead of the 
typical traffic state which is density. The first velocity function was developed in 1935 and is 
named Greenshields affine velocity function [8] and is illustrated in equation (9). 

                         (9) 
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In this formula      denotes the free flow speed and      denotes the jam density. The 
Greenshields velocity function is a simple model which makes it easily to handle. Since it 
describes a linear relationship between speed and density, it is invertible as illustrated in 
equation (10). 

                                  (10) 

 

Figure 3. The relation between speed, density and flow using the Greenshields velocity 
function. The figure to the left illustrates the relation between flow   and density   . The 

figure to the right illustrates the relation between speed   and density   [5] 

 
Since the Greenshields function does not take congested or free flow state into consideraton, 
other velocity functions are developed. One of these is the Daganzo-Newell velocity function 
[6] which assumes a hyperbolic velocity function during congested state and constant velocity 
during free flow traffic condition. The Daganzo-Newell velocity function is represented in 
equation (11).                                                                                (11) 

 

 
In equation (11)     ,     ,    and    represents the maximum speed, the maximum density, 
the critical density (at which the maximum flow appears according to the Figure 4) and    
represents the backwards propagating wave speed at free flow speed. The relation between 
speed and density, and the relation between flow and density, using the Daganzo-Newell 
velocity function is illustrated in Figure 4. 
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Figure 4. The relation between speed, density and flow using the Daganzo-Newell velocity 
function. The figure to the left illustrates the relation between flow   and density  . The figure 

to the right illustrates the relation between speed   and density   [5] 

 
Since the Daganzo-Newell function is not strictly monotonic in stable condition, it cannot 

be inverted [6]. By approximating the Daganzo-Newell function with a hyperbolic linear 
velocity function, the function can be used in velocity settings. This approximation makes the 
velocity function invertible and as illustrated in equation (12) the approximation remains the 
hyperbolic behavior of the Daganzo-function in unstable condition. The constant velocity 
during free flow condition is replaced with a linear expression. 
                                                                                                
 

(12) 

 

 

To emprove continuity of the relation between the two cases (when the traffic condition 
turns from stable to unstable or vice verse) in equation (12), the stated condition in equation 
(13) must be satisfied [6]. 
               (13) 

  

The relation between speed and density, and between density and flow respectively, using the 
hyperbolic-linear approximation function is illustrated in Figure 5. As can be observed from 
Figure 5 this hyperbolic-linear velocity function enables a quadratic-linear flux function [6].   
 

 

Figure 5. The relation between speed, density and flow using the Hyberbolic-linear 
velocity function. The figure to the left illustrates the relation between flow   and density  . 

The figure to the right illustrates the relation between speed   and density   [5] 
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The hyperbolic-linear approximated function of the Daganzo-Newell can be inverted as 
illustrated in equation (14). The inverted hyperbolic-linear function is expressing the density 
as a function of velocity. 

                
                                                                                    

 

 

(14) 

  

The most important characteristic of the velocity function is that it has to be invertible. The 
importance of an invertible velocity function is related to the fact that model uses a CTM with 
velocity as the state.  
 
 

2.1.4 Discretization by using cell transmission model (CTM) 
To construct a nonlinear time dynamic system, the LWR PDE can be discretized by using the 
Godunov discretization scheme [9]. The Godunov scheme is establishes according to the 
LWR-v PDE in conservative form in discrete time and space 

When performing discretization over space and time, a discrete time step ΔT is used which 
is indexed  by n   {0, · · · ,    }  together with a discrete space step denoted ΔX which is 
indexed by i   {0, · · · , ,    }. Application of the Godunov scheme onto the LWR PDE given 
in equation (6) results in the formulation stated in equation (15). The computed value of the 
traffic state at time step n and space i is denoted  . 
                                           
 

(15) 

 

The function G [9] denotes the Godunov flux function which is defined as equation (16). 
 

            
                                                                                                         

  
 

 

(16) 

 

The equation (15) and (16) constitutes the framework of a cell transmission model (CTM) 
with the state based on density. To ensure numerical stability the values of space and time -
steps are chosen such as the condition in equation (17) is satisfied. The maximum 
characteristic speed is denoted      .            
 

(17) 

 

The order of the process when constructing a discrete velocity model is of major 
importance if the velocity function is not affine. It is important to apply the Godunov scheme 
directly to the LWR PDE and then use the velocity inversion when constructing the discrete 
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velocity function [6]. If the process is performed in the reverse order for non affine velocity 
functions, the process will not give the same results. 

Since the hydrodynamic relation is invertible the speed can be expressed in terms of flow 
and density. This holds that the equation (15) and (16) can be rewritten and express CTM with 
a state based on velocity instead of density. This cell transmission model is known as the 
CTM-v [6] model, equation (18) and (19) represent the framework of this model. 
                                                      

 

(18) 

 
 
 

             
                                                                                                           

 

 

(19) 

 

With the use of the hyperbolic-linear model the Godunov scheme in equation (19) can be 
represented as given in equation (20). Note that the last line is simplified according to the 
piecewise analytical expression of         . 

          
   
  
   
                                   

                                                                                                                
  

 

 

 
 

(20) 

 

All the discrete points at the velocity field is represented by the equation (18) and (19) except 
for the start (   ) and the end (     ) points of the stretch. These points are represented 
according to equation (21) and (22). 
                                                    

 

(21) 

                                                                         

 

(22) 

 

The points      and        denotes ghost points which represent the continuation of the 
physical road stretch, but this road stretch is not included in the modeled network.  
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2.1.5 Estimation using the velocity cell transmission model (CTM-v) 
To be able to estimate the traffic state in  a network using the CTM-v model, an update 
algorithm has to be constructed. The CTM-v update algorithm is obtained by sequentially 
applying the CTM-v scheme at each link in the entire network and solving the linear 
programming (represented in equation (23)). It assumes that a network is constructed, the 
building process of a network with junctions and links is described in more details in [6].   

                                   
 

(23) 

 

 

In equation (23)        and        represents the upper bound of the flux functions for the edges 

where vehicles enters and exits the system respectively. The allocation matrix is denoted A 
and the exiting fluxes for junction j is denoted  . By solving the equation (23) to its optimal 
solution (denoted as   ) the Godunov function in equation (20) reaches the values 
corresponding in equation (24) for the incoming links     and the outgoing links      for the 
specific junction j. In equation (24)   denotes the proportion of vehicles that will exit junction 
j at the specific link     . 
                                                                                (24) 

 

The network is thereby marched in time and consists in a discrete dynamical system. By 
knowing the velocity field (illustrated in Figure 2 and represented in equation (25)) for all 
discrete points              for all edges in the entire network, it is possible to estimate the 
traffic state for the next time step. 
                                                 (25) 

By using the mathematical formulation in equation (26), the velocity for the next time step           can be estimated using the CTM-v network update algorithm denoted M. 
            (26) 

The CTM-v network update algorithm M consists of the following steps. 
1) 

For all junctions in the network ( j ∈ J ) : 
a) Compute the maximum admissible outgoing and incoming flux using the 

hyperbolic linear function in equation (14). 
 
b) Solve the linear program in equation (23) for its optimal solution (    and 

compute        and         using equation (24). 
2) 



14 
 
 
 
 
 
 

Update the velocity field according to equations (18), (21) and (22).  The 
computation is done by estimating the velocities for the next time step                         for all the edges in the network      .  

 
 

The CTM-v network update algorithm forecasts the traffic state by running the CTM forward 
in time. Since live data information from the physical network is available, it would be 
valuable to include this information as input to the model in order to increase the reliability of 
the estimations. 

By using the CTM-v instead of an ordinary CTM with density as the state, the collected 
data from the network can be modeled with a linear observation operator instead of a 
nonlinear operator, which clearly makes the estimation problem less complicated. A network 
observation model is than given by equation (27) where H represents the linear observation 
matrix expressed as              where p denotes the cells on the stretch of the highway. 

            
 

(27) 

The linear observation matrix represents the discrete cells for which observation of velocity 
is done for all cells in the network (denoted k), during the discrete time step denoted n. The 
white, zero mean observation noise with the covariance matrix    is denoted  , this is 
mathematically formulated as            and is described in more detail in [6]. 

The estimation can then be divided into two different steps, the forecasting and the 
analyzing step. First out during the estimation process is the forecasting step, also known as 
the time update step. This step simply includes the CTM-v network update algorithm, which 
is represented in equation (28), with the current time set to n and the previous time step 
denoted as n-1. Denotation f and a indicates if the velocities are estimated by the forecasting 
step or the analyzing step.   

               
 

(28) 

 
The second step is named the analysis step and includes the measurement update, which 

simply indicates that new measurements are loaded into the model. This is represented in 
equation (29). 

                      

 
(29) 

It has to be mentioned that the error covariance is calculated in the both steps of the estimation 
process. 

The initial conditions for the Kalman filtering equations are given in equation (30) and 
(31). 

        
 

(30) 
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(31) 

 

2.2 Traffic prediction 

Traffic engineers in highly populated areas are struggling with methods to reduce traffic 
congestion. Traffic prediction is one tool to get information about the future traffic states in a 
network. This information can be used in different ways. With the information from the traffic 
predictions, engineers can evaluate different scenarios with traffic measurements such as 
changing speeds, change driving behaviors with variable speed signs (VMS) or different ramp 
metering configurations. The information can also be used to feed drivers with real time 
traffic information.  Drivers can then use the information for planning and re-planning their 
route.  

There are four different categories of methods for short-term predictions. The first category 
is macroscopic models which are based on traffic flows. Macroscopic models are frequently 
used to get predictions of traffic flows in large areas such as a cities or regions. The second 
category is microscopic model which are based on modeling individual cars and driver 
behaviors. Microscopic models are used to predict traffic behavior in a small areas such as an 
intersection or a road stretch. The third category is mesoscopic models that are combinations 
of both microscopic and macroscopic models. The last category is statistical models which are 
used to predict traffic without making a simulation. 

This thesis explains three different methods to make traffic predictions. One method is 
based on macroscopic CTM and the two others are statistical methods of short-term 
predictions. The two statistical models are linear regression analysis and time series analysis. 

 

2.2.1 Methods for short-term predictions with CTM models  
When estimating traffic states the CTM uses the last estimated traffic state and moves the 
vehicles further down the network and add inflow from the sources.  This function is a 
prediction of one time step.  Short-term traffic prediction can be made by using this feature of 
the CTM. Instead of predicting only one time step ahead the CTM can run several time steps 
by feeding the CTM with the last predicted time step. 

In a case study at a stretch of E40 west Brussels a CTM was used to predict future traffic 
states. The CTM used an extended Kalman filter for inserting measured flows into the model 
and the predicted boundary flows was extrapolated from the last known measurement. 
According to the case study the predicted travel times are delayed in relation to the measured 
travel times. The delay occurs due to the way the model predicts the future boundary flow 
(demand on sources and capacity on sinks). The model used in the case study extrapolates the 
predicted boundary flows from the last known measurements and this method generates the 
delay. Notice that the delay is equal to the prediction horizon. 

The case study also shows that predictions tend to estimate longer travel times when 
congestion occurs. The overshoot is also a side effect of the boundary flow prediction. The 
reason to this delay is that the model has no knowledge of the neighboring area of the 
network. The model assumes that the future boundary flows will look like the current since 
there is no indication of how the future boundary flows will look like.  
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This problem makes it important to use more advanced methods to predict boundary flows 
then extrapolate last known measurement. With better boundary flows the quality of the 
predictions will increase. It is important to predict both demand from on-ramps and the 
capacity at the off-ramps since both inflows and outflows affects the traffic state. [10] 

 

2.2.2 Methods for short-term predictions with linear regression analysis  
Linear regression is a statistical method to predict values based on explanatory variables. The 
model has linear explanatory variables and is therefore called linear. A simple linear 
regression model is illustrated in equation (32).  

                  
 

(32) 

 
In this simple model the parameter    represents the predicted value when the explanatory 

variable     and   is the rate of how fast the prediction changes when   changes. The 
model can be extended with more explanatory variables to increase the quality of the 
prediction [11].  

The choice of explanatory variables is important for the linear regression model since the 
variables must have a real effect on the system. Problems may occur since illusory correlation 
easily appears in the data. Illusory correlation is when correlation seems to exist even when 
there is no real correlation in the data. This makes it important to know the system that is 
being modeled. 

In a study of Interstate 880 in the south of San Francisco Bay Area a linear regression was 
made to predict future travel times. The test site was a segment of 10 km south of Oakland, 
California with 19 loop-detectors. Four explanatory variables where used and the variables 
where divided in to two categories  [12]. The explanatory variables are found in Table 1.  

 

Table 1. Explanatory variables and its category 

Explanatory variable Category 
Day of week Historical data 
Departure time Historical data 
Flow Current data 
Occupancy Current data 
 

 Each parameter of the explanatory variables where calibrated with a training set of 300 
observations over 20 weekdays. The calibrated model was used in seven different scenarios. 

The seven scenarios covered estimation and prediction with a horizon between 5 and 60 
minutes. The mean absolute percentage error (MAPE) for the prediction horizons 10 and 20 

are found in  

Table 2. The mean MAPE is 13.15% when using a prediction horizon between 10 and 20 
minutes.  
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Table 2. Mean absolute percentage error for predictions made by linear regression. 

Direction 10 min horizon 20 min horizon 
South (AM) 9.9 % 11.0 % 
South (PM) 15.6 % 16.6 % 
North (AM) 10.5 % 13.2 % 
North (PM) 12.9 % 15.5 % 

 
 
According to the study performed by J. Know et al [12], predictions based on live data 

from the loop detectors have a MAPE value that is 30 – 40 % less in comparison to models 
that only considers historical data. The current traffic state has a significant effect on the 
quality of the model. This fact clarifies the importance in usage of a combination of historical 
data and live data [12] 

 

2.2.3 Methods for short-term predictions with Holt-Winters method 
Time series analysis is based on a concept where observations are dependent on neighboring 
observations. Time series are built up with four different components. 

Trend component is the first of the four components and the trend corresponds to long-term 
changes in the data. The long term changes in a short-term traffic prediction usually cover 
traffic changes during a year. In traffic cases the trend component may capture increasing 
volumes of traffic over the years. The trend component may also capture long term effects of 
political instruments such as subsidy for public transport. 

Cyclical component is the second component that affects the model. Cyclical component 
represents long-term changes in the data that are not as long term as the trend but still covers 
up to quarter of a year. The cyclical component corresponds to things that change the driving 
behavior for a longer time. Changes of traffic behavior during seasons of the year are captured 
in the cyclical component.  

Seasonal component is the third component that affects the model. The seasonal 
component captures normal variations that recur regularly. In traffic data the seasonal 
component may capture the effects of different driving behavior depending on the day of 
week. 

Irregular component is the last component that affects the model. This is high frequency 
fluctuations that are effecting each observation individually. This is considered as noise and is 
removed by using smoothing. In traffic data the noise represents everything unexpected that 
may happen, for example the driving behavior of each individual vehicle on the road at the 
time of an observation [13].  

The Holt-Winters method is one time series analysis method and there are three different 
versions of the method. The additive and multiplicative versions are best suited when there are 
both trends and seasons in the data, but none of the versions handles the cyclic component.  

 
The Holt-Winters method for predicting speeds has been evaluated by Allström [14] on a 

road stretch on Essingeleden (E4) in Stockholm. The additive and multiplicative versions 
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where calibrated and used to predict vehicle speeds for different traffic situations. Following 
scenarios were evaluated:  Scenario 1 - Rush hour.  Scenario 2 - Constant speed during all the day.  Scenario 3 - The speeds follow the mean speed.  Scenario 4 - The average day. 

 
The mean error of the multiplicative method are  2.5 – 7 km/h for all the scenarios when 

using a prediction horizon of 15 minutes. An example of the performance is illustrated in 
Figure 6. 

 

 

Figure 6. Evaluation of prediction made by the Holts-Winter method [14]. 

 
The conclusion from the study performed by Allström  [14] was that the Holt-Winters 

method preformed bad on predictions with long prediction horizon. The method performed 
slightly better than a naive prediction method that where based on an assumption that the next 
traffic state will be the same as the last observed  [14].  

2.3 Dynamic input to a macroscopic model 

In this section dynamic input to the MMS software is considered. The information 
transformed from static to dynamic is mainly sources, sinks and split ratios. As additional 
information the system will be able to take care of decreased capacity to modulate an occurred 
incident. 

This section describes the significance of dynamical input and which changes that can be 
expected as a consequence of introducing dynamical sources, sinks and split ratios. The final 
part of this section will describe how the capacity will have to be decreased in order to 
estimate the behavior of an occurred incident. Notice that decreased capacity and  dynamic 
split ratios are not modeled in this thesis but it may still be of high priority in order to improve 
the MMS system. 
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2.3.1 Dynamical sources, sinks and split ratios 
There are different factors that the driver of a vehicle take into account when deciding the 
speed and headway to other vehicles. The factors can be divided into four groups which are 
represented in Table 3. 

