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ABSTRACT 

This study looks at the two different traffic data sources available for traffic management: stationary 

sensors and probe vehicles.  The strengths and weaknesses of each type of data collection system 

were briefly investigated in the literature review. A microscopic model using historical SRA (Swedish 

Road Administration) Motorway Control System data (MCS) from 23 March 2010 was created using a 

stretch of the E4 motorway in Stockholm as a study case. Two different traffic situations were 

examined: free-flow conditions between 12.00 and 13.00, and morning peak congestion, between 

7.30 and 9.30. Models were calibrated by checking out the one-to-one relationship between 

observed and simulated values for two variables, average speed from each MCS detector station, and 

vehicle flows. MCS average speeds were calculated using the harmonic mean. The validation of the 

models was done using Theil’s inequality coefficient, as well as absolute and percentage errors. Two 

parameters that are inferred to have an effect on probe data quality, penetration and sampling rates, 

are shown to have an impact on the accuracy of travel time predictions. Probe vehicle fleets with a 

60-second sampling rate and 1-percent penetration rate were shown to be adequate to retrieve 

traffic information from free-flow conditions. Probe fleets with a 5-second sampling rate and a 

penetration rate higher than 2% were shown to be sufficient to capture traffic information from 

congested conditions, and be competitive with the implementation of stationary sensors. Travel time 

predictions based on MCS data improve with increasing the number of detectors present in the 

system, for traffic going through morning peak congestion It is thereby concluded that probe vehicle 

data is an effective and cost-efficient method for collecting traffic data in both types of traffic 

conditions and can therefore provide useful input to traffic management systems. 
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3 INTRODUCTION 
 In the information age that we now live in, an increased effort is being made to build 

detailed and reliable real-time traffic information platforms to deliver traffic data to transport 

planners and travel guidance to end users. As transport demand increases and exerts pressure on 

current road capacity, greater emphasis is placed on using the existing capacity more efficiently and 

intelligently. This can be achieved to some extent, by using transport policies that involve intelligent 

transport systems (ITS) technology (Kesting & Treiber, 2010).  

 To examine the overall health of a transport system, or to gauge the effectiveness of a 

present or future transport policy, one needs to be able to collect and examine data of a given 

transport network. The data that is collected is transformed into useful traffic information for various 

traffic management tasks or information to road-users, such information includes travel times, traffic 

density, mean or instantaneous speeds, etc. The traffic data that is collected can be used by 

transport planners to create meaningful traffic models of present or past traffic conditions and to 

make traffic forecasts or to understand traffic-related trends. The data collection systems used in 

traffic management can also benefit the end user through useful and timely information. Travel time 

and time loss due to congestion are relevant dynamic quantities for local driver information services, 

as well as routing advice to discover an optimal route in terms of travel time, travel cost or other 

variables, from start to finish (Kesting & Treiber, 2010; Sanwal & Walrand, 1995). Traffic sensors can 

essentially be placed into two different groups: stationary sensors and mobile sensors. 

This study focuses on a comparison of two essentially different types of traffic data collection 

systems that utilise either stationary or mobile sensors. To test the relative benefits of each and the 

data quality microscopic simulation models were constructed and rigorously calibrated and validated 

using VISSIM. A brief literature review on the strengths and weaknesses of both systems is presented 

first.  This is followed by the building of the simulation models for free-flow and morning peak 

congestion conditions, and the subsequent evaluation and comparison of travel time predictions.  

4 PROBLEM STATEMENT 
The use of probe vehicles equipped with GPS cell phones in traffic management is a relatively new 

idea. Its use as an alternative or complement to the data available from motorway control systems 

(MCS) to monitor traffic and predict travel times needs to be assessed. Can probe vehicle data offer 

better travel time predictions, in terms of data quality, reliability and the ability to track quickly-

changing traffic conditions? Can travel time predictions be improved using probe vehicle data rather 

than MCS data for different traffic conditions, ranging from free-flow conditions to morning peak-

hour congestion? What are the optimal sampling and penetration rates needed for probe vehicle 

data to provide similar or better data quality in relation to traffic conditions when compared to MCS 

data?  

4.1 AIM OF PROJECT 

This study project looks at the quality of the data retrieved from probe vehicles (i.e., mobile sensors), 

as compared to MCS data (i.e. stationary sensors), to predict travel times. The aim of the project is to 
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find out if vehicle probe data can give similar or improved data about traffic conditions when 

compared to MCS data, for predicting travel time values. To do this, two of the most important 

parameters that affect probe data quality - penetration and sampling rate - will be examined. Two 

different types of traffic conditions will be evaluated, namely free-flow conditions and morning peak 

congestion. Actual travel time values will be compared to predicted travel time values from both 

data sources, MCS and probe data.  

A matrix of actual and predicted travel time values from probe data at different levels of penetration 

and sampling rates will be created and compared to MCS data. The two types of traffic models will be 

simulated under VISSIM. Data quality will be analysed in terms of the reliability of travel time 

predictions with respect to actual travel time values from the simulation model.  

A section of the E4 motorway network in Stockholm is used as a study case; actual vehicle flows and 

speeds are based on historical MCS data from a normal weekday, 23 March 2010. This MCS historical 

data comes from the SRA, the Swedish Road Authority.   
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5 LITTERATURE REVIEW: TRAFFIC DATA COLLECTION SYSTEMS 
The literature review is a brief overview of the strengths and weaknesses of the two types of sensors 

that are investigated in this study, mobile and stationary sensors.  

5.1 Stationary sensors 

Traffic management operations have traditionally used stationary sensors to collect the bulk of their 

traffic data. Those sensors mostly consist of inductive loop detectors, video cameras and radars 

(Herrera et al., 2009), which can collectively be called motorway control systems (MCS) (Nissan, 

2010). Loop detectors are sensors that are buried in the road surface and directly measure traffic 

volume, time-mean spot speed, as well as occupancy and the ratio of the loop-space occupied by 

passing vehicles over the measurement time extent (Bertini & Tantiyamugulchai, 2004). Video 

cameras can also be used to monitor traffic. They are said to be able to collect other meaningful 

traffic parameters missed by loop detectors, such as lane changes, vehicle acceleration or 

deceleration, better queue and incident detection, as well as vehicle identification through number 

plate recognition schemes or other means (Beymer et al., 1997).  

5.1.1 Weaknesses of stationary sensors 

It should be mentioned, however, that stationary sensors have a number of disadvantages that can 

render their use problematic in monitoring traffic in general. Stationary sensors have to be physically 

built into the motorway skeleton, meaning that they have installation and maintenance costs. They 

also usually require motorway or lane closure for their upkeep, which can induce other societal costs, 

such as extra congestion or a decrease in local accessibility (Sanwal & Walrand, 1995). Moreover, 

inductive loop detectors are prone to errors, systematic as well as stochastic, and malfunctioning 

(Youngbin & Cayford, 2001; Westerman et al., 1996). Of the 25 000 loop detectors in California 

(USA), 30% are said to be malfunctioning daily (Herrera et al., 2009). Video cameras usually require 

periodic calibration to work properly, although new techniques have allowed the use of uncalibrated 

cameras (Dailey et al., 2000). Moreover, traffic management systems based on the use of video 

cameras can break down in congested traffic conditions due to the problem of partial occlusion 

(Beymer et al., 1997). Partial occlusion refers to the obstruction of the full view of a vehicle due to 

close spacing, meaning that a video camera cannot distinguish individual vehicles.  

The scale of operation for monitoring traffic can also be a problem when using stationary sensors. 