 

Table 3 Groups of factors that influence the driving behavior. 

Groups Example factors 
Driver-vehicle Vehicle characteristics, driver experience 
Traffic conditions Average speed, densities 
Infrastructural conditions Road conditions 
External conditions Weather, driving regulations 

 
 

The driver-vehicle group has factors that are individual to each driver and are not included in 
a macroscopic traffic model since it does not take individual vehicles into consideration. 
Infrastructural conditions are properties and characteristics of the road stretch which is 
included in a macroscopic traffic model. Infrastructural conditions are static properties since 
they do not change over time. Traffic conditions and external conditions are also 
characteristics which are included in a macroscopic traffic model. Those two groups are 
dynamic since weather and average speed may change over time.   

The measurements from detectors compensates for the inaccuracy of static variables when 
the system runs estimations. This is because of the estimated traffic state is a combination of 
the velocities from the CTM-v together with real time measurements. Of natural causes there 
are no measurements available when running the CTM-v forward in time predicting future 
traffic states. This makes the model sensitive to parameters such as input flow (sources), split 
ratios and the fundamental function of the links. 

Since the traffic flow changes over time, there are a need for dynamic sources to increase 
the accuracy of predictions. Figure 7 illustrates the flow over time for a detector on the E4 
north of Stockholm [4].  
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Figure 7. Example of the flow over time on a specific sensor. 

 

2.3.2 Capacity modeling 
Capacity modeling is made in purpose to estimate the traffic behavior when an incident 
occurs. Notice that capacity modeling is not made in this thesis but it is a very important 
aspect in order to extend the usage of a macroscopic traffic model. 

The topic of this section covers traffic situations during decreased capacity in general. The 
cause of the decreased capacity does not necessarily need to be induced by a traffic incident, it 
may be a consequence of bad weather or non-homogenous situation (example trucks trailing 
and overtaking each other) [15].  

The basis of the theory presented by L. Immers and S. Logghe [15] is to remain the free 
flow speed intact and decrease the capacity flow rate and the saturated density in relation to 
the decreased capacity. Given an example of a road stretch with three lanes which one of them 
are suspended by an incident. It remains that the saturated flow and the capacity flow should 
be decreased to 2/3 of their ordinary values in order to recap the traffic conditions during 
decreased capacity related to an incident. In Figure 8 the changes in the fundamental diagram 
are illustrated when the road section is decreased from 3 to only 2 lanes according to the 
changes in density and flow as described above.  
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Figure 8. Changes in the fundamental diagram for density and flow, when the road is 
decreased from 3 to 2 lanes [15]. 

 
The downstream traffic situation will not be affected by an incident since the capacity is only 
decreased at the bottleneck (the location of the incident). This means that an observer located 
downstream of the constriction will never notify any flow rate greater than the capacity in the 
bottleneck. The observer will not notify any information about congestion or queuing since the 
traffic problem is related to the initial of the constriction [15]. This holds that the delay will 
never take place at the link where the capacity is exceeded, nevertheless the head of the queue 
will be located just upstream of the incident since it represents the bottleneck [16].  

The location and timing of bottlenecks determines the length and locations of 
corresponding tailbacks. Major problems when modeling incidents is to determine the 
capacity of the bottleneck. In order to decide the capacity of the bottleneck the type of 
incident has to be evaluated. 

The change of capacity remaining after an incident relays at the type of incident. It is 
common to divide incidents into two different types depended if the incident occurs at the 
shoulder of the road segment or if it occurs on the roadway [16]. This classification is of 
major significance since a car breakdown at the shoulder does not consequently decreases 
capacity since all lanes at the highway still are available, which is not the case if the incident 
occurs on the roadway. 

An incident located on the shoulder still decreases the capacity at the roadway since the 
driving behavior is changed due to decreased speed. The flow passing the located incident is 
decreased as a consequence of decreased speed. An incident located on the roadway results in 
decreased capacity as a consequence of lane blockings in combination with different driving 
behavior. The amount of flow which is able to pass an incident can be expressed as the 
remaining capacity factor denoted as F. The calculation of the remaining capacity factor is 
represented in equation (27), where Φ denotes the hourly queue discharge for all lanes.  

                            

 

(33) 

The bars in Figure 9 illustrates the difference in remaining capacity factor for different 
locations of the incidents and the number of lanes that are blocked. The data is based on 
measurements collected from 90 incidents at 3 lanes highways in the Netherlands [16]. In 
Figure 9 the mean values and the deviations are marked out as well. 
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Figure 9. The remaining capacity factors for different types of incidents. The red marker 
illustrates the mean value from the observations [16]. 

  The rubbernecking effect is illustrated in Figure 9, this phenomenon represents the 
decreased capacity in the opposite driving direction related to changed driving behavior as a 
consequence of passing the incident on a non capacity decreased stretch. 

There is also literature based information [16] about how the capacity is affected by an 
incident. The capacity factors from these different documents are represented in Table 4. 

 
Table 4. Remaining capacities due to different types of incident [16] 

 
 
As can be observed from Table 4 the decrease of capacity differs from different 

observations. The main thing to observe from Table 4 is that the capacity is affected by 
incidents, which makes it important to enables dynamic capacities in order to estimate and 
predict traffic states during incidents. 

 

2.4 Estimating split ratios 

When capacity is decreased the number of vehicles exiting the highway increases as a 
consequence of travelers trying to avoid congestion caused by the incident. To be able to 
model changes in the factors of motorists exiting the highway, the split ratios must be 
dynamic in time. By using dynamic split ratios it is possible to capture altered driving 
behavior caused by decreased capacity of the highway. 

It is known that congestion tends to affect route choices and since decision of route choice 
has a major impact on the traffic state, this behavior has to be taken into consideration in a 

Type of blocking Shoulder 1 of 3 2 of 3 
Goolsby 0.67 0.50 0.21 
Blumentritt 0.84 0.53 0.22 
Transportation Research Board 

(2000) 
0.83 0.49 0.17 

Schrijver 0.77 0.35 0.17 
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traffic flow model. Focusing on freeways, modeling of the route choice can be done by 
adjusting the split ratio where an off-ramp represents an alternative route. 

The amount of traffic leaving the freeway is divided into two categories, the local traffic 
and the diversion traffic. With local traffic means the amount of motorists which exits the 
freeway at a specific in order to get to their destination, provided no congestion. The diversion 
traffic represents the amount of motorists which decides to exit the freeway because an 
alternative route may be “cheaper” since the freeway is congested. Diverting traffic usually 
re-enter the freeway later on where there is no congestion.   

This section is focusing on estimation of the diversion pattern and how it is related to the 
amount of congestion on the freeway. 

2.4.1 Causes of diversion 
Diversion is highly related to congestion, but the amount of diversion deviates depending on 
how motorists are informed about congestion. Messages displayed on variable messages signs 
(VMS) have been used in different studies for evaluating diversion patterns. 

According to Peeta and Ramos [17] the diversion is significantly increased if the posted 
messages on the VMS include causes of congestion together with numerical estimations rather 
than the cause of congestion only. For example, a posted message including incident of type 
accident with the excepted delay together with the best detour strategy will increase the 
willingness to divert compared with a posted message about the incident and its location. 
According to [18] [19] [20] [21] multiple studies based on stated preference shows that the 
disseminated information can give such a consequence that up 60-70 % of the traffic exits the 
freeway ahead of an incident location. 

There is limited information available regarding the factual diversion related to traveler 
information as reflected by field measurements or relevant preferences [22].  Field studies 
performed in Europe have found that the VMS compliance range between 27% and 40% [23]. 
With VMS compliance means the percentage of vehicles diverting as a consequence of the 
messages given by VMS. 

Even if intelligent transport systems are suitable tools to give information to the motorists, 
it is undeniable that motorists do not react according this information. The most distinct 
information which makes motorists to change route is if they can get visual contact with the 
congestion.  A study made without VMS performed by Knoop [24] presents that diversion 
may amount up to 50% during major incidents. 

There are some indications of that diversion should be dependent on when the congestion 
occurs during a day, since different kind of travels are more sensible for diversion routes. A 
study performed in Chicago, Illinois by Hutchingson and Dudek [25] shows that motorists are 
more willing to take alternative routes during non-recurring traffic conditions in opposite to 
daily congestions(recurrent congestion). The study concludes that the motorists are more 
willing to divert during home-work trips which explains why the diversion increases when an 
incident occurs during the morning peak hours. 

The diversion rate for a specific off-ramp is also dependent in characteristics of the specific 
off-ramp and incident. For example if the extension of the off-ramp represents an alternative 
route, estimation of time delay and if the drivers are familiar with the alternate road ways 
[22].     
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2.4.2 Modeling diversion 
To estimate the mean diversion rate for a specific corridor, some measured data for different 
incident days are used. The selected data is collected from detector stations located upstream 
and downstream of the located incident. The specific splits in this section is only located at 
freeways but detectors can be located in both urban arterial areas or at freeways depending on 
the study location. 

The diversion rate can then be estimated by calculating the differences between the mean 
cumulative traffic volumes during a no-incident day and an incident day. Note that only main-
line detector stations are used and no stations located at the off-ramp. Thereby the traffic 
volumes have to be estimated before the diversion rate can be calculated. This concerns both 
the typical no-incident day and the incident day. The traffic volumes for the incident days are 
obtained using extracted traffic detector measurements from incident days. This process 
requires association between the incident and the measurements from the detectors in time 
stamps and locations. The typical no-incident day is identified by using the k-mean clustering 
algorithm. By analyzing the result patterns from the clustering, a day pattern can be identified. 

The k-mean clustering algorithm [26] creates a pattern for different days by categorizing 
the demand data on the basis of the similarity in time series of traffic volume during different 
days. The algorithm is an iterative partitioning process that minimizes the summation of the 
time series distances to the cluster centroids for all the clusters. The time series distances is 
measured as the Euclidian distance, represented in equation (34)  and (35). 

                                         

 

(34) 

                             

 

(35) 

In (34) and (35)        represents the time series measurement of turning rates j for time 
interval i.         denotes the centroid of cluster k at time interval i and    represents the total 
number of time series in cluster k.  

The optimum achieved by using the optimization routine in the clustering algorithm, can 
vary between iterations using the k-mean clustering algorithm. The change of optimum from 
one iteration to another is caused by different starting points. This behavior occurs since the 
algorithm achieves different local optima, thus the algorithm is running for several number of 
replications to get the best match between the measured demand and the cluster. The best 
number of clusters is decided by checking the within-cluster sums of distances between the 
measured point and the centroid.  

To give an example of how the output from the clustering procedure could look like there 
are some clustering plots illustrated in this section. The traffic data is collected from Interstate 
210 westbound at detector VDS: 717685 in the city of Azusa. The data is collected between 
2013-08-04 and 2013-10-30. There are two cluster patterns illustrated in Figure 10. In Figure 
10 (a) the blue lines illustrates the traffic flow for each Monday while Figure 10 (b) illustrates 
the traffic flow for each Sunday. The black line in the both figures represents the median 
cluster. There is one incident occurring 2013-09-08, the flow is decreased due to the 
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congestion and are represented by the red line in Figure 10 (b). More information about the 
incident is found in section 7.1.1. 

  

 
(a) 

 
(b) 

 
 

Figure 10. Example of clustering results for traffic volumes on the mainline. The blue lines 
represent measured flow and the black line represents the median cluster. a) Shows the traffic 

flow for Mondays. b) Shows the traffic flow for Sundays. 
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To estimate the diversion rates during accidents, the average traffic volumes represented 
for typical days are used as no-incident traffic volumes. The changes in traffic demands 
between the typical day and the specific incident day are representing the diversion rate. The 
cumulative traffic volume curve for the typical day and the incident day are illustrated in 
Figure 11. In Figure 11 the procedure of the traffic diversion is illustrated before, during and 
after the capacity is decreased on the mainline. P and  R denotes the cumulative vehicle count 
when an incident occurs and when it ends respectively. Q denotes the cumulative number of 
vehicles when the incident is cleared, which is representing when the capacity is decreased 
and there is still queues on the freeway. S represents the differences in the cumulative vehicle 
count between an incident day and a typical no-incident day. The value of S gives an 
indication of the diversion magnitude, larger S means larger diversion caused by the incident.  

 
 

 

Figure 11. Cumulative traffic volumes during no-diversion incident (a) and diversion 
incident (b)  

  

  As can be observed from Figure 11 (a) a non-diversion incident should give the same 
cumulative volumes at the time of the incident recovery for both the typical day and the 
incident day. That is not the case for a diversion incident, as illustrated in Figure 11 (b). The 
cumulative traffic volumes are lower for the incident day than it is for the typical day, at the 
time of the incident recovery. The difference in cumulative traffic volumes is a direct 
consequence of diversion during the incidents. By calculating the difference in cumulative 
traffic volumes, the amount of diversion can be estimated. The estimation of diversion D as 
percentage of the total traffic amount is calculated using equation (36). In equation (36)       represents the traffic volume for time interval i at detector station j during normal a traffic 
day condition and      denotes the volume during the incident day.    

                                                 

 

(36) 

 

The behavior in Figure 11 is only valid if the amount of traffic flow is increased on the off-
ramp at the same time as the total demand remains unchanged. The concept of split ratio is 
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based on the relationship between the amount of traffic exiting and remaining on the freeway. 
If  the split ratio is changed due to changed demand the results in Figure 11 may be inaccurate 
since the off-ramp flow does not have to be increased at all. Motorists may get information 
about the incidents and choice to not make a travel which will decrease the amount of demand 
on the highway. This kind of behavior have to be kept in mind when modeling split ratios 
during incidents.  

 

2.4.3 Estimating diversion 
Diversion van be estimated by using the model described in the last section. In [22] the 
estimated diversions were compared with measured diversion data from 3 different incidents. 
The actual diversion rate was identified by studying the mainline and the off-ramp traffic 
volumes with video cameras during custom days and incident days. Data about the three 
different incidents used in the comparison is presented in Table 5. The incidents in Table 5 
occurred along I-95 southbound direction in Miami-Dade Country in Florida. 

 

Table 5. Main attributes of incident examined [22] 

 
The actual and estimated diversion rates are presented in Figure 12. The estimated 

diversion rate is in general within 4% of the actual diversion rate in terms of absolute values 
of percentages diverted. 

 

 

Figure 12. Comparison of diversion rates between estimated values and measured values 

 

Incident Date and time detected Number of lanes Number of lanes 
blocked 1 2/28/2012 8:45 am 4 2 

2 3/26/2012 4:25 pm 4 2 
3 7/20/2012 3:06 pm 4 1 
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According to Hadi [22] there is a correlation between the diversion rate and the ratio of 
number of lanes blocked. This is presented in a study of 188 incidents with different ratio of 
blocked lanes. The mean estimated diversion rate for these incidents are presented in Table 6. 

The study focused on occurred incidents at the I-95 corridor in Miami, Florida. The 
corridor includes both directions and data were used from occurred incidents between 6 am 
until 7 pm between January 1st and June 30, 2011. The incidents with no lanes blocked were 
excluded from this study. 

 
 

Table 6. Results of diversion rate estimation using the model described in section 2.4.2 

 
 
    
   
 
 
 
 
 
 
 
 
 
 
 
The results from Table 6 indicates in a linear relationship between diversion and the 

number of lanes blocked. As an example, with a four lane road the diversion increases from 
11% up to to 35% from one lane blocked to a full lane blockage. As can be observed from the 
results in Table 6 there is a trend of reduction in diversion when a fixed number of lanes are 
blocked, and the number of available lanes increases. 

By putting the presented number from Table 6 into a graph, a linear expression was fitted 
to the data using linear regression analysis. A linear relationship was thereby identified 
between diversion rate and ratio of blocked lines. The affine relationship is represented in 
equation (37) and the relation between the fitted value and the measured data, is illustrated in 
Figure 13. 

             
 

(37) 

 
In equation (37) R represents the ratio of blocked lanes, which is the number of blocked 

lanes divided by the total number of lanes at the road. As can be observed from Figure 13 the 
linear expression fits the data relatively well with a modified    of 0.8. This indicates that 
there is a general trend of increase in diversion when the percentage of lanes blocked 
increases. 