Due to their cost and the extensive nature of the road networks in urban areas, stationary sensors 

are usually placed at key areas of an arterial network, namely motorway junctions and motorway 

links. To cover large expanses of motorway, stationary sensors can be spaced at intervals of up to 5 

to 10 kilometres, spacing such as this is not suitable for accurately detecting local disturbances, both 

recurrent and non-recurrent, in the vehicle flow (Westerman et al., 1996). For reasons such as these, 

new methods for collecting traffic data have spurred an increased interest from the transport 

planning community for mobile data collection systems that are cost-efficient and effective. 
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5.1.2 Strengths of stationary sensors 

It should be mentioned that stationary sensors are widely used in traffic control management 

systems to collect primary traffic information. The motorway control system in Stockholm (MCS), for 

example, collects information such as the average number of vehicles and average speed every one-

minute interval (Cunningham and Archer, 2003). One great advantage from using stationary sensors 

over mobile sensors is that measurements such as occupancy or vehicle flows for a given road can be 

directly calculated (Nissan, 2010). Stationary sensors can directly calculate primary traffic 

information and derive other measurements from these, such as travel time values, whereas mobile 

sensors, on the other hand, cannot directly measure primary traffic information. 

5.2 Mobile sensors 

Mobile sensors to retrieve data about traffic conditions often include the use of probe vehicles. The 

data that is collected from such sources can overcome many of the shortcomings of conventional 

stationary sensors. Probe vehicles have a great potential to provide more cost-efficient data 

collection. Real-time information from potentially the whole road network can be retrieved and 

more detailed information can be sampled from recurring congestion areas, as well as from non-

recurrent congestion events (e.g. accidents) (Rahmani et al., 2010; Youngbin & Cayford, 2001; 

Herrera et al., 2009).  

5.2.1 Types of mobile sensors 

Probe vehicle data can be obtained from the use of different instruments present in moving vehicles, 

such as GSM cell phones, GPS logging devices, GPS smartphones and various other devices. The 

increasing level of penetration of GPS-equipped smartphones in the population makes them the 

most attractive mobile sensor source, in part due to their shrinking costs and increased GPS accuracy 

(Herrera et al., 2009). GSM cell phones have the advantage of being more widespread than GPS 

smartphones, although the gap is rapidly closing (Ygnace et al., 2000). However, locating GSM 

handsets requires the data to be sent to a cell tower, through the use of triangulation, trilateration, 

tower hand-offs, or a combination of these, which in itself has been shown to provide poor accuracy 

in the data collected and significant difficulties in calculating the moving speed of a vehicle (Herrera 

et al., 2009). Indeed, it is not possible to calculate the instantaneous speeds of vehicles using GSM 

cell phones (Ygnace et al., 2000). Using GSM cell phone data to locate probe vehicles can also be very 

difficult in complex road geometry (Herrera et al., 2009). Hence, vehicle probe data from the use of 

GPS smartphones appears to have the greatest potential for traffic data collection in the future. ¨ 

5.2.2 Using GPS-equipped smartphones in probe fleets 

The cost-effectiveness of using GPS vehicle probe data seems to be significant. This aspect can be 

looked at in two different ways: high-resolution data collection can be achieved from large extents of 

the road network, unlike stationary sensors that require heavy infrastructure investments (Youngbin 

& Cayford, 2001). Indeed, the results from the OPTIS project, which involved the use of floating car 

data in Gothenburg, suggest that using a GPS vehicle probe data system would have halved the costs 

of a similar stationary detector system (Rahmani et al., 2010). Moreover, GPS vehicle probe data has 

been shown to give high accuracy in position and velocity measurements from traffic (Herrera et al., 

2009). Due to the increasing use of smartphones by the public, there is potentially a large amount of 

data that can be sampled by de facto probe vehicles (Qiu et al., 2007). Furthermore, it has been 
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mentioned in various studies that the presence of cell phone users increases as congestion increases, 

implying that more detailed information can be retrieved from sensitive areas of the transport 

network (Qiu et al., 2007).  

Studies completed at the Institute of Transport of the German Aerospace Centre report that GPS-

based floating car data produced by several hundreds of taxis can result in almost complete coverage 

of all major roads in large urban areas such as Berlin, Nuremburg and Vienna (Schäfer et al., 2002; 

cited in Rahmani et al., 2010). Other studies have reported that probe vehicle data field tests seem 

already to be effective for equipment percentages of probe vehicles of a few per mile, hence its 

suitability for real-time application in practice (Kesting & Treiber, 2010; Youngbin & Cayford, 2001).   

Privacy concerns can also be addressed in data collection systems using GPS probe data. GSM cell 

phones have the disadvantage that it is relatively simple to locate where a user lives or works, since 

the cell phones communicates information to a cell tower at all times. It is then possible to get 

personal information about any user, even if noise is introduced into the data (Ygnace et al., 2000). 

However, by using GPS probe data one can sample the data that is retrieved, either temporally, 

spatially, or both. Temporal sampling relates to retrieving information from probe vehicles only 

during specific time intervals, regardless of their positions; spatial sampling refers to retrieving data 

from probe vehicles only when they cross spatially-defined sampling points (Herrera et al., 2009).  

 Lastly, the benefits to the end user are also undeniable, such as dynamic route 

guidance, real-time information and short-time forecasting (Rahmani et al., 2010). The benefits for 

transport planners include the ability to retrieve reliable and better information from queue and 

accident detection, as well as providing better control of the traffic system (Rahmani et al., 2010).  

5.2.3  Uncertainties concerning GPS probe data 

It should be mentioned that some uncertainty remains with regards to the use of GPS probe data. 

For example, the accuracy and fidelity of GPS smartphones can suffer from the presence of obstacles, 

such as tall buildings, bridges or tunnels, or from environmental effects that cannot be controlled and 

that can affect the accuracy of GPS signal, such as atmospheric disturbances (Rahmani et al., 2010; 

Sanwal & Walrand, 1995). Handling massive amounts of data from a large number of probe vehicles 

could also be challenging in large-scale real-time operations (Rahmani et al., 2010). In other words, 

although GPS has shown great potential for vehicle probes, much of the previous research has been 

theoretical in nature, and more work needs to be done to ascertain its potential in real-time traffic 

applications (Youngbin & Cayford, 2001).  

6 METHODOLOGY 
The project work can effectively be separated into two different parts: the building of a simulation 

platform and a sensitivity analysis of travel time predictions. The first involves the construction, 

calibration and validation of a simulation model for two scenarios with different traffic conditions, 

namely free-flow conditions and morning peak-hour congestion. The second covers the analysis of 

travel time predictions from stationary detectors as well as probe vehicles, and they compare to  

each other.   

In brief, the calibration of the model involved modelling the network using the MCS data retrieved 

from The SRA for March 23, 2010. Calibration includes calculating flow volumes, turning fractions and 
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the desired speed curve under free-flow conditions. The validation of the model was done using 

different validation methods: Theil’s inequality coefficient and calculating absolute and percent error 

terms for the two different models.  

Once the simulation platform was built and validated, the next part of the project involved evaluating 

the effects of different penetration and sampling rates on probe data quality, as well as the effects of 

decreasing the amount of MCS detectors to retrieve travel time predictions from the network. Travel 

time values were retrieved for only one pre-defined route in the system. Travel time predictions from 

MCS detectors and probe vehicles were compared with the actual travel time calculated by VISSIM.  

In other words, the methodology should explain how the objectives of this study were achieved. The 

objectives are to: 

- Create a micro-level model platform to simulate MCS and probe data using VISSIM under two 

different traffic conditions, namely free-flow and morning peak congestion; 

- Calculate actual travel times using VISSIM; 

- Calculate predicted travel times using two different data collection sources, MCS and probe 

vehicle data; 

- Evaluate the effects of penetration and sampling rates on vehicle probe data quality; 

- Evaluate the effects on travel time predictions of reducing the number of MCS detectors 

present in the system; 

- Examine the quality of information from probe data with that from the MCS data; 

- Look into the optimal values of penetration and sampling rates for probe data for different 

traffic condition scenarios; 

- Analyse the trade-offs between using different levels of penetration and sampling rates to 

predict travel time in different traffic conditions; 

- Investigate how much probe data can be filtered out while maintaining high quality 

information; in other words, how little information is needed to predict travel times 

adequately well; 

- Assess the potential of vehicle probe data collection in traffic management, in terms of its 

benefits and qualities. 