 

Number of 
lanes 

Number of lanes 
blocked 

Average 
diversion rate 

Sample 
size 

3 1 14.81 28 
3 2 10.68 3 
3 3 30.27 3 
4 1 11.07 70 
4 2 16.88 27 
4 3 24.61 7 
4 4 34.83 3 
5 1 8.60 25 
5 2 9.87 18 
5 3 17.3 4 
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Figure 13. Relationship between lane blockage ratio and diversion. The fitted line is 
constructed using linear regression analyzing 

 
Note that the cases with small sample sizes in Table 6 are not used in the linear regression 

analysis, which may explain why all data from the table is not pointed out in the graph in 
Figure 13. With small sample size means less than four incidents.   

 

2.5 Calibration of model parameters 

Calibration of model parameters can be done in different ways, this section is focusing on 
calibration of macroscopic model parameters. The first part of this section describes a general 
perspective of macroscopic model parameters and the second part treats model calibration 
using the complex method. 

 

2.5.1 Macroscopic traffic flow model parameter calibration 
When calibrating model parameters for a macroscopic traffic flow model, the aim is to 
reproduce the traffic condition in a network with as high accuracy as possible. It is not a 
trivial task to calibrate model parameters of a macroscopic traffic model since the system 
equations are not linear. For example, the discrete-time, state-space model can be represented 
by the state equation in (38). 

 
                                                          

 
(38) 

  
In equation (38) , x represents the state vector, p includes the model parameters that will be 

calibrated and d denotes the disturbances or external variable vector. This means that for a 
CTM x includes density or velocity (depending on if the model is a CTM or a CTM-v) and d 
includes origin inflows, turning rates and downstream densities. 
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The parameter calibration problem can be formulated as a nonlinear least-square error if 
initial state space is given and the external variables are known for the specific time period in 
equation (38). In that case, the calibration can be performed by minimization of the 
differences between measured traffic data and the model calculations. The differences can be 
represented as a cost function of the parameter values     , which is illustrated in equation 
(39).  

 

                         
    

 

(39) 

In equation (39)      denotes the model output and       denotes measured traffic data 
which represents the benchmark. The traffic data may be Bluetooth travel times or off-ramp 
flows measured by loop detectors, for example. 

The parameter values are selected from the closed allowed parameter space, which may be 
specified by physical considerations. The finding of the optimal parameter values have to be 
performed by means of suitable nonlinear programming routine. The determination of a new 
parameter vector p may be computed by running simulation according to the calibration 
procedure in Figure 14. 

 

 
 

Figure 14. Flow chart of the model calibration procedure 

 
The outcome of the calibration procedure must then be validated in order to ensure reliable 

results. The validated model should be able to recap the characteristics of the traffic situation 
given a specific network. The model validation is usually done by applying the model to the 
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same location as for the calibration, but with different initial state    as well as different 
disturbance vector d. The output from the model y is then compared with the corresponding 
measured traffic data   . The data used in the calibration is from specified in location and 
time compared with the validation data which uses data from different days. 

The parameter calibration of the nonlinear, non-convex least-square optimization problem 
usually have multiple minima, and the consequence is that a gradient-based solution algorithm 
cannot be used in order to find the global optimum [27]. By that, other optimization 
algorithms have to used. For example, Spiliopoulou et.al [27] uses the Nelder-Mead 
Algorithm [28] which is able to converge into a good local optimum or even the global 
optimum. Usually multiple runs are used in order to find the optimum and the different runs 
are having different initial parameter vectors which typically leads to slightly different 
parameter values and similar performance index values. The best results from these runs are 
reported.   

  

2.5.2 The Complex method 
The Complex method was presented by Box [29] and have later been improved by Guin [30]. 
The method itself is a constraint simplex method similar to polyhedron search and Nelder- 
Mead simplex. The complex method manipulates several possible solutions in order to find 
the optimum value. The possible solutions are called points and represent a set of parameter 
values on the solution space. The number of points is depending on the number of parameters 
to be calibrated by the complex method, but the number of points has to be strictly larger than 
the number of parameters [31]. The typical amount is to set twice as many points as 
optimization parameters. 

The values for the starting points are randomly generated, and it is controlled that all 
parameter values are satisfying the constraints. The complex method continues step by step 
and sets the values of the parameters in order to improve the objective value. One point is 
moved through each iteration, that point is chosen as the point with worst objective value. In 
order to find the new position of the worst point, the centroid of the remaining points is used. 
The centroid    is calculated according to equation (40). 

               
            

 

(40) 

In equation (40) n represents the number of points,    is the worst point and    denotes the 
other points. The location of the new point represents the reflection of the worst point through 
the centroid   . The location of the new point    is calculated according to equation (41). 

                 
 

(41) 

In equation (41)   denotes a constant which is set to 1.3 according to Box [29]. The new 
point    is examined regarding to the constraints, both implicit and explicit.    is then 
replacing    if it is feasible and if    do not represents the worst point. If it still represents the 
worst point, the step length is corrected and the point is moved half way towards the centroid   . This procedure is repeated until the new point stops representing the worst point. 
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This method does not handle situations when there is a local minimum at the same location 
as the centroid. To take this kind of situations into account the method has been modified so 
that the worst point is gradually moved towards maximum value if it continues to be the worst 
point. This action may cause that the points are coming very close to each other which may 
lead to collapsing of the complex [31]. In order to avoid this problem, a random value is 
added to new point which may lead to the fact that the algorithm will take some extra effort 
when searching for the location of the new point in the neighborhood of the maximum value. 

Figure 15 illustrates the procedure of the algorithm during several iterations. There are two 
parameters and three points used in the example. The dots in the figure represents objective 
values from the function using a specific set of parameter values. The optimal objective 
function value is located in the middle of the circles. 

 

 
 

Figure 15. The process of the complex method with two parameters and four points. The 
optimum is located in the middle of the circles. 
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3  Mobile Millennium Stockholm system 
This section covers the MMS system and includes a description of its most important 
components. This section also includes a short description of the calibration framework 
developed by Fransson and Sandin [32] which is used to calibrate static parameters of the 
network. 

3.1 Software description 

This section contains a brief overview and a detailed description of the components and the 
Java code which constitutes the MMS system. The detailed section contains information about 
every important class and function used for running estimations in the MMS system. The 
detailed section is only recommended for readers who needs to run the software and is 
interested in making changes in the code.  

3.1.1 Brief overview of traffic estimation using the MMS system 
The MMS system contains of several components which builds up the estimation process 
running in the MMS project. The major components used in order to run estimations are the 
CTM-v, the database and the filter [32]. The connection between these components is 
illustrated in Figure 16. 

 
 
 

 

Figure 16. Flow chart of the connections between the modules estimating the traffic state 
in the MMS system. 

 
The estimation is initialized by the use of the theoretical model (CTM-v) which calculates 

the speed at all cells in the system. The model runs at parameters fetched from the database 
and information from the previous state. The CTM-v fetches information about the network 
from the database. This information includes data from the entire network, this information 
includes general information like number of cells and also detailed information for every cell 
concerning jam density, free flow speed, number of lanes etc. 



34 
 
 
 
 
 
 

The speeds calculated by the CTM-v and the observed speeds from the radar detectors 
along the highway are then fed into the filter (Ensemble Kalman Filter). Measured data from 
the radar detectors along the highways area also fed into the filter from the database where the 
information is stored. The filter uses the measured speed from detectors compared with the 
output from the CTM-v to ensure the results are not overestimated or unrealistic. By passing 
the information through the filter the speeds are based on real data and are not only relying on 
the theoretical model. 

The speeds processed by the filter (which are information about speeds in all cells in the 
network) are then written to the database and is also passed to the CTM-v to enable next 
estimation. The estimation process are then restarted and the timestamp is increased with a 
predefined time unit (T=T+1). The CTM-v module runs forward and calculates new speed 
based on the previous estimation. The new speeds are then fed into the filter together with 
new sensor data. 

3.1.2  Detailed description of the MMS software 
In this section the program code of the MMS system is described in detail, which includes 
program classes and input data for each function. An overview of the program code and the 
connection between its classes is illustrated in Figure 17.  An important notice is that only the 
most important classes and functions providing traffic estimations are included in this section. 
The MMS system contains a lot of more classes but these have no fundamental impact 
computing the traffic state. These classes are instead used for handling coordinates, reading 
and writing to the database, error detection etc.  

The class ModelManager initiates the estimation process by creating an instance of the 
class EstimateManager. The network type and the network configuration ID is used as input to 
the constructor in EstimateManager. The Network type includes all specific links and 
specification about however the network runs on live data or historical data. The configuration 
ID includes parameters about the capacity in the network (free flow speeds, number of lanes 
etc).    

When the initialization is done the class ModelManager initiates the estimation. 
ModelManager consider that estimations are made at correct times and in correct number of 
times. There are two different methods used in the class ModelManager calling for updating 
of the speeds in the network.  The important difference between these two are that one of them 
is called if the system will be running on live data and the other one is called if the system will 
be running on historical data. 

The class EstimateManager performs the estimation at all links by calling the class 
FlowModelRunner, where the CTM-v is implemented.  An array of speeds from the previous 
state (where every single elements represents the speed in a cell), is used as parameter in the 
call to the class FlowModelRunner. In return the EstimateManager gets the estimated speeds 
at all links in the next time step.  

EstimateManager consider all the data which should be sent to the filter, both the estimated 
values and the measured values. Thereby the EstimateManager has to fetch the radar detector 
measurements from the database. It is done by calling the class MeasurementLoader with 
information about the network and its links.  

The class MeasurementLoader fetches the measured speeds from the database through a 
static method in the class Datatype. In this step the measurements are combined with its 
associated cells. The measured data are then combined into an EnKFMeasurement object. The 
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EnKFMeasurement object contains all the measured data that the Kalmanfilter needs for 
combining the theoretical values (calculated by FlowModelRunner) with the measured data. 
The EnKFMeasurement object is then passed back to EstimateManager. 

The EstimateManager creates an instance of the class EnKFRunner, where both the 
EnKFMeasurements object and the estimated states are some of the inputs. The 
EstimateManager then calls the method named getUppdatedEstimates in the class 
EnKFRunner. This method will run the filter and generate a new array including estimated 
speeds for all cells in the network. The new array is a weighted composition of the measured 
data and the theoretical values. 

EstimateManager initiates the output to the database by sending the new array of estimated 
speeds to a class named VelocityOutputHandler. The VelocityOutputHandler needs the 
network, the array of speeds, an array of densities, id, configid and the linkconfidencies as 
input. 

The VelocityOutputHandler processes the data into a more suitable package that can be 
sent to the database. The VelocityOutputHandler calls the function VelocityLinkReader in 
order to transform the data into a VelocityRecord object. This kind of object contains mean 
speeds, mean density and free flow speed among other information. The VelocityRecord 
object is then passed by the VelocityOutputHandler to a MessageQueue. 

The MessageQueue is a queue consisting different types of records objects which are going 
to be written to the database. A StatisticsRecordListner is located in the other side of the 
MessageQueue and writes the requested information to the database. The MessageQueue uses 
FIFO (First In First Out) settings. It is possible for the the StatisticsRecordListner to work in 
parallel with the main program since the StatisticsRecordListner and the main program works 
in different threads. The StatisticsRecordListner is able write to the database at the same time 
as the ModelManager works with the next estimation. The MessageQueue has got an 
overflow protection that will pause the EstimateManager if the MessageQueue gets full. 
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Figure 17. Overview of the components used in the MMS system in order to run traffic 
estimation 

 
 

3.2 Calibration framework 

In this section the calibration framework developed by Fransson and Sandin [33]  is briefly 
described. The framework is developed in order to adjust the network parameters such as the 
model will perform in the same way as the physical traffic system. The calibration framework 
adjusts the values of the stated parameters, observe that the fundamental diagrams cannot be 
calibrated with the calibration framework. 

  ENKF filter parameters  Split ratios  Sources  Sinks 
 

The calibration framework adjusts the parameters based on information from aggregated 
travel times. The model is able to estimate the travel times for the vehicles passing the stretch 
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at a specific time of the day. These estimations are compared with the measured travel times 
given from the Bluetooth detectors. By comparing these travel times, the model evaluates the 
current combination of values for the parameters. In order to improve the results, the 
framework adjusts the parameter values in order to make the aggregated travel times 
conforming the measured travel times. An important restriction is that only static parameter 
values can be calibrated using the calibration framework. 
The calibration process uses the complex method in order to evaluate the specific combination 
of parameter values. The current combination of parameter values does also indicates which 
values that should be changed in order to improve the results of the calibration. 

4  Experiment layout 
This section describes the environmental characteristics that constitute the basis of the 
experiments performed in Chapter 5, 6 and 7. This chapter covers the input data and describes 
the process of how the parameter values are estimated. The test sites are also described and 
visualized in this section. The experiments of dynamic input (see Chapter 5) and traffic 
predictions (see Chapter 6) are performed on a test site north of Stockholm. The experiments 
of the split ratio model (see Chapter 7) are performed on two test sites in Los Angeles. The 
two test sites are stretches of I210 westbound and I10 west- and eastbound.  

4.1 Test site Stockholm 

The Stockholm test site is modeled in the MMS project. There are no modeled on-ramps or 
off-ramps in the model and each corresponding ramp are modeled as a source or sink. The 
Stockholm test site is used in chapter 5 and 6. Estimations and predictions made on the 
Stockholm test site are based on measured data from 2013-03-21. 

The traffic model estimates or predicts the traffic condition at the links on the test site with 
respect to the demand from the on-ramps and with the correlations between cells on the test 
site. This means that the traffic condition in the rest of the network does not affect the 
estimations within the test site. 

4.1.1 Overview 

The test site is located on E4 in the north of Stockholm and consists of a highway stretch of 
approximately 8 kilometers. The stretch starts south of Sollentuna and ends up in 
Eugeniatunneln, close to Karolinska institutet. The road section is a part of the road E4 which 
connects Uppsalavägen with Norra Länken. Only the south bounded direction is included and 
the stretch is divided into 18 links in the model. Figure 19 (a) shows an overview of the site. 
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         (a)         (b) 

Figure 18.  (a) Overview of the test site north of Stockholm (E4). (b) Sources (green) and 
sinks (red) at the Stockholm test site. 

 

4.1.2 Source and sinks 

There are several locations where traffic enters and leaves the network. This locations are 
called sources for entering traffic and sinks for exiting traffic. The sources and sinks are 
adjacent links connecting to the network but they are not included in the network when 
generating output. Each on- or off-ramp are considered as a source or sink in the test site. 
There are six interchanges on the test site with a total of six sources that generates traffic into 
the network and four sinks which represents the capacity of traffic exiting the network. An 
overview of the locations of sources and sinks are found in Figure 19 (b), the sources are 
marked with green and the sinks are market with red. 

 

4.1.3 Lanes 
The number of lanes on the test site varies between two and four. The northern part of the 
network has three lanes, the middle part of the network has between two and four lanes and 
the most southern part has only two lanes.  Figure 20 (b) illustrates the number of lanes in the 
network. 
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(a)                                                                         (b) 
Figure 19. (a) Visualization over the number of lanes. Greener and thicker lines have more 

number of lanes. (b) Overview of bus lanes (green) at the Stockholm test site. 
 
 
There are more physical lanes in the network than the number of lanes illustrated in the 

previous figure. These lanes are bus lanes and are not modeled. The northern part of the 
network has a long stretch with a bus lane and in the rest of the network the bus only has a 
right pocket to pick up passengers. Figure 20 (b) illustrates the locations of the bus lanes. 

 

4.1.4 Speeds 
There are two categories of speed limits in the network. The northern half of the network has 
a speed limit of 90 km/h while the southern part of the network has a speed limit of 70 km/h. 
As can be observed from Figure 20 the speed limit changes roughly in the middle of the 
network. An important notice is that the on-ramp and off-ramp at Frösundaleden has a speed 
limit of 50 km/h which could be a potential bottle neck. The speeds on the ramps are not 
visualized since these locations are not modeled in the network.  
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Figure 20. Speed limit at the Stockholm test site. Green color corresponds to 90 km/h and 
red corresponds to 70 km/h. 

 

4.1.5 Detectors 
There are 24 radar detectors and 8 Bluetooth detectors on the test site. The detectors are of 
radar type and are located with a separation of 50 and 300 meter between each other. There is 
one detector on each lane of the road and they are located together with the variable speed 
signs (VMS) in the area. Figure 21 illustrates the infrastructural locations of the detectors 
together with the VMS signs. The radar detectors are placed under each sign. 

 

 

Figure 21. Detector location on the E4. Every VMS sign has one detector. Source Google 
street view. 
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The locations of the radar sensors on the test site is illustrated in Figure 22 (a). The 
Bluetooth detectors are located at the same location as some of the radar detectors. 

 

   

(a)                                                                      (b) 
Figure 22. (a) Overview over detector stations. Gray points correspond to regular radar 

detector while gray/blue points correspond to radar and Bluetooth detectors. (b) Off-ramp 
location used in Stockholm. 