6.1 MODEL DESCRIPTION 

The model simulates a portion of the motorway network in the City of Stockholm. A simplified 

schematic view of the system can be seen in figure 1. It covers the northbound portion of the E4 

found directly west from the downtown section of the city, from point A to point B (figure 2). There 

are five on ramps and five off ramps in the system, as well as 28 motorway control system detectors 

along the way (see figure 5). The first detectors implemented in the model, in the lower part of the 

network, are #51085 on the E4N, and #0535 on the E75W. The last detector inserted in the system is 

#57430 at the top of the network. The location of each detector is based on its actual real-life 

positions. Each MCS detector position measures and aggregates harmonic mean speed and traffic 

flows for each motorway lane, and also for some ramps (e.g. detector #55650). The length of the 

network modelled in this study is approximately 6 km, and there is an MCS detector approximately 

every 200 metres. 
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Most of the motorway system has four lanes, although from the Fredhäll tunnel has only three lanes 

(from detector # 55885 to # 57430). The E4N and E75W stretches that join up at the bottom of the 

network each have two lanes, and subsequently form four lanes together.  

The speed limit is 70 km/h through the whole network, at all times. The average travel time, during a 

free-flow traffic environment, is about 5 minutes (i.e., 300 seconds) for people driving at the average 

speed suggested by the MCS-system, this is generally higher than the speed limit. The system suffers 

from recurrent congestion during morning and evening peak-hours on weekdays; since the focus is 

on north-bound traffic movements, morning peak-hour is the only recurrent traffic pattern that has 

been addressed in this study. The system has no lanes reserved for public transportation along its 

route.  

First-hand observations of the traffic conditions found on a normal weekday show that morning 

peak-hour mostly consists of continuous but slow moving traffic throughout the network (figures 3 & 

4). The traffic moves at around 30 km/h according to the MCS-data during the congestion period that 

is the basis of this study. During congestion each lane is occupied at relatively the same level. From 

field observations, the vehicle composition of traffic was estimated to be approximately 91% cars 

and 9% HGVs (including buses and articulated trucks).Two fifteen-minute counts were made 

between 7.30 and 8.00 on March 15 2011 (see “vehicle composition”, in section 5.1.2).  

The map on the following page shows that there are three different routing decisions made by the 

drivers in this section of the motorway. The first routing decision is for off ramp 1; the second one, 

for off ramps 2, 3 and 4; the last routing decision is for off ramp 5. 
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Figure 1: Simplified diagram of the system. There are five on ramps and five off ramps in the system. The MCS detectors 

are spread throughout the system (see MCS map in figure 5). 
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Figure 2: Portion of the motorway modelled in this study (from 

point A to point B). The traffic flows have been simulated in the 

Northbound direction only.  

 

Figure 3: Example of the traffic conditions found on a weekday in the morning peak hour, on the 

northbound direction of the E4. The traffic is moving slowly, at about 30 km/h, but continuously. 

Picture taken facing south, where the E4 is about to traverse the tunnel leading to Fredhälltrafikplats. 

The lane on the right discontinues after the next off ramp, explaining its lower load (see next picture in 

figure 4). Photo taken on March 15 2011, a Tuesday morning a little after 7.30.   