 
 
 
 

4.1.6 Locations 
The off-ramps on the test sites are referred to in other parts in this thesis. All the off-ramp 
locations has therefore been labeled and visualized in order to make it easier to follow the 
results in the chapter 5 and 6. Figure 22 (b) illustrates the off-ramp locations on the 
Stockholm test site. 
 

4.1.7 Estimating parameter values: Split ratios 
The values of the split ratios were set by comparing the collected data in the direct connection 
between the off-ramp and the highway. The measurements used are traffic flows from 
different locations at the stretch between 06-22 during weekdays in March 2013. The 
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difference between the traffic flows were then compared with each other in order to find the 
distribution between the different traffic paths. 

It was of high priority to find out the number of lanes which were covered by the detectors 
at each stretch since the number of lanes has a natural impact in the traffic flow represented at 
the specific stretch. 

The proportions between downstream and off-ramp flow represents the split ratio.  The 
summation of the ramp flow and the downstream flow represents the total flow or the 
upstream flow. Figure 23 illustrates an example of the locations of the detectors used in order 
to identify the proportions of the split ratio. There is one detector for each lane at each 
location. In the input to the model the measurements are aggregated over all lanes. 
 

 
 

 

 

Figure 23. Illustrates how the values of the split at location A (in Figure 22 (b)) is decided 
based on data measured from different radar detectors which locations are market with red. 

 
The MMS system uses static values of the parameters, this may cause problems since the 

split ratios varies over time. The changes of the split ratio during a single day is illustrated in 
Figure 24. The illustration covers location A in Figure 22 (b). 
 

 

Figure 24. Illustrates how the values of the split ratio at location A varies during a day 
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As can be observed from Figure 24 the split ratio varies a lot over time. In order to 
estimate a static value based on the measurements, the deviant values were excluded. The 
remaining values are averaged by using the mean value in order to find a static measurement 
of the split ratio. The remaining values are marked out with green in Figure 25.  

 

 

Figure 25. Illustrates how the static values of split ratio at location A is decided 

 
It has to be mentioned that there is an offset in time since there is distance between the 

detectors located upstream and on the off-ramp. This problem has been ignored since the 
distance between the detectors are short. The distance between detectors is about 200 meters. 

The static values of the split ratios are presented in Table 7. No dynamic values of the split 
ratios are used in the MMS system in this thesis. 
 

Table 7. Static amount of traffic remaining on the highway after a split. The estimated 
values for historical data uses measurements between 06-22 for all weekdays in March 2013. 

 
 

 
 
 
 

 
 

4.1.8 Estimating parameter values: Sources and sinks 
The sources and sinks have also been estimated using radar data between 06:00-22:00 during 
weekdays in March 2013. Static values are initially used also for the sources and sinks in the 
MMS system, dynamic parameter values are implemented in this thesis. 

There are four on-ramps on the test site and three of them have detectors located on the 
ramps. These detectors measure the flow which directly corresponds to the intensity of the 
source at the associated ramp. For the last source in the Stockholm test site (at link 1375) 
there is no detector located at the on-ramp. In this case the intensity was estimated by 

Location Amount of traffic 
remaining on the highway A 83%  

B 82%  
C 68%  
   



44 
 
 
 
 
 
 

comparing data from detectors located upstream and downstream of the on-ramp. In that case 
the intensity of the source was set to the difference between the upstream and downstream 
flow. 

The static parameter values are represented by the mean values of the observed flow and 
the dynamic values are estimated by aggregation of the measured flows. 

 
 
Figure 26. The measured flow by detector 237 between 06:00-22:00 21st March 2013. The red 
line illustrates the dynamic values used when running the model in dynamic mode in section 
5.2. The aggregation is performed on 15 min level. The static parameters are represented by 

the mean values of the measured values. 
 
Figure 26 illustrates the variation in on-ramp flow over time during a day. As can be 

observed there are some major variations which means that a static value does not represent 
the inflow in a proper way. The aggregated values on 15 minute level does represent the 
observations in a more proper way, these aggregated values are used in the implementation of 
dynamic input in chapter 5. 

The values of the sinks are estimated using numerical values detected by sensors on the 
off-ramp.  If no radar sensors are available on the specific off-ramp the difference between 
upstream and downstream flow were used representing the off-ramp flow. The static values of 
sinks are represented by the mean values observed during specific weekdays in March and the 
dynamic values represent the aggregation of the measured values of 15 min level. 
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Figure 27. The measured flow by detector 234 during 06:00-22:00 21st  March 2013. The red 

line illustrates the dynamic values aggregated on 15 min level. 
 

Figure 27 illustrates the variations in off-ramp flow over time during a day. Even if a static 
value may not represent the changes in off-ramp flow in a proper way, it may still be a good 
way to represent the sink parameters of the specific off-ramp. This may sounds strange but 
since sinks represents the capacity of an off-ramp a static value may be a good representation 
because the capacity is constant if the traffic state remains uncongested. The only time when 
the capacity may be decreased is when traffic congestion appears at the off-ramp. 

In order to find the dynamic parameters of the sink capacity the traffic state was evaluated 
by the measured speed. If the observed speed at the specific off-ramp was beneath the critical 
speed the traffic state was assumed to be congested. The observed speed and the critical speed 
for a specific location is illustrated in Figure 28. 

 

 
Figure 28. The measured speed by detector 234 during 06:00-22:00 21 of March 2013. The 

red line illustrates the critical speed. 
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The sink capacity assumes to correspond to the measured traffic flow at the specific off-
ramp during congested traffic state. During uncongested traffic state the capacity is 
represented by the mean value of the measured off-ramp flow from all observations during 
non-congested traffic state. The dynamic sink capacity is illustrated by the green line in 
Figure 29.  

 

 
Figure 29. Measured flow by detector 234 during 06:00-22:00 21st March 2013. The green 
line illustrates the dynamic capacity of a sink when running the model in dynamic mode in 

section 5.2. The green line represents the maximum capacity when the traffic is uncongested 
(speed is not less than critical speed in Figure 28), else it represents the measured flow of the 

specific sink. The static values represent mean values of the green line. 
 
The black line in Figure 29 represents the static values of the sink parameters. There are 

only small difference between the black and the green line which proves the fact that static 
values may represent the traffic state in a proper way, at least during non congested times. The 
static parameter values for sources and sinks are represented in 

 
Table 8 and Table 9. Notice that dynamic sources are implemented in chapter 7.  
 

Table 8. Static values for each source on the Stockholm test site. The estimated values 
from historical data uses measurements between 06-22 for all weekdays in March 2013. 
 

 

 
 
 
 
 

Fk_lid Historical data 
Flow [vehicles/second] 38725 0.3141  

14498 0.0416  
10681 0.7666  
72967 0.1724  
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Table 9. Static values for each sink on the Stockholm test site. The estimated values from 
historical data uses measurements between 06-22 for all weekdays in March 2013. 

 

 
 
 

 

4.1.9 Estimating parameter values: Fundamental diagrams 

The flux functions are also estimated from the given measurements between 06:00-22:00 from 
weekdays in March 2013. The estimated parameters are the wave speed, critical speed, free 
flow speed and the jam density. Given the measurements, numerical approximations were 
made constructing a linear relationship using a fixed value of the critical density (0.1345 
veh/m/lane), see Strömgren [34] . In Figure 31 the numerical approximation for all 
parameters of the link fk_lid =  6189 are illustrated. 

 
 

 

(a)                                (b)                   (c) 

Figure 30. Fundamental diagrams of the link fk_lid = 6189. (a) illustrates the relation 
between speed and density, (b) illustrates the relation between flow and speed and (c) 

represents the relation between flow and density. 

The parameter values of the flux functions for all links on the Stockholm test site is 
represented in Table 10. 

  

Fk_lid Historical data 
Flow [vehicles/second] 8366 0.8661  

24270 0.45  
66580 0.2373  
66126 0.3547  
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Table 10. Represents the flux functions for the links included in the test site. The values are 
estimated on historical data between 06:00-22:00 from weekdays in March 2013. 

 
 

4.1.10 Estimating parameter values: Filter parameters 
The Ensemble Kalman filter (ENKF) has four parameters that represents the noise and the 
standard deviation of the noise. These parameters represents a weighting between how much 
the model believes in the measurements or the theoretical calculations by the CTM. The filter 
parameters can be calibrated using the MMS calibration framework. In the experiments the 
ENKF-parameters where set to values based on a calibration made with static input since the 
calibration framework does not support dynamic input. The values are estimated based at 
collected data from radar sensors along the highway in 2013-03-21. The ENKF-parameters is 
illustrated in Table 11. 

 

Table 11. The values for the parameters in the ENKF-filter. 

 
 

 

 

 

4.2 Test site I210 W Los Angeles 

The test site I210 W Los Angeles is used by the University of California, Berkeley for 
research and is modeled and calibrated for the CTM used in Connected Corridor project. The 

Fk_lid Wave speed 
[m/s] 

Wave speed 
[m/s] 

Critical speed 
[m/s] 

Jam density 
[veh/m/lane1375 2.0000 19.5000 17.5000 0.1345 

6189 3.8854 25.4000 21.5145 0.1345 
6249 5.4674 21.2674 15.7999 0.1345 
8568 3.3473 22.5938 19.2464 0.1345 
9150 3.3719 21.0719 17.6999 0.1345 
9160 2.9110 21.1110 18.1999 0.1345 
9198 4.3248 20.6249 16.3000 0.1345 
11269 4.5513 26.9513 22.3999 0.1345 
14136 4.2696 27.3696 23.0999 0.1345 
15256 3.3473 22.5938 19.2464 0.1345 
38698 2.9110 21.1110 18.1999 0.1345 
46130 3.7252 17.0338 13.3085 0.1345 
46131 3.7252 17.0338 13.3085 0.1345 
46133 3.3968 19.0561 15.6593 0.1345 
46134 3.3968 19.0561 15.6593 0.1345 
     

Fk_lid Values 
Model_noise_mean 0.3 
Model_noise_stdev 1.8 
Radar_noise_mean 0.2 
Radar_noise_stdev 3.4 
  



49 
 
 
 
 
 
 

calibration of model parameters for the split ratio behavior model has been made with sensor 
data from loop-detectors located close the off-ramps. The calibration process used data from 
all days during 2013 and the validation period was the first quarter of 2014. All the sensor 
data was gathered from the PeMS database. 

 

4.2.1 Overview 
The test site is a stretch of the Interstate 210 westbound between Glendora and Pasadena in 
Los Angeles.  There are 29 on-ramps and 23 off-ramps and the stretch is approximately 31 km 
long. Figure 31 illustrates an overview of the stretch at I210.  

 

 

Figure 31. Overview of the test site at I210 W near Pasadena. 

 
 

4.2.2 Source and sinks 
Each on-ramp and off-ramp in the network are modeled by source or sink connected to them. 
This generates 29 sources and 23 sinks in the network. The ramps are evenly distributed over 
the stretch however the southwest corner of the network is denser with ramps compared to the 
rest of the network. Figure 32 illustrates the location of sources and sinks in the network.  

 

 

Figure 32. Sources (green) and sinks (red) on the I210 W test site. 

4.2.3 Lanes 
The number of lanes on the test site is varies from three to eight on the freeway. The most 
common number of lanes on the freeway is four but between two adjacent ramps the typical 
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number of lanes is three. On the on-ramps and off-ramps the number of lanes varies between 
one and two. Figure 33 illustrates the number of lanes on the I210 W.  

 

 

Figure 33. Visualization of the number of lanes on I210 W. Greener and thicker lines 
corresponds to more lanes. 

 
Besides the regular lanes there is also a single carpool lane represented throughout the 

network. The carpool lane starts in the eastern part of the network and ends in the west part. 
Figure 34 illustrates the propagation of the carpool lanes.  

 

 

Figure 34. Carpool lanes (green) on the I210 W test site. 

 

4.2.4 Speeds 
The speed limit on the freeway is set to the standard freeway speed limit of the state of 
California, which is 65 miles/hour or 105 km/h. The ramps have the same speed limit. 

4.2.5 Detectors 
There are detectors located on most of the ramps and there are at least one detector located on 
the mainline between each ramp. The split ratio behavior model needs a detectors located on 
the off-ramp and a detector located on the mainline either upstream or downstream of the 
ramp. There are five different locations where the right setup of detectors exists with enough 
data to perform calculations. The locations are illustrated in Figure 35 below. All the five 
locations have a high quality on calibration of split ratio parameters.( See chapter 7.3.1)  
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Figure 35. Locations of used detectors at the I210 W test site. 

 

4.2.6 Locations 
There are 5 different locations from the I210 that are used in the master thesis. These locations 
are numbered and visualized in Figure 36. 

 

 

Figure 36. Visualization of off-ramp locations on the I210 test site. 

 

4.3 Test site I10 Los Angeles 

The second test site in Los Angeles is a stretch of Interstate 10. This test site was included in 
order to increase the number of sites with sufficient data for the calibration of parameters in 
the split ratio behavior model. The site is not included in the Connected Corridor project but is 
located close to the I210 and has similar traffic- and infrastructural conditions. The calibration 
of model parameters for the split ratio behavior model has been made with sensor data from 
loop-detectors located close to the off-ramps. The calibration process used data from all days 
during 2013 and the validation period is the first quarter of 2014. All the sensor data was 
gathered from the PeMS database. 

4.3.1 Overview 
The test site is a stretch of the Interstate 10 both east- and westbound between El Monte and 
West Covina in Los Angeles.  The stretch is approximately 34 km long and an overview of the 
stretch is illustrated in Figure 37.  
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Figure 37. Overview of the I10 test site. 

 

4.3.2 Lanes 
The number of lanes on the test site is varies from three to five on the freeway, the most 
common number of lanes is four. The number of lanes on the ramps varies between one and 
two. Figure 38 illustrates the variations in number of lanes on the stretch.  

 

 

Figure 38. Visualization of the number of lanes on the I10 test site. Greener and thicker 
lines corresponds to more lanes. 

 
 
Besides of the regular lanes there are also carpool lanes in the western part of the network. 

There are either one are two lanes reserved as carpool lanes and Figure 39 illustrates the 
location of the carpool lanes.  

 

 

Figure 39. Carpool lanes (green) on the I10 test site. 

 

4.3.3 Speeds 
The speed limit on the freeway is set to the standard freeway speed limit of the state of 
California, which is 65 miles/hour or approximately 105 km/h. The ramps have the same 
speed limit. 

4.3.4 Detectors 
The requirement of detectors is the same as for the test site at I210. There are 18 sites where 
the location and quality requirements are fulfilled. The locations of these sites are illustrated 
in Figure 40. The color of the detectors indicates the quality of the calibration of split ratio 
parameters, green is best and red is worse. ( See chapter 7.3.1)  
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Figure 40. Locations of used detectors at the I10 test site. The color indicates the quality of 
the calibration of split ratio parameters. 

 

4.3.5 Locations 
There are 18 different locations from the I10 that are used in the master thesis, these locations 
are numbered and visualized in Figure 41 

 

 

Figure 41. Visualization of off-ramp locations on the I10 test site. 
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5 Dynamic input to the MMS system 
Currently the MMS system uses static demand and sinks capacities when estimating the traffic 
state. This means that the same amount of flow is generated into the system and all the sinks 
are having constant capacity during the whole estimation period. This section covers the 
implementation of dynamic input to the MMS system which enables variations of the input 
data over time. In this thesis only dynamic sources and sinks are implemented, but the concept 
is the same for implementation of dynamic split ratios and fundamental diagrams. 

The concept behind dynamic sources and sinks is to have different sources and sinks at 
different time intervals. The sources and sinks are then updated during the runtime of the 
simulation. To ensure that there are valid data the current simulation time step a time window 
needs to be introduced. This time window is how temporal inaccurate the data can be and still 
be valid to use in the model. With a time window of 30 minutes the sources and sink 
parameters can be 30 minutes old and still be valid to use in the current simulation time step.  

5.1 Implementation of dynamic sources 

In order to implement dynamic sources and sinks three major modifications were required in 
the MMS system. The first change was to structure in the database were the source and sink 
parameters are stored. Sources and sinks are stored in the database together with information 
about there link id, configuration id and type. The database table was modified so each source 
and sink has temporal metadata that is used to decide if the data is valid or not. Furthermore a 
model parameter that sets the time window was added to the database. The second 
modification was to implement an algorithm to gather the most relevant data from the 
database. This algorithm gathers all the data for a specific source or sink that are within the 
time window and extracts the data that are closes to the simulation time. The last modification 
to the MMS was to implement a feature to update the sources and sinks during runtime of the 
simulation. 

The following sub section is a more detailed and technical description of the 
implementation and are only recommended for readers who needs to run the software and is 
interested in making changes in the code.  

5.1.1 Changes in the database to enable dynamic sources and sinks 
The current database table that stores the sink parameter has no temporal metadata that can be 
used to verify that the data is valid for a specific time. This temporal metadata was needed to 
be included in the database in order to implement dynamic sources and sinks. To build in 
seasonal flexibility to the dynamic sources and sinks four new columns was added to the 
database table. The columns are found in Table 12. 
 

Table 12. Added columns in the database for dynamic sources and sinks. 

Column name Description 
month_of_year The month the data is valid for. 
day_of_week The weekday the data is valid for. 
hour_of_day The hour of the day the data is valid from. 
minute_of_hour The minute of the hour the data is valid from 
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The four new columns make it easy to store data for specific times of a typical day in any 
month. Default data is stored in the same table but the four columns are having values of -1. 
Two new model parameters were added to the database that stores information about the 
network. The first parameter is a Boolean flag that decides if the simulation is going to use 
static or dynamic sources and sinks and the second parameter is the length of the time 
window. 
 

5.1.2 Algorithm for finding the most relevant data 
In order to find the most relevant source and sink data, an algorithm was constructed to find 
the closest data based on time. The data that the algorithm searches trough was narrowed 
down by using a time window. The concept of using the closest dynamic data available was 
based on three statements.  
 

1. The source and sink data has a start time that the data is valid from. 
2. The source and sink data is only valid if the start time is within the time window. 
3. A default value shall be used if there are no suitable data within the time window. 

 
The three statements are the foundation of what type of data that the algorithm works with. 
The first statement opens up for having data that are valid for a long time, this can be used for 
times on the day that has a stable demand. The second statement is used to narrow down the 
amount of data that are handled by the algorithm. The last statement is used to handle missing 
data in the database. 

The algorithm for finding the most relevant data gathers and sorts the information from the 
database that fulfills the requirements. When the information is sorted, the closest data to the 
current time step is on the first row and this is the most relevant data. Figure 42 illustrates the 
concept. 

 
 
 

Figure 42. Illustration of how the closest value is extracted from the database table. 

 
The flow of the algorithm that finds the most relevant data is found in Figure 43.  

Data in the table  Data extracted from the table                                                              
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Figure 43. Flowchart over the closest data algorithm. 

 
 

5.1.3 Implementation in the MMS system 
The implementation algorithm from Figure 44 was performed by changing two classes in the 
MMS system. The first class that was modified was the SourceAndSinkParams class that 
contains the properties of the sources and sinks in the network. The SourceAndSinkParams 
object is stored in a class named Parameters. The algorithm for finding the most relevant data 
was implemented as a new static method inside the SourceAndSinkParams class. This method 
is then called from the FlowModelRunner class. 
The second change was performed in the class FlowModelRunner which is the class that 
provides the flow model with parameters and initial values. The FlowModelRunner is also the 
interface which propagates the velocity fields forward. To adapt the FlowModelRunner to 
work with dynamic sources and sinks a few modifications had to be made. A Time object and 
a DatabaseReader were added to be able to keep track on the latest update of the dynamic 
parameters and to have a connection to the database. 

The method named run in FlowModelRunner that runs the flow model was also modified. 
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The run method was changed in order to control if there was any need in updating the source 
and sink parameters. If an updated was needed the FlowModelRunner will call the new static 
method in the SourceAndSinkParams class to get the new parameters and then change the 
parameters in the FlowModelRunner. 

5.2 Evaluation of dynamic sources and sinks 

The aim with this section is to evaluate the effects of estimations when using dynamic input. 
As can be observed from Figure 44 dynamic sources represent the measured incoming flow 
better than static sources. This should mean that estimations with dynamic input would be 
able to adapt the changes in traffic situations better than estimations performed with static 
parameter values. 

 

Figure 44. Comparison between measured flow, static- and dynamic sources. 

 
According to the variations in demand in Figure 44, the expected effect of estimations with 

static values would be that the simulations will only be able to produce proper results between 
09:00 and 14:00. During the rest of the time the static values differs a lot from the measure flow. 
According to Figure 44 the model would overestimate the demand before 07:30 and after 18:00. 
More problematic is that the demand will be underestimated during the morning and afternoon 
peak, which should result in underestimated queues and congestion  

Even if there seems to be major differences in demand according to Figure 44, there are no 
observations of the expected effects when running estimations with dynamic inputs compared 
to static input. This behavior is illustrated in Figure 45. 
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               (a)                            (b)  
         

 

 
              (c)              

 

Figure 45. Space time plots of estimations with dynamic and static input for March 21, 
2013 between 06-22. (c) represents the measurements, (a) is estimations with dynamic 

sources and sinks and (b) is estimations with static sources and sinks 

 
The similar results in Figure 45 is an effect of the input of measurements included when 

running estimations. The measurement stabilizes the estimation and prevents the model from 
under- and overestimating the congestion. Since static demand is significant lower than the 
dynamic values during peak hours, there would not be any congestion if the model should 
have been running without any measurements as input during estimation. 

Even if there seems to be no difference between static and dynamic input in Figure 45, the 
results are not equivalent. The following part of this section focuses on evaluating the minor 
differences between estimations with dynamic and static input. 

 To evaluate the effect of implementing dynamic inputs, travel times have been compared 
between simulated estimation with the MMS system and measured values collected by 
Bluetooth sensors. The results from the travel times indicate in minor differences between 
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estimations made with static sources and estimations made by dynamic sources. The scenario 
with dynamic sources seams to capture the measured travel times better than the static 
scenario. The travel time for the estimations is made by calculating the travel time trough the 
space time. A comparison during the morning peak of 2013-03-21 is illustrated in Figure 46.  

 
Figure 46. Aggregated travel time of estimations with static and dynamic input 

 
Notice that the travel times in Figure 46 is aggregated over all the routes in the network. 

According to Table 13 dynamic sources and sinks improves the simulations results with a 
minor percentage unit in comparison with the static values. The MAPE values in Table 13 is 
calculated according to equation 42 where n denotes the total number of observations, A is the 
actual observed travel time and P is the predicted travel time.  

                   
    

 

(42) 

 
 

Table 13. MAPE values from running estimations with static and dynamic input 

 
The results in Table 13 is insignificant according to multiple runs. There is also a major 

incertitude in the travel times since the aggregation is performed on data with high amount of 
distribution. The general conclusion is that there is no obvious improvement when running 
estimations on dynamic input in comparison to static input. 

Time period Dynamic Static 
21 March 2013 06-22 0.105 0.114 
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One thing that can be determinate is that dynamic input improves the results on some 
specific stretches. Figure 47 illustrates data from a single route where estimations based on 
dynamic input outperforms the static estimations during the morning peak. 

 
 
 

Figure 47. Travel times for estimations with static and dynamic input on route 173. 
 

The improvements in Figure 47 fades out since the rest of the routes give equal results for 
dynamic and static input. The equality between the estimations is illustrated in Figure 48 
where another route is represented.  

 

Figure 48. Travel times for estimations with static and dynamic input on route 176. 
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The scenario with dynamic input gives no significant improvement in comparison to 

estimations with static input. The main reason explaining the missing improvements of 
dynamic input are probably caused by the live data that is fed into the model. The MMS 
system uses measured radar data to improve the estimations which removes the effect of 
dynamic sources because the MMS system relies more on the measurements than the 
theoretical calculations made by the CTM-v. 

According to Figure 44 there are major differences between the static value and the 
dynamic parameters. It is obvious that the dynamic values represent the measurement better 
than the static ones even if the dynamic values are aggregated on 15 minutes level. This holds 
that dynamic input will be useful when running estimations without any live data available. 
This means that traffic predictions will be improved when using dynamic input since no 
sensor data is available for future traffic states. Traffic predictions with and without dynamic 
input is covered in the next chapter.   
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6 Traffic Prediction 
This chapter contains information about traffic prediction and how it is implemented in the 
MMS system. The first part of this chapter contains a description of the prediction software 
followed by results from running predictions in the MMS system with and without dynamic 
input.   

6.1 Implementation of traffic prediction 

This section covers the implementation of traffic predictions and is divided into two parts. The 
first section describes a brief overview of running predictions using the MMS system and its 
components. The second part is a detailed description of how the prediction process is 
implemented in the Java code. The detailed section is only recommended for readers who 
want to run predictions using the MMS system or wants to make changes in the code. 

6.1.1 Overview of the prediction system 
This section contains a brief overview of the changes required in the MMS-system in order to 
perform traffic predictions. 

The MMS system was used to perform traffic predictions by running the CTM-v forward 
in time without reading any sensor data from the database. This was done by implementing an 
iterative process which performs the predictions during the prediction horizon for each time 
step. When the implementation was made, most of the structure of the components used to run 
estimation was remained intact. The main difference was that no sensor data would be used as 
input when running predictions. 

Since predictions should be performed according to a specific horizon and resolution an 
iterative process was implemented which initiates immediately after every completed 
estimation. The number of times the iterating process should run depends on the parameters 
prediction-horizon and prediction-resolution given from the database. An overview of the 
iterative procedure including the traffic state estimation is illustrated in Figure 49. 

As can be observed from Figure 49, predictions are performed by iterating the estimation 
process whiteout live data until the prediction horizon is reached. In Figure 49, t represents 
the timestamp for which time the predictions are performed. T represents the timestamp for 
which time the estimation is made. 
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Figure 49. Overview of the prediction procedure 

 
 

When the prediction horizon is reached the next estimation is performed and the timestamp 
T is increased. When the estimation is completed the next prediction loop is initiated. The 
timestamp t is set to the same value as T since predictions are based on the latest estimation. 
Predictions are then made until the prediction horizon is reached which means that the 
following process will be to perform the next estimation. Table 14 illustrates one example of 
how the output to the database may look like using a prediction horizon of 2 minutes and a 
prediction resolution of 30 seconds. Notice that the main purpose with the example is to 
illustrate the different timestamp. There are much more information written to the database 
when running predictions using the MMS system. 

Table 14. An example of the output of predictions to the database. In this example a 
prediction horizon of 2 minutes and a prediction resolution of 30 seconds are used. 

 

Estimated time (T) 
[HH:MM:SS]  

 Predicted time (t) 
[HH:MM:SS] 

Mean speed 
[m/s] 

12:00:00 12:00:00 20.4 
12:00:00 12:00:30 21.2 
12:00:00 12:01:00 21.6 
12:00:00 12:01:30 22.1 
12:00:00 12:02:00 21.8 
12:00:30 12:00:30 21.3 
12:00:30 12:01:00 21.2 
12:00:30 12:01:30 21.8 
12:00:30 12:02:00 21.5 
12:00:30 12:02:30 21.7 
12:01:00 12:01:00 21.9 
12:01:00 12:01:30 21.8 
12:01:00 12:02:00 21.7 
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6.1.2 Detailed description of the implementation of the traffic prediction 
This section covers the changes required in the Java code of the MMS in order to run traffic 
predictions. The required changes are stated below.   An iteration process in terms of a for loop was implemented in the class 

ModelManager. This iterative process maintains that predictions are made a correct 
number of times. The process is thereby aware of the prediction resolution and 
prediction horizon given from the database.  A function for updating the network during predictions was implemented in the 
class EstimateManager. There is already a similar function implemented for 
updating the network during estimations. The new function is valuable since correct 
data must be used as input to the filter and the speeds from the latest estimation 
cannot be overwritten.   A new function was implemented in the MeasurementLoader to ensure no sensor 
data will used as input to the filter when running traffic predictions. 
 

The functions used for writing information to the database were also adapted to maintain 
two timestamps instead of a single one. This since the timestamp for the predicted time also is 
valuable information and should be stored in the database, the both time steps are illustrated in 
Table 14. This change concerned functions in the classes VelocityOutputHandler, 
VelocityLinkRecord and StatisticsRecordListned. 

To implement the prediction process illustrated in Figure 49, there had to be some 
important changes provided in the MMS-system. The largest change was the implementation 
of the new function accomplish the predictions in the class EstimateManager. This function 
was named updateNetworkPrediction and is like the estimating updating function 
(updateNetworkEstimate) also called from the class ModelManager. 

The prediction process is initialized when the class ModelManager calls the function 
updateNetworkEstimete once. Afterwards the ModelManager calls the 
updateNetworkPrediction a pre defined number of times to execute the predictions. The 
number of times is specified in the database with information about prediction horizon and 
resolution. 

These two methods update the speeds in the cells in almost the same way. The important 
differences are that the prediction update method uses different timestamps and different 
states during the calculations. The timestamp for the initial prediction is based on the 
timestamp from the latest estimation and runs forwarding in time during the prediction 
horizon with the fixed predict-resolution as interval. The states are predicated from the latest 
estimation and are updated based on the information from the state in the latest prediction. 
The two methods uses different variables for states and timestamps which ensure that the time 
and the states calculated in the latest estimation are never overwritten by information during 
prediction. 

The function updateNetworkPrediction in the class EstimateManager, calls a function 
named getPredictedSpeedMeasurement in the class MeasurementLoader which fetches 
predicted sensor data. The Kalmanfilter will only relay on the calculated speed from 
FlowModelRunner if no predicted sensor data exists, which is the case at the moment. This 
feature makes it possible to use the program with or without predicted sensor data.  An 
overview of the MMS system with all it changes is illustrated in Figure 50. 
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Figure 50. Structure of the components in the MMS system which are required in order to 
run traffic predictions. 

 

6.2 Evaluation of traffic prediction 

In this section the traffic prediction is evaluated with and without using dynamic input. By 
performing this comparison it becomes possible to evaluate the impact of dynamic 
information on the results of short-term predictions. The chosen prediction horizons are 5, 15 
and 30 minutes. 

The main subject with this section is to illustrate the improvements in traffic prediction 
using dynamic input instead of static. The following sections of this chapter is focusing on the 
how the length of the prediction horizon is affecting the reliability of the predictions. The 
evaluation contains plots of space time diagrams and travel times for March 21, 2013. 
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6.2.1 Evaluation of traffic prediction with static and dynamic input 
Figure 51 represents space time plots for 5 min predictions with static and dynamic input. In 
order to have a benchmark a simple average plot is represented as well (simple average 
represents measured values from the physical network, no estimations). 

The plots of traffic predictions are constructed based on the information predicted 5 
minutes forward in time. For an example the values for 07:00 is predicted based on running 
the estimated state 06:55 forward in time, the predictions at 07:01 is consequently predicted 
based on the state estimated at 06:56. 

 
 

 
(a)                                                                    (b) 

 
         (c) 

Figure 51. Space time plots of 5 min traffic prediction with static and dynamic input. 
Predictions are made at March 21, 2013 between 06-22. (c) represents the measurements, (a) 
is 5 min prediction with dynamic sources and sinks.(b) is 5 min prediction with static sources 

and sinks 

 
As can be observed from Figure 51 the traffic predictions performed with dynamic input 

recaps the congestion in a better way than static predictions. This effect becomes more 
obvious when the prediction horizon increases. Figure 52 illustrates predictions with 15 
minutes prediction horizon and as can be observed from the plot with static prediction the 
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congestion is clearly reduced. This behavior becomes even more obvious in Figure 53 when 
the prediction horizon is increased until 30 minutes. 

As can be observed from Figure 52 and Figure 53, the predictions made with dynamic 
values recaps the congested sections significantly better than the predictions with static values 
even if the predictions does not perfectly matches the measurements. 

 
 

 
(a)                                                                    (b) 

 
              (c)              

Figure 52. Space time plots of 15 min traffic prediction with static and dynamic input. 
Predictions are made at March 21, 2013 between 06-22. (c) represents the measurements, (a) 

is 15 min prediction with dynamic sources and sinks. (b) is 15 min prediction with static 
sources and sinks 
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                                (a)                                                                     (b) 

 
               (c)              

Figure 53. Space time plots of 30 min traffic prediction with static and dynamic input. 
Predictions are made at March 21, 2013 between 06-22. (c) represents the measurements, (a) 

is 30 min prediction with dynamic sources and sinks. (b) is 30 min prediction with static 
sources and sinks 

 
The results from the space time plots indicates that static predictions are less reliable than 

dynamic prediction. This conclusion is also substantiated by the fact that the estimated travel 
times also indicates in a significant improvement, especially during the afternoon peaks. This 
improvement is illustrated Figure 54.  The travel times for the predictions are made by 
calculating the travel time trough the space time of the prediction. There is also a problem 
occurring during the morning peak since the traffic state is more congested in the dynamic 
prediction in comparison to the measurements. This is a consequence of less adapted 
parameter values of a sink in the end of the network.  
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Figure 54. Travel times of predictions performed with static and dynamic input. The 
simulations is performed on March 21, 2013. The predictions are made with 5 minutes 

prediction horizons respectively. 

The conclusion from this section is that traffic predictions are improved when running 
simulations using dynamical parameter values instead of static. The improvement is increased 
as the prediction horizon increases.  