Figure 4: Photo taken on the same day (March 15 2011) and a few minutes later than the previous 

picture. The picture was taken facing North, from the other end of the E4 tunnel, close to the 

Fredhälltrafikplats junction. The motorway shrinks to three lanes at this point, since the right hand-

side lane ends at this off ramp (off ramp 2 in the model). 
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Figure 5: MCS-map of the area of interest. The red dots represent the location of MCS gantries (one detector per lane). Note that only the MCS detectors for the northbound direction are pertinent to this 

study, since only the northbound direction was modelled. In other words, MCS gantries numbering from 51085 to 57430 were modelled. The MCS detectors are named after their location from the starting 

point of the motorway (i.e. 51370 can be understood as 51 km and 370 m from the starting point; 51220 is 850 m further away from 51370, and so forth). Green dots are MCS gantries that were not installed 

or are not operating. All in all, 28 MCS detectors were used in this study. 
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6.2 BUILDING, CALIBRATING AND VALIDATING THE SIMULATION 

PLATFORM 

6.2.1 BUILDING THE SIMULATION NETWORK 

6.2.1.1 Data source and choice 

The model was built using historical MCS data collected by the Swedish Road Administration (SRA). 

This data contains information about total vehicle counts and average speeds met at every stationary 

detector along the motorway corridor, aggregated at the 60-second level, 24 hours a day. This data 

was used as the foundation of the model to calculate turning movement fractions along the 

motorway trunk, to estimate travel demand, and to calculate the average speed of moving vehicles 

along the network.  

The data that was used to create the simulation platform was collected on 23 March 2010, a 

Tuesday. The choice of this particular day is significant for many reasons. First, modelling the traffic 

from a normal weekday, as opposed to a day from the weekend or a day during a holiday break, 

allows assumptions to be made as to representativity. Second, the weather conditions met on that 

day were mild, and no real traffic disturbances occurred. This information is based on travel 

descriptions from the METRA project, where experimental driving trials were carried out on the same 

day (METRA, 2010). Hence, choosing this day to perform traffic simulations is assumed to portray the 

general trends found on a relatively normal weekday in the motorway system.  

Modelling traffic from a normal weekday allows assumptions to be made as to the constitution of the 

great majority of the drivers, in terms of generalising driving ability, experience and behaviour (class 

notes KTH, 2010). The drivers found on a normal weekday are assumed to have a very small 

proportion of drivers that disrupt the normal flow of traffic and is almost exclusively experienced 

commuters. Experienced commuters implies that drivers are familiar with the environment they are 

driving through, that they have good driving abilities, that they know well in advance which routing 

decisions to make through the system, which lane they should choose to drive in, what kind of traffic 

conditions they expect to meet at a particular time of the day, etc. This allows building a model with 

relatively homogeneous driving behaviour parameters, and the use of a well-validated car-following 

model without having to make significant changes to the parameters..  

6.2.1.2 Modelling software 

The model was built using the microscopic simulation software package VISSIM. VISSIM is a world-

leading microsimulation software package used by many transport planning firms, as well as 

academics, to evaluate current and future transportation policies by running virtual traffic 

simulations.1 The decision to run microscopic simulations in this study, as opposed to mesoscopic or 

macroscopic simulations, was based on a number of factors.  

First, running a microsimulation allows the modelling of individual cars, which in turn allows the user 

to retrieve data from unique vehicles, such as their spatial coordinates in a network. Second, the use 

of microsimulations allows the user to subdivide a vehicle class, such as “car”, into two different 

entities. This feature makes it possible to create “probe vehicle” and “car” classes, which have the 

same vehicle characteristics, but here data is retrieved for only the portion of vehicles of interest 

                                                           
1
 PTV Vision AG. For more information: http://www.english.ptv.de/software/transportation-planning-traffic-

engineering/software-system-solutions/vissim/ 
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(i.e., in this case, probe vehicles). Mesoscopic and macroscopic models do not necessarily allow the 

division of a vehicle class or type into different entities. Lastly, this software has been extensively 

used in the past by the project supervisors, hence reducing the time it would normally take to get 

accustomed. 