6.2.2 Evaluation of how the prediction horizon is affecting the prediction results 
As can be observed from the previous section, the reliability of traffic predictions is improved 
by using dynamic input when running the model forward in time. As outcome from the 
previous section only dynamic input is used in the upcoming experiments.  

This section evaluates the impact of the prediction horizon on the reliability of the 
prediction results. In total 6 different prediction horizons are used in order to evaluate the 
reliability of the results. The longest prediction horizon is one hour and the shortest is 1 
minute, the other horizons are picked in between in order to represent the quality change of 
predictions in a most proper way. The graphs in Figure 55 illustrates the space time plots for 
predictions using different prediction horizons. 
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(a)                                                                    (b) 

 
                                (c)                                                                     (d) 

 
(e)                                                                     (f)    
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               (g)                                                                     (h) 

        

Figure 55. Space time plots for traffic prediction with dynamic sources and sinks for 
March 21, 2013. Plot (a) represents the measured values, (b) represents estimation,               

(c) represents prediction with 1 min horizon, (d) represents prediction with 5 min horizon,    
(e) represents prediction with 10 min horizon, (f) represents prediction with 15 min horizon, 
(g) represents prediction with 30 min horizon, (h) represents prediction with 60 min horizon 

 
According to Figure 55 the reliable of predictions is decreased when the prediction horizon 

increases. The decrease of reliable terminates after 30 minutes of prediction since the 
predictions performed with 30 and 60 minutes horizons gives equivalent results. 

By plotting the travel times corresponding to the space time plots in Figure 55, some 
interesting observations can be made. The first thing to observe is that the fit of the curves 
becomes less reliable during the whole day when the prediction horizon increases from 1 to 10 
minutes. This is illustrated in Figure 56 (a). 

When the prediction horizon exceeds 10 minutes the predictions tends to improve the 
results during the afternoon peak, illustrated in Figure 56 (b). The results are still 
deteriorating during the morning peak as a consequence of increased prediction horizon, but 
the conjunction is reversed during the afternoon peak. This may not be an obvious conclusion 
according to the space time diagram in Figure 55. The result from the predictions visually 
seems to be deteriorated as the prediction horizon increases. This may still be the case, but the 
travel times are not indicating in the same results. 

The decreased travel time as a consequence of increased prediction horizon is not 
unreasonable since the duration of congestion during the afternoon peak decreases when the 
prediction horizon increases. Trajectories from motorists traveling through the afternoon peak 
would probably experience a shorter travel time if the traffic state were congested according 
to Figure 55 (h) in comparison to Figure 55 (d). This may explain the results in Figure 56 
(b). 
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(a)   (b) 

Figure 56. Travel times of predictions using different prediction horizons. The predictions 
are performed with dynamic sources ad sinks for March 21, 2013. (a) represents 1,5 and 10 

min prediction horizons and (b) illustrates 15, 30 and 60 min prediction horizons. 

The results in Figure 56 may still not prove that the 30 minute prediction represents the 
traffic state better than to the 5 minute prediction. The results in Figure 55 clearly illustrates 
that predictions with shorter horizons represent the traffic state in a more proper way than 
predictions with longer horizons, in both time and space. The travel times in Figure 56 only 
represents the traffic state in one dimension, which also is an uncertain benchmark since the 
measurements have very high amount of deviation. 

Figure 57 illustrates the deviation of the measurements in relation to the aggregated travel 
times at one single route. There is a large variation in measurements in comparison to the 
aggregated travel times, which clarifies why predictions with longer horizons may be 
improving the results according to Figure 56 even if the space time plots in  Figure 55 does 
not indicates in any improvements.  

 

Figure 57. Travel times on route 75 for March 21, 2013 using dynamic sources and sinks. 
This plot represents the fits of less quality, which are the predictions with 5, 10 and 15 

minutes horizons. 
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The conclusion from this section is that the prediction horizon is affecting the reliability of 
traffic predictions. Since the travel times may give uncertain results, most of the conclusions 
should be based on the space time plots in Figure 55. According to the space time plots, the 
short-term predictions produces results of reliable quality. The predictions made until a 
horizon of 15 minutes are following the results from the estimation in a proper way. 
Predictions performed with longer horizons are having problems with under- and over-
estimations of the speeds since the changes in the traffic state becomes more distinct when the 
prediction horizon is increased. When the horizon reaches 30 minutes the changes occurs 
abrupt and straight vertical lines separates congested states from uncongested traffic states. 
Since the space time plot of 30 and 60 minutes predictions have equality behavior, the 
predictions are of less reliable since the traffic state than relies more on the dynamic input 
than the last estimation.    
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7 Split ratio behavior model  
This chapter describes and analyzes modeling of split ratios when mainline congestion 
appears. The outline of the section is presented as following, the initial part consists of a 
description of the characteristics of split ratios together with a section describing the method 
used in order to model split ratios. This part includes a brief overview of historical average 
and the main differences compared with the split ratio behavior model, named response 
model. The second part describes the implementation of the response model and the last this 
section contains the results from running the implementation. Notice that the response model 
have been implemented to run in a simulation model named BeATS, but since there is no 
output available from the simulations there is only results from offline mode represented in 
this chapter. With offline mode means insolated comparison of the model with measured data. 

 

7.1 Preferences and characteristics of turning rates 

This section is included in order to give an overview of the significance of modeling split 
ratios. The first part of this section briefly describes turning rate behaviors in a traffic system 
during some specific occasions. The second part of the section is a brief description of the 
method used in order to develop the response model and the third part describes the historical 
average method which represents the previous work. 

 

7.1.1 Split ratio characteristics 
The concept of split ratio represents the amount of traffic leaving the freeway in relation to the 
amount of traffic that remains. The amount of traffic exiting the freeway may be affected by 
route changing as a consequence of traffic incidents on the freeway. The route changing 
phenomenon is illustrated in Figure 58 where traffic divert from the freeway to arterial roads 
in order to get back on the freeway further downstream where there is no congestion. This 
behavior makes it possible for the motorists to avoid traffic queues. 

 

 

Figure 58. The concept of route changing due to traffic incident located downstream at a 
freeway 
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The concept with the response model is to utilize the relationship between increased 
downstream density at the freeway and the increased amount of turning rate. This relationship 
is not general for different sites because the amount of turning rate is dependent of the 
characteristics of the specific location of the off-ramp. Affecting characteristics may be 
visibility distance, connection to alternative routes and off-ramp capacity. 

  According to Hadi et al [22] motorists tends to divert from freeways if there are clear 
indications of downstream congestion, the most obvious proof of downstream congestion is 
visual contact with the queue. 

Figure 59 illustrates an example of diversion behavior as a consequence of downstream 
congestion. As can be observed from Figure 59 the downstream flow is decreased at the same 
time as the off-ramp flow increases since the motorist tends to divert in order to avoid the 
queue. In Figure 59 the 7th of September represents an ordinary pattern for weekend traffic.   

 

Figure 59. The flow at the site nodeID:7 with ramp sensorID: 717685 at freeway I210 
westbound 

 
As can be observed from Figure 60 there is an unusually high density at the specific 

location during the afternoon at September the 8th, especially at the downstream sensor.  
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Figure 60. The density at the site nodeID:7 with ramp sensorID: 717685 at freeway I210 
westbound 

According to the PEMS database there has been an incident at the intersection between 
I210 W and N Irwindale Avenue, which have caused the high amount of mainline density. The 
incident occurred at 12:05 and the queue propagate backwards causing major congestion 
according to the snapshot from PeMS traffic animation in Figure 61.   

 

 
 

Figure 61. A snapshot from traffic animation on PEMS website. An incident have occurred 
12:54 September 8th 2013 at intersection between I210 W and N Irwindale Avenue. The colors 

at the road represents the speed and the size of the of the circles denotes the amount of 
congestion 

Incident location Off-ramp 
VDS:717685 
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After studying 30 intersections at I210 and I10 for all days during 2013, the behavior from 

Figure 61 is recognized as the most common. These observations together with the 
conclusions made by Hadi et al [22] enhances the fact that motorists tends to avoid queues 
and congestions in the largest way possible. It is thereby useful trying to capture the diversion 
behavior by using the relationship between downstream mainline congestion and the amount 
of turning rate. 

So far the relationship between downstream mainline congestion and the amount of turning 
rate seems to be obvious, but since motorists cannot be assumed to make rational decisions 
there will always be some problematic situations to be aware of. 

As mentioned in the limitations, the system assumes a FIFO-model for all locations which 
explains why the carpool lane is not modeled. Since all vehicles assumes to be served in the 
order of arrival, there assumes to be no overtaking or possible shortcuts to get to the off-ramps 
faster than the vehicles waiting in the propagated queue caused by downstream congestion. 

Problematic situations may occur indeed, since shortcuts can be found when congestion 
propagates backwards and blocks the exit to an off-ramp. Motorists may than use the shoulder 
in order to overtake and make it to the off-ramp even if there is a solid queue at the mainline. 
Typically when the mainline is blocked, vehicles are moving slowly since the flow is not 
absolutely equal zero. The consequence of a slowly moving queue is that vehicles are able to 
leave the freeway at a specific off-ramp even if it seems to be blocked. One example of this 
behavior is illustrated in Figure 62 at the time 07:12 the 6th of November 2013. In the specific 
situation the flow is reduced upstream, downstream and on the ramp as a consequence of 
heavy congestion at the mainline. 

 

Figure 62. The flow at the site with ramp sensorID: 767329 at freeway I10. There is a 
major decrease at November 6th 07:12. 

 
As can be observed from Figure 62 there is a major drop in flow for all the sensor 

locations at 07:12 the 6 of November 2013. At the same time the density at the mainline is 
heavily increased, which is illustrated in Figure 63. 
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Figure 63. The density at the site with ramp sensorID: 767329 at freeway I10. There is a 
major increase at November 6th 07:12 

 
The behavior in Figure 62 and Figure 63 indicates that there is no major problem with 

overtaking vehicles preventing the FIFO assumption to be used. There are only a minor 
number of situations like the one occurring in Figure 62 represented in the data during 2013 
for all the 30 sites that were studied. Even if it may be a problem that occurs a minor number 
of times it should be observed since it may jeopardize the basis of the whole model. 

 

7.1.2 Historical average 
The work with the response model was initiated on the basis of a clustering model named the 
historical average. Since the historical average is a general profile of historical data it may not 
take into consideration the relationship between mainline congestion and the amount of 
turning rate. The clustering model creates a profile based on measured turning rates and 
produced a split ratio profile known as the historical average. There is a clustered profile for 
each weekday, which results in a total of seven different profiles when running the clustering 
process. The clustering process uses the median value of the data in order to create a general 
profile for each specific weekday. Figure 64 illustrates an example of measured turning rates 
for 5 different Wednesdays. The median represents the general behavior and is marked out 
with the yellow line.  
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Figure 64. The clustering method. The black lines represents the measured turning rate and 
the blue line represents the median value, which is the clustered value 

 
The historical average may perform quite well during recurrent traffic conditions. 

Recurrent behavior is well captured by the clustering profile from measured data since there 
are usually typically daily patterns. The limitation with historical average may appear when 
unusually situations occur, like traffic incidents and non-recurrent congestion which make 
people divert. This kind of situations are illustrated in Figure 65, the two plots represents the 
same weekday but totally different traffic conditions.  

 

 
(a)                                                                    (b) 

Figure 65. The difference between measured turning rate and historical averages during 
two days with totally different traffic situations, location 10. (a) illustrates a regular weekday 
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and (b) illustrates a weekday with non-recurrent congestion in the afternoon. The two days 
represents the same weekday, which explains why the historical average is identically in the 

two plots. 

 
According to Figure 65 November 18th seems to be a regular day with no unusually traffic 

situations, which means that the historical average represents the turning rate in proper way. 
November 25th represents the same day of week, which means that the historical average is 
exactly the same, but the traffic condition is totally different. The mainline density is 
significant higher during lunch and the afternoon which may be caused by a traffic incident. 
The turning rate is increased as a consequence of the increased mainline density, but since the 
historical average is represented by the daily pattern it is not able to recap the change in traffic 
behavior. 

7.1.3 Overview of new split ratio model 
To capture the behavior during non-recurrent congestion, a response model have been 
developed utilizing the relationship between mainline density and the amount of turning rate. 
The response model assumes two different traffic situations, either free flow or congested. 
During free flow the amount of traffic leaving the freeway is only represented by the local 
traffic or OD, which means people are only leaving the freeway in order to get to their 
destinations. During congested traffic state there is some amount of traffic leaving the freeway 
using alternative routes to avoid heavy congestion, as illustrated in Figure 58.  

The local traffic has to be separated from the turning rate in order to determine the amount 
of diversion. According to Figure 66 the diversion traffic is separated from the measured 
traffic which means that only the local traffic is clustered into general daily profiles using the 
same method as for historical average. The final step is performed in order to make 
predictions of the split ratio, which means that the turning rate and the diversion is combined 
dependent to the amount of mainline density. 

 

Figure 66. Flowchart of the new split ratio model named response model 
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The separation of the local traffic and diversion is made by utilizing the relationship 
between the mainline density and turning rate. The model has two parameters used in order to 
make the separation: 

 
- Density threshold 
- Scaling factor 

 
The density threshold decides if the mainline traffic state is free flow or congested, it can 

be compared with the critical density in the fundamental diagram. The scaling factor decides 
the magnitude of diversion in relation to the mainline density. Greater value of the scaling 
factor means more diversion and a lower density threshold means higher amount of congested 
traffic which also gives more diversion. 

The values of these two parameters are estimated by running a calibration process over a 
training set of historical data for a specific off-ramp, also known as a site. Since the parameter 
estimation is based on historical data, the calibration part is running in offline mode which is 
exclusively coded in Matlab. The last step in Figure 66 represents the split ratio predictions 
which are based on the calibrated values of the density threshold and the scaling factor for the 
specific site. Predictions are then made based on predicted flows and densities estimated by a 
traffic flow model. Split ratio predictions made in a traffic flow model is based on live data 
which makes the prediction process an online-mode process. The traffic flow model in the 
Connected corridor project is named Berkeley Advanced Transportation Simulator (BeATS) 
and is exclusively coded in Java.  

 

7.1.4 Detailed description of the response model  
As mentioned in the previous section, the response model is divided into two separated 
processes, the offline mode and the online mode. In the offline mode, parameters are 
estimated using historical data. The values are set to give the optimal relationship between 
mainline density and the amount of diversion. The parameter values are then fed into the 
online mode in order to run the model on live data and make reliable predictions of the 
specific split ratio. 

This section mainly describes the offline mode since that part is more complex as well as 
all the components in the online mode is also represented in the offline mode. The 
implementation of the offline mode is based on an algorithm which separates the calculations 
according to two different cases, which identifies if the traffic state is assumed to be free flow 
or congested. If the traffic state is free flow, the split ratios are set by using a clustering profile 
of the local traffic. If the traffic state is congested, the estimation process includes diversion 
behavior related to the amount of mainline congestion. In order to decide if the traffic state is 
congested or not, a threshold of the density is estimated as a parameter value. If the density 
exceeds the threshold the traffic state is assumed to be congested, else the traffic state is 
assumed to be free flow. 

The amount if diversion is assumed to be relative to the amount of congestion at the 
freeway. This holds that major congestion causes higher amount of diversion. Since diversion 
behavior is strongly depended in infrastructural characteristics of the specific off-ramp, the 
constructed model is not general for all sites. The consequence of a non general model is that 
the implemented framework has to be applied for each off-ramp separately. This procedure is 
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necessary since it is difficult to develop a model which is able to take specific infrastructural 
characteristics into account. The infrastructural characteristic is mostly related to which 
arterial roads that are connected to the specific off-ramp. The diversion behavior is mostly 
related to route changing, which means that the arterial roads in the extension of the off-ramp 
have to be representing alternative routes. 

Off-ramps which are only connected to service facilities as gas stations for example, will 
not have such a major increase in diversion since the specific off-ramp does not represent an 
alternative route. The turning rate during congestion is estimated using the flow chart 
illustrated in Figure 67. The amount of traffic exiting the freeway at a specific off-ramp is 
denoted R, the scaling factor is denoted K and Ω represents the density threshold. Each site is 
calibrated in order to give specific values of the two parameters (the scaling factor and the 
threshold).  

  

Figure 67. Model specification of the response model and its parameters 

 
The model illustrated in Figure 67 estimates the turning rate in three different steps. The 

first step removes the diversions from the measured turning rate (R). This action is performed 
in order to estimate the local traffic (  ), which means that diverting motorists are excluded 
from the measured turning rate. According to the model, there is no congestion if the density 
does not exceed the threshold Ω. This means there is no diversion since any motorists intends 
to change route because the freeway still represents the “cheapest” route.   

The next process is clustering, which generalizes the turning rates of the local traffic. The 
clustering is made for different weekdays which means that data from the same weekday is 
clustered and generalized into a custom day. The local traffic during a typical day will be 



84 
 
 
 
 
 
 

represented better by excluding diversions from the clustering process. The clustered local 
traffic is denoted    . 

When the clustering procedure is done, the diversion rate has to be taken into account ones 
again. This is done in the last process which adjusts the turning rate according to the current 
amount of congestion, the predicted split ratio is denoted   . The model assumes a linear 
relationship between the scaling factor and the diversion rate, since the study made by Hadi et 
al [22] gave indications about a linear relation between diversion rate and number of lanes 
blocked.  

The parameters needed to be estimated in the process are the scaling factor K and the 
threshold Ω. These values are estimated by running a calibration process using the complex 
method implemented by Fransson and Sandin [33]. According to Spiliopoulou et al [27] the 
least square error can be used for evaluating the parameter values since the initial state space 
is given and the external variables are known for the given time period in equation (38). The 
objective function evaluated in the calibration process is formulated as in equation (43) where 
R represents the measured split ratio and    denotes the predicted split ratio. 

                    
 

(43) 

According to Figure 67 the difference between the measured turning rate ( ) and adjusted 
turning rate (  ) is the same as the difference between the clustered turning rate (   ) and the 
predicted turning rate   ). The only difference is the diversion which is the same in both cases. 
This leads to the fact that the objective function can be reformulated according to equation 
(44). 

                      
 

(44) 

The calibration process runs all the steps in Figure 67 in order to minimize the difference 
between the clustered local traffic and the adjusted turning rate. The last step in Figure 67 is 
performed in order to evaluate if there are any unrealistic split ratios (<0  or >1) in the current 
solution which prevents convergence.  

The output from the calibration process is the optimal values of K and Ω. These two 
parameters are the models representation of the impact in turning rate as a consequence of 
downstream congestion. Note that the calibration process only runs on historical data, which 
makes the procedure an offline process. In order to run the model on live data and make split 
ratio predictions, the online-mode program implemented in BeATS must be used. Notice that 
it is possible to make offline mode predictions as well, but theses ones are only using 
historical data and does not run in a traffic flow model. 

The results from the offline mode consist of three output parameters: the scaling factor, 
threshold and the local traffic profile for each weekday. These three parameters are given as 
input to the online mode. The online process uses the results from the calibration together 
with predicted density on the mainline in order to make reliable predictions of the specific 
split ratio. Figure 68 illustrates the major components that are included in the response model. 
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Figure 68. Flow chart of how split ratios are predicted using clustering and additional of 
diversion. 

 
As can be observed from Figure 68 there are two different data sets, the training set and 

the validation set. As mentioned earlier, the training set is used in offline mode in order to 
calibrate K and Ω for a specific split ratio. The validation set is used to validate the results 
from the calibration, which means that the process uses the calibrated values for K and Ω 
together with the local traffic profile in order to predict the turning rate. Predictions can be 
made isolated on historical data (offline mode) or can be made when running macroscopic 
traffic simulations in BeATS (online mode).   

 

7.2 Implementation 

This section consists of a detailed description of the implementation of the response model 
and its components. The first part represents a description of the offline mode and how its 
components are related to each other. The second part gives a detailed description of the 
calibration loop in the offline mode which includes all the decisions in order to find the 
optimal parameter values. The third part gives an explanation of how the default values are 
assigned to the sites which could not be calibrated. The last part in this section describes the 
online mode and how it is implemented in BeATS. Notice that the implementation section 
includes a lot of technical details about the response model and is only recommended for 
readers who wants to run the framework or make changes in the code.  
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7.2.1 Detailed description of the components in the offline mode 
All the modules and there relations in the offline-mode is illustrated in Figure 69. The figure 
also denotes all the input and output from the modules as well as the required input to the 
model in order run the calibration process.  
 

Figure 69. Overview of the modules in the system modeling split ratio 

 
The main purpose with the offline mode is to estimate the values of the threshold and the 

scaling factor based on historical data. All the modules in the in the offline mode are used to 
calculate the required information used in order to make reliable calibrations of the density 
threshold and the scaling factor. 
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The initial step in the offline mode is to import the specific scenario, which is performed in 
the Main module. The scenario consists of the network together with its characteristics such as 
boundary flows, fundamental diagrams and split ratios. The main module has to find out if the 
specific scenario already has been calibrated for the given time period. If the specific scenario 
already has been calibrated, the main model simply creates a new scenario by identifying the 
corresponding output file including the optimal parameter values.  If the specific scenario has 
not been calibrated, the calibration is prepared in the module named Initiate_calibration which 
loads the PEMS data for a specific time period given by the user. The PEMS data consists of 
aggregated flows and speeds collected by loop detectors for a specific number of days, the 
data is loaded by the module named Load_data.  

When all required information is included, the data is restructured from a large matrix of 
structs into two different cell matrixes. The two different matrixes includes flows and 
densities for all lanes at the mainline. This action simplifies the data treatment and the 
restructure is performed in the modules named Calculate_flow_allines and 
Calculate_density_allines. 

The next process is to identify the diverging nodes where split ratios appear. The main 
purpose with this process is to identify the number of sites and locate their corresponding 
sensors in order to match the data with the correct site. Each site can have a total amount of 
three different categories of sensors which can be located either upstream, downstream or at 
the ramp. The number of sensors used for a specific site may be more than three, since it is 
possible to have more than one sensor located at the ramp, for example. The identification of 
the network is performed in the module named Identify_fwy_nodes. 

In this state of the process the model has all the information needed to start the calibration 
process for a specific site (node). Even if the calibration is initiated, some nodes may not be 
calibrated since there is not enough amount of data or the data may not be of sufficient quality. 
The data quality for each sensor is controlled in the module named Check_detector_health. 
The other requirements before starting the calibration are controlled in the module named 
Initiate_calibration. If the specific node does not fulfill the requirements the calibration will 
not be initiated for the specific node. Instead the node will be assigned default values based on 
the information from the successfully calibrated nodes in the scenario. The assignment of 
default values are performed in the module Assign_default_values. There is a detailed 
description in section 7.2.3 about how the default values are assigned.   

If the specific node fulfills the data requirements, the calibration process will be initiated 
when the Initiate_calibration module calls the module Calibration_complex_method with the 
specific node as an argument. 

The first step in the calibration is to calculate the actual split ratio in order to get a 
benchmark for the comparison. The calculation of the split ratio is performed by dividing the 
measured ramp flow by the total flow. The measured flow for the specific node is given from 
the corresponding sensors in the cell array. The data is restructured from cells to 2D matrixes 
in the function named Calculate_total_flow. The output from the specific function is flow 
matrixes representing the flows upstream, downstream and on the ramp. This information is 
used as input to the function Calculate_split_ratio.  

The calibration estimates the diversion behavior according to the current density 
downstream at the mainline. Since density is not given as input to the model it has to be 
calculated using the continuity equation in (5). The calculation of the mainline density for a 
specific node is performed in the function named Calculate_mainline_density. 
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 The following process in the calibration procedure is to perform the three steps according 
to Figure 67. All these steps are called from the function named Run_calibration_loop. The 
initial step is to separate the local traffic from the diversion in the measured split ratios and the 
adjustment is performed in the module named Adjust_down. The calculation is dependent in 
the parameter values of the scaling factor K and the threshold Ω. Diversion occurs and has to 
be subtracted from the measured split if the actual mainline density exceeds the density 
threshold. The diversion D for the specific node n and time i is calculated according to 
equation (45) and the local traffic split ratio (R’) is calculated in equation (46). N denotes all 
nodes in the scenario and I denote the total calibration period.  

                                           (45) 

                                       
 

(46) 

 The amount of diversion is dependent of the threshold Ω and the scaling factor K. A small 
value of the threshold means that a lot of traffic is diverting and consequently a large value 
gives almost no diverting traffic. The amount of diversion is represented by the differences 
between the threshold and the actual density. The scaling factor K sets the amount of impact 
of the diversion into the split ratio. Large value for K means major affection of diversion and 
small values gives no affection. If K is set to zero or Ω is set to infinity, no diversion is 
subtracted from the actual split which means that the prediction will be the same as the 
historical average. 

The next process is the clustering, which means that the sampled split ratios without 
diversion are averaged into a daily pattern. The clustering is made for all days in the week, 
which means that there are seven patterns. The clustered daily pattern is represented by the 
median of the adjusted turning rate, R’ and Nan values excluded. The clustered average 
represents the local traffic during a general day and the clustering process is performed in the 
function named Clustering_day_of_week. 

 The output from the clustering is the average daily pattern and the root-mean-square-error 
(RMSE) for the average clustering in relation to the local traffic (R’). The RMSE is used as 
objective value in the calibration, see equation (43) and (44). 

The last process in the calibration is the re-addition of the diversion according to the 
current downstream congestion. This process is performed in the function named Adjust_up 
which uses the current values of K and Ω in order to predict the diversion behavior. The 
predicted split ratio is calculated according to equation (47) where the amount of diversion D 
is calculated in the same way as in equation (45). w denotes the specific time of the clustered 
weekday for the time n. W is all the times in the clustered profile for the local traffic. 

                                             (47) 

When the calibration process is completed, the final step is to recreate a scenario which 
includes all the necessary information from the original scenario together with the final results 
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from the calibration. The creation of a new scenario is performed in the module named 
Create_XML and is called from the Main function. 

All the results from the completed calibration is also stored in a mat-file which enables the 
Main function to find calibrated values for a specific scenario for a specific time period. If the 
Main function finds that the specific scenario already has been calibrated for the requested 
time period, it simply creates a new XML-file without  running the calibration again.    

 

7.2.2 Calibration Loop 
The calibration process uses the complex method implemented by Fransson and Sandin [33] 
in order to optimize the fit of clustered average in relation to the local traffic. The decision 
model in Figure 70 is developed according to the calibration procedure from Spiliopoulou et 
al [27] illustrated in Figure 14. There is a set of four points used in the complex method since 
there are two parameters decided by the calibration process. According to Box [29] it is 
suitable to have twice as many points as the number of parameters.   
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Figure 70. Flowchart representing the calibration procedure 
 
Since there may be problems when the complex method gets stuck in a local optimum as a 

consequence of non-suitable initial parameter, the calibration process runs several times for 
each node with starting points. As illustrated in Figure 70 the calibration procedure runs 10 
times for every site and each of the 10 runs has a maximum of 500 iterations if no 
convergence appears. The requirement of convergence is dependent of the distance between 
the points in the given solution space. The complex method will converge if the distance 
between the different points is less than the stopping criteria. It means that the objective 
values have to be similar for all the points, the accuracy is given in the complex method. 

The output from the clustering process and adjust up process may not contain any 
unrealistic values of the split ratios (which means >1 or <0). This since the calibration process 
is unable to converge unless there are no unrealistic split ratios in the optimal solution. 
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Unrealistic split ratios can occur for certain combinations of parameter values of K and Ω. 
Solutions with unrealistic split ratios are punished with 5% larger objective value in order to 
prevent the calibration to get stuck in local optimums with unrealistic split ratios. This means 
that the objective value is doubled if there are a total amount of 20 unrealistic split ratios in 
the current solution. Since the objective value is punished when unrealistic solutions appear, 
the model should be able to choose steps into permitted solutions. 

The last case controlled by the decision model in Figure 70, is if the model nevertheless 
gets stuck in an optimum with unrealistic split ratios. This case is constructed in order to save 
computation time since it is not necessary to perform inconclusive iterations. The calculation 
is aborted if the last 50 iterations consist of unrealistic solutions, then the computation is 
assumed to be inconclusive. 

When 10 runs of the calibration process are completed, the best result is identified and 
stored. The result constitutes the best values of the two parameters together with the optimal 
cluster profile estimated by the calibration process.  

 

7.2.3 Assigning default values 
There might be sites with insufficient data to perform a calibration of the parameters. The sites 
with insufficient data have default values assigned to the parameters. The default values are 
applied for the necessary output parameters of the calibration, which are the scaling factor, 
density threshold and the local profile. The default values are based on the successfully 
calibrated sites in the network, which means that the default values are applied after the 
calibration is finished. 

The default values of the scaling factor and the thresholds are estimated as the mean values 
of the successfully calibrated sites.  

Figure 71 illustrates the distribution of the different values of the scaling factors and the 
density threshold from successfully calibrated sites. The mean values, representing the default 
values are also pointed out. 

 
 

 
 
Figure 71. The distribution of the calibrated values for the threshold and the scaling factor 

for the 23 sites in section 7.3.1, together with the default values. The plot to the left represents 
the scaling factors and the right plot illustrates the density threshold. 
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The default profile of the local traffic is represented by the clustered profile of the 
successfully calibrated sites in the specific network. Figure 72 illustrates 23 different profiles 
from the calibration in section 7.3.1, together with the median profile. 

  

 

Figure 72. The local traffic profiles for the 23 calibrated sites in section 7.3.1 together with 
the default profile, which is the cluster of the calibrated sites. 

 
Even if the plot in Figure 72 is messy, the interesting observation is the fact that the 

different profiles follow the same daily pattern. The main difference between the profiles is 
the scaling.    

There are three different categories of conditions which may classify a specific site to be 
applied default values, these are stated below:  Missing detectors  Unsatisfactory data quality  No convergence during calibration 

 
 The different categories are deeply described and analyzed in this section together with the 

process estimating the default parameter. 
A site without a detector located on the off-ramp or no detector located either upstream or 

downstream on the mainline, is assigned default values. In such a case, the calibration is not 
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started since there is not enough data included in order to have reliable calibration results. 
Running the calibration on such site would only give unsubstantiated guesses which is a waste 
of time. The site is then assigned default values for the threshold, scaling factor and the local 
profile. 

A site is also assigned default values if the input data is of unsatisfactory quality, which 
means that more than 75% of the data consists of Nan values. This concern both the sensors 
located on the off-ramp and mainline (upstream and downstream). In this case the calibration 
is not started either since the data is assumed to have such defects that it is unreliable. This 
holds that the specific site is assigned default values for the threshold, scaling factor and the 
local profile. 

The third categories of sites given default values are the ones which do not provide 
convergence during the calibration process. Non convergence can occur as a consequence of 
two issues during the calibration: either the model reaches its maximum number of iterations 
without satisfying the convergence criteria or the calibration gets stuck in a local optimum 
with unrealistic split ratios. Both cases are usually caused by insufficient training data which 
is related to recurrent congestion or exceptional characteristics of the specific site, which for 
example could be that the extension of the off-ramp does not constitute alternative routes. 

In opposite to the other two categories of sites applied default values, these kind of sites 
have sufficient data which enables initiation of the calibration process. Consequently it is 
thereby possible to give these sites an adapted local profile even if the threshold and scaling 
factor may not be estimated customary. The specific site is then given default values of the 
threshold and the scaling factor but the local traffic profile is adjusted and clustered based on 
the measured data using the default values of the density threshold and the scaling factor. 

Figure 73 illustrates the assignment of default parameters and which parameters that are 
set to default for the different categories of sites.  

 

 

Figure 73. Flowchart representing the assignment of default parameters. 

Even if two parameters are set as default, this inequality makes major sense to the 
reliability of the estimations since the local profile has great impact on the results. Figure 74 
illustrates the difference between using a customary adapted historical average together with 
default parameters and the usage of a default profile together with default parameter values. 
Figure 74 illustrates a faked scenario where some sites have been pretended having 
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insufficient data and have thereby been assign default values by the calibration process. The 
default values are than compared with the measured values running a validation process. As 
can be observed from the results there is a significant difference between assigning all 
parameters with default values in comparison to use a clustered and adjusted profile together 
with default parameters of the density threshold and the scaling factor. 

 

 

Figure 74. Comparison between different default types and the calibrated parameter. 
Locations without a converged parameters are excluded. 

   

7.2.4 Online mode in Berkeley Advanced Transportation Simulator (BeATS) 
Berkeley Advanced Transportation Simulator (BeATS) is a macroscopic traffic simulator 
based on CTM. BeATS is used in transportation research and the main purpose is to evaluate 
both traffic measures and new methods for predicting traffic states in macroscopic traffic 
simulations. BeATS uses a scenario with all the necessary data for running a simulation. The 
necessary input data is network, split ratios, demand (boundary flow) and fundamental 
diagrams.  

The production version of BeATS is an executable .jar file that is fed with a properties file. 
The properties file has simulation parameters and the path to the scenario that will be 
simulated. Some modifications in BeATS were necessary in order to implement the response 
mode. The first modification was to implement a new Node_SplitRatioSolver. A 
Node_SplitRatioSolver is a class that adjusts the split ratio at a node before calculating the 
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incoming and outgoing flows. The Node_SplitRatioSolver extracts and modifies  the split 
ratio given from a split ratio profile in the specific scenario. The new Node_SplitRatioSolver 
is named Hamburger. 

The Hamburger object initially fetches the threshold and scaling factor from the given 
scenario. When the parameters are stored, the Hamburger proceeds with identify the 
downstream mainline- and off-ramp links. The link information is stored in the associated 
Node object.  

The simulation environment (links, nodes, etc.) are being validated before the initiation of 
simulation in BeATS. In the Hamburger object the validation is checking that the associated 
node fulfills a set of requirements that are necessary in order to make the calculations. The 
requirements are stated in Table 15. 

 

Table 15. Requirements for the Node associated to a Hamburger split ratio solver. 

Requirement Reason 
Number of input link must be exactly 1. 2-to-2 nodes are not allowed. 

 
Number of output links must be exactly 2. Only one off-ramp are allowed. 

 
One output links must be of type Freeway. Identification of the mainline link. 

 
One output link must be of either type  

     Off-ramp or Interconnect. 
Identification of the off-ramp. 

 
When BeATS simulation runs, the Node_SplitRatioSolver is called by the Node object to 

update the split ratio. This update of split ratio occurs in every simulation time step. The 
Hamburger solver uses the split ratio profile and the index of the current ensemble. BeATS 
may run with multiple ensembles and the index of the ensemble is used in order to identify the 
correct downstream density. 

When the Hamburger is called to modify the split ratio it starts with gather the downstream 
mainline density and the current split ratio from the split ratio profile.  When the information 
is gathered the new off-ramp split ratio is calculated according to equation (48). 

 
                          

 
(48) 

    is the cluster average,   is a scaling factor (parameter),   is the actual density on the 
downstream link and     is a density threshold (parameter). If the new split ratio is unrealistic  
(      ) the split ratio will be rounded to a valid value and a warning message will be 
sent out. The off-ramp split ratio and the mainline downstream split ratio is returned as a 
matrix. 
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7.3  Results 

This section includes the results from the calibration and the validation made by the offline 
mode. Notice that no results from the online mode are represented in this report since there are 
no benchmark available which prevents any comparison.  

The response model performs better than historical average, especially during congested 
situations at the mainline. The calibration was performed at the 23 sites chosen from road I10 
and I210 illustrated in Figure 35 and Figure 40. The 23 sites are the locations with most 
sufficient data out of the 30 nodes studied in section 7.1.1. 

7.3.1 Calibration 
The figures in this section represents the fit from some of 23 sites that were calibrated, the 
results from the rest of the sites are represented in Figure 78 and Figure 79. The calibration 
data set constitutes of flows and speeds for all the sites during January 1st until December 31st 
2013. 

  

Figure 75. Calibration results for response model and historical average at location 9 on 
I210 westbound. 

 

Figure 75 illustrates a site which has been successfully calibrated with significant 
improvements in turning rate using the response model. The general observation is that the 
there is almost no difference between the response model and historical average when the 
traffic state is uncongested, which means that the actual density does not exceeds the density 
threshold.  
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The major improvements become visible when the mainline traffic state turns into 
congested. The response model is able to recap the route changing phenomenon due to 
diversion behavior since it is a dynamic model. Historical average is a static model and is 
unable to recap diversion behavior if it is not a recurrent pattern.   

There are some sites where the results are not improved since the historical average and the 
response model ends up with the same results. This problem is typically related to two 
different cases, which are stated below. 

  High amount of recurrent congestion  No diversion behavior 
 
High amount of recurrent congestion gives no relation between increased mainline density 

and increased amount of diversion. Recurrent congestion usually appears during morning and 
afternoon peaks. This behavior is understandable since motorists are aware of the daily 
congestion and they do not divert since the alternative routes probably also are congested. 
This behavior tends to obstruct the model from giving reasonable results since recurrent 
congestion is more common than non-recurrent congestion. 

Sites with high amount of recurrent congestion usually have reasonable values for the 
threshold, but the value of the scaling factor is typically too low. Figure 76 illustrates an 
example of how recurrent congestion affects the adaption of the new split ratio model. As can 
be observed from Figure 76, there are typically high spikes of congestion but no correlation 
between high mainline density and high amount of turning rate. Since the threshold is set to 
approximately 30 veh/mile/lane, the scaling factor is forced to be quite small if the model will 
not overestimate the turning rate during recurrent congestion.  

The consequence of small values of the scaling factor is that the turning rates is not 
recapped when non recurrent congestion appears. In Figure 76 non-recurrent congestion 

appears at the afternoon on September 7th 2013.  The measured turning rate is than increased 
as a consequence of motorists choosing alternative routes. Unfortunately the response model 
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is unable to recap the increase in turning rate since the value of the scaling factor is too small. 

 

Figure 76. Calibration results for response model and historical average at location 3 on 
I10. 

 
The second case is related to non-diversion behavior, no matter of the amount of mainline 

density. These kinds of situations are probably related to the fact that there is no alternative 
routes in the extension to the specific off-ramp. Motorists may not avoid the congestion by 
exiting the freeway since the extension of the off-ramp is probably only connected to a service 
facility as gas station, for example.    

No diversion behavior is identified since almost a static value of the turning rate appears no 
matter of the mainline density. There seems to be no correlation between major mainline 
density and high amount of turning rate which makes the response model unable to improve 
the results in relation to the historical average. An example of a site with no diversion 
behavior illustrated in the Figure 77. 
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Figure 77. Calibration results for response model and historical average at location 7 on 
I10. 

The results from all the calibrated sites are represented in Figure 78 and Figure 79. Major 
values of the scaling factor indicate in a good fit between predicted and measured split ratio. It 
means that the specific site has an off-ramp which represents alternative routes and the fact 
that there is distinctly correlation between high amount of mainline density and high amount 
of turning rate. Major values of the scaling factor also indicate in minor problems related to 
recurrent congestion. 

 
 

Figure 78. The optimal values of the scaling factors for the 23 calibrated sites 
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Since the density threshold is related to the critical density of the mainline, there are no 
obvious conclusions made from Figure 79. One interesting notice is that most of the sites 
with low values of the scaling factors also have low values of the density threshold 

 

 
Figure 79. The optimal values of the density threshold for the 23 calibrated sites 

 

7.3.2 Validation 
This section contains a summary of the output from the framework using validation data. The 
validation data set consist of measured speed and flows from the 23 sites during January the 
1st until March the 31st 2014. Figure 80 illustrates an example of the output from the 
validation process and the results from all sites are represented in Figure 81 and Figure 82. 
 

 

Figure 80. Validation results for response model and historical average at location 22 on 
the I10 
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As can be observed from Figure 80 the results are improved for the case when the 

mainline density exceeds the density threshold. In other cases the response model and 
historical average are almost equivalent since the difference between the local traffic profile 
and the historical average is insignificant. All results from the 23 validated sites are 
represented Figure 81. 

 
 

 
Figure 81. The results from the validation process for all 23 sites. The RMSE represents 

the difference in off-ramp flow for the models compared with the measured flow. The bars 
illustrates the average during whole the validation period (2014-01-01 until 2014-03-31) 
 
 
According to Figure 81 the RMSE for the two models performs almost the same since the 

numerical values are almost similar for both models. The difference in RMSE is also quite 
small for the site with off-ramp sensor location 19, even if it looks like the response model 
significantly improves the amount of turning rate during congestion, according to Figure 80. 

The small differences in RMSE may be as a consequence of major amount of non-
congested days in the data set, which fades out the difference between the models. As 
mentioned earlier, the two models perform almost the same during non congested days. The 
major difference is when mainline downstream congestion appears because the response 
model is able to recap the high amount of turning rate since it utilizes the relationship between 
mainline density and turning rate. 

In order to make representative comparison between the response model and the historical 
average, the RMSE during congested times is illustrated in Figure 82. As can be observed 
from Figure 82, there are major differences between the two models for almost every site. 
The sites with no improvements are sites with no congested days in the validation data or sites 
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with unsuitable values of the calibrated parameters, which means that the scaling factor is set 
to zero (reason described in section 7.3.1). 

The most important observation made from Figure 82 is the fact that no site performs 
significantly worse than historical average, which means that the response model distinctly 
improves the results for general sites when mainline congestion appears. The results are not 
significantly improved for all sites but it does not either performs worse than historical 
average. 

  

 
Figure 82. The results from the validation process for all 23 sites. The RMSE represents 
the error in off-ramp flow for the models compared with the measured flow. The bars 

illustrates the average of only the congested times during the validation period (2014-01-01 
until 2014-03-31) 

 
The general observation from the validation process is that the response model improves 

the results and produces reliable predictions during mainline congestion if there is a clear 
correlation between increased mainline density and turning rate. 

In order to prove this statement, a minor data set was selected for a specific site. All days 
with recurrent congestion were excluded from the data set in order represent a clear relation 
between major mainline density and high amount of turning rate. This means that only free 
flow days and incident days from 2013 were represented in the minor data set. The data set 
was also divided into a calibration and a validation set and the result from the validation is 
illustrated in Figure 83. 
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Figure 83. Validation results for response model and historical average using a small data 
set. The off-ramp is location 22 at I210. 

According to the results from Figure 83 the response model is significant improving the 
adaption of the split ratio during congestion, in relation to the historical average. This means 
that the response model will be able to make major improvements predicting split ratio during 
non-recurrent congestion, provided a clear correlation between increased mainline densities 
and increased turning rate.   
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8  Discussion 
This section is divided into different parts analyzing the different subjects considered in this 
report. Each subsection starts with a discussion of the result and ends with recommended 
further development. 

8.1 Dynamic sources and sinks 

Dynamic sources and sinks are necessary tool for traffic predictions but it does not improve 
the results for estimations. Dynamic input is of minor significance when running estimations 
since live data is fed into the model which corrects the demand and sink capacity and 
stabilizes the model even if static values are used. 

Dynamic sources and sinks should be based on measured data since there are no tools 
available for calibrating dynamic model parameters. To make predictions of reliable quality 
there are high requirements in well calibrated model parameters. If the parameters are not 
adapted to the specific network there will be major problems when running the model without 
live data as input. 

There are three recommended developments on the dynamic source and sinks. The first 
recommendation is to reduce the number of database queries. This can be done by saving the 
time stamp on when the next updated source and sink is valid. This implementation will 
eliminate redundant database queries. The database queries can be reduced further if the 
access data (primary key) to all the sources and sinks are stored inside the software. 

The second development is to implement predicted source and sink data from real time 
measurements of the flow. This will make the predictions more adapted to the current traffic 
situation and therefore increase the reliability of the predictions. 

The third development is to build a calibration tool for dynamic sources and sinks. The 
reliability of predictions will increase with a calibration process of the sources and sinks 
together with the model. 
 

8.2 Traffic predictions 

Running the MMS estimation process forward in time can be used in order to predict future 
traffic states. Short-term traffic predictions (up to 5 minutes) can be done by using static 
sources and sinks. This is reasonable since the estimated state still have a major impact on the 
predicted state after 5 minutes of predictions. When longer horizons are used dynamic sources 
and sinks are needed in order to have reliable predictions. This is also reasonable since longer 
predictions requires a model with high adaption ability when no live data is available. 

When the prediction horizon increases, the impact of the estimated state decreases. This 
makes it important to have calibrated parameters with good quality. When the prediction 
horizon exceeds 15 minutes the estimated state has no impact on the prediction and the model 
is only relying on the theoretical CTM-v. 

Further development of the traffic prediction framework would be to include predicted 
speed measurements into the model. This will give more dynamic to the model and might 
increase the reliability and the maximum prediction horizon. 
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8.3 Split ratio behavior model 

Split ratio predictions are improved by using the split ratio behavior model instead of 
historical average. The most obvious improvements are observed during congested times but 
the model does not either perform worse than the historical average at any time. 

Problems may occur if there is no clear correlation between mainline density and turning 
rate, since the model will not be able to adapt the parameters in a satisfying way. This problem 
are usually related to recurrent congestion and since recurrent congestion is more common 
than non-recurrent congestion the adaption of the model is affected. This behavior is caused 
by the calibration process which aims to minimize the RMSE by decreasing the scaling factor 
in order to avoid overestimating the turning rate during non-recurrent congestion. 

The model have some limitations since motorists may remake there route decisions based 
on more information than visual contact with the queue. Information may come by radio or 
GPS for example, but this decisions are hard to recap in a simple model like the one 
implemented in this thesis. This holds that diversion behavior is related to more than visual 
contact with the queue and may explain why there is not a clear correlation between turning 
rate and increase in mainline density. 

Another limitation with the model is that it does not take the off-ramp capacity into 
consideration when calculating the split ratio. With badly adapted parameter values the model 
can divert enough vehicles to overflow the off-ramp which consequently will give a queue 
that propagates backwards up on the freeway. This problem would happen if the specific off-
ramp leads to an attractive destination as a concert or a soccer game for example. In any other 
case no motorists will divert from the freeway if the off–ramp is more congested than the 
mainline.   

There are room for a lot of further developments. The first recommendation is to adapt the 
split ratios so the off-ramp capacity are taken into considerations.  

The next recommended development is to introduce labeling of the congestion. It will be 
able introduce two different types of scaling factors if labeling of congestion was 
implemented. One scaling factor would be trained during recurrent congestion and the other 
one would be trained during non-recurrent congestion. By introducing labeling the scaling 
factor will not be forced to adopt a small value since it is only calibrated against non-recurrent 
data representing a clear correlation between mainline congestion and the turning rate. The 
labeling could be performed by clustering the mainline density and identify similarities. If the 
density is significant increased from the daily pattern it may be assumed to be non-recurrent 
congestion. 

Finally the relationship between congestion and turning rate should be investigated further. 
A more improved model of the split ratio behavior based on the knowledge of the relationship 
between congestion and turning rate will improve the model. The investigation should also 
cover how to take third part information (radio, GPS, etc.)into account.  
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9  Conclusion 
The questions stated in section 1.1 are distinctly answered in this chapter. There are three 
changes required in order to use dynamic sources and sinks. First of all the data of the validity 
period for sources and sinks have to be added to the database. Secondly, an algorithm to 
choose the most accurate data had to be implemented in order to ensure that the right data was 
fetched from the database. Thirdly, the class FlowModelRunner have to be adapted to update 
the dynamic values of sources and sinks parameters. 

Traffic estimations are not improved by implementing dynamic sources and sinks. This is a 
consequence of the fact that the MMS system uses live radar data as input to the model which 
provides estimations with static values to reproduce changes in the traffic state. Dynamic 
estimations would probably have outperformed static estimations if no live information would 
be given as input to the model. This is a consequence of thee more dynamic input to the 
model. 

There are three changes required in order to run traffic predictions using the MMS system. 
First of all, an iteration process had to be implemented in the class ModelManager. The 
iterative process is aware of the prediction horizion and resolution, the process maintains that 
predictions are made a correct number of times. Secondly, a function updating the network 
during predictions had to implement in the class EstimateManager. A similar function is 
already implemented for updating the network during estimation, but the new function is 
necessary since correct data must be used as input to the filter and the speeds from the latest 
estimation cannot be overwritten. Thirdly, a new function had to be implemented in the 
MeasurementLoader to ensure no sensor data is used as input to the filter when predictions are 
calculated. 

Traffic predictions are not improved by using dynamic sources and sinks when the 
prediction horizon is as longest 5 minutes. The results are than equal for both static and 
dynamic predictions. Dynamic predictions outperform static predictions when the prediction 
horizon exceeds 5 minutes. The static prediction has lower travel times than the measured 
travel time. This is a consequence of the fact that the static values of demand and capacity 
does not represent the variations over time that occur in the physical system in a proper way. 
The dynamic parameter values include the variations which makes the predictions more 
reliable than with static values. 

The quality of predictions is truly decreased when the prediction horizon increases. 
Predictions performed with static parameter values are able to predict the traffic state in 
proper way when the prediction horizon does not exceed 5 minutes. Predictions performed 
with dynamic input do recap the traffic state in a better way than static predictions, especially 
when the prediction horizon increases. Predictions performed with dynamic input may 
produce reliable predictions with a 15 minutes prediction horizon. 

Split ratios are improved using the respond model. According to the 23 sites included in the 
evaluation, the response model does not perform worse than historical average on any of the 
sites. Problems may occur if there is not a clear correlation between mainline density and 
turning rate since the model will not be able to adapt the parameters in a proper way. This 
problem is usually related to recurrent congestion which hampers the adaption of the model. 
This occurs since calibration procedure wants to decrease the objective value by decreasing 
the scaling factor in order to avoid overestimations of the turning rate during recurrent 
congestion. 
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