6.2.1.3 Use of other software 

The determination of the scale of the network was based on Google Maps. The satellite images were 

amalgamated into one background picture at a defined scale, which was then used to construct the 

network. The MCS detector locations were retrieved from a shape-file created by the SRA using 

ShapeUp software,2 and their GPS coordinates were derived using Quantum GIS.3  

6.2.2  CALIBRATION 

The calibration of a simulation model is a necessary part of any model creation, and is done to ensure 

that simulated model behaviour reflects observed behaviour as closely as possible. Simulated values 

were calibrated using the MCS data retrieved from the SRA. Both scenarios, free-flow and morning 

peak-hour congestion, were calibrated by evaluating the match between simulated values and 

observed values from the MCS data. The variables that were calibrated were average speeds and 

vehicle counts found at the location of each MCS detector. This section also explains the time length 

of the initial period for each traffic scenario where data is not collected (i.e. the “warm-up” period), 

the creation of the desired speed curve, the car-following model used, and the estimation of the 

travel demand for each scenario. 

6.2.2.1 Defining the two scenarios to be calibrated 

Two different types of traffic conditions were looked into in this study, free-flow conditions and 

morning peak-hour, on the northbound direction of the E4 motorway. As mentioned, the volume 

flows and turning fractions for these two scenarios were based on the values taken from the MCS 

data on 23 March 2010. The data used for the free-flow scenario is from traffic moving between 

12.00 and 13.00 on the same day; for the congestion model, between 7.30 and 9.30.  

6.2.2.2 Initial data deletion period 

A certain amount of time needs to be given to the simulation model for it to reproduce the intended 

observed values. In other words, statistical analysis can only be done when the system reaches 

steady-state, and this is done by removing the initial bias at the start of the simulation (Class notes 

KTH, 2010). The initial period where no data is recorded includes the time taken for the system to be 

filled up by the moving vehicles and a steady-state is achieved.  

For the free-flow scenario, a time of 30 minutes (i.e. 1800 seconds) was found to be sufficient for the 

system to reach steady-state; a warm-up period of an hour (i.e. 3600 seconds) was used for the 

congestion model. Hence, the warm-up periods were added at the beginning of each simulation 

period, from 11.30 to 12.00 for the free-flow scenario, and from 6.30 to 7.30 for the congestion 

scenario.  

  

                                                           
2
 GIS tools developed by http://www.nilione.com/ 

3
 Open source GIS software: http://www.qgis.org/ 
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6.2.2.3 Calibration variables: vehicle counts and average speed 

Two variables were calibrated in the model, namely average speed along the different sections of the 

network (km/h or m/s), as well as traffic flows (# veh/time period). The MCS data that was used 

contained data collected at each detector along the motorway trunk (figure 5). Each detector 

collected information about the number of passing vehicles, as well as their average speed. The 

vehicle flows were also used to calculate the turning fraction movements (for each off ramp), and to 

calculate the extra vehicle flow coming in at each on ramp. 

Average speed and vehicle counts were aggregated every 15 minutes (i.e. 900 seconds). This level of 

aggregation was considered appropriate for modelled motorway flows, since it allows enough 

variability through time to occur, while limiting the variability to levels that can be handled and 

confine the degree of complexity. Moreover, dividing up time periods into 15-minute spans is usually 

the common ground for transport studies made at the professional and academic levels. 

Vehicle flows were calculated using two different techniques: from detectors placed on the links 

programmed through a an API-function (API = Application Programming Interface), as well as from 

data collection points, placed under the actual locations of the MCS detectors (figure 5). The purpose 

of measuring vehicle flows in two different ways is to verify that their values match, as well as to 

allow an on-the-go investigation using the API, while the simulations are still running.  

Average speed along the network was calibrated by calculating the desired speed curve from vehicles 

driving through the network during free-flow conditions. Each gantry recorded the average speed of 

the moving vehicles and the calibration of the two models was carried out by matching the simulated 

values to the observed ones. 

6.2.2.4 Calculating mean average speeds using the harmonic mean 

It is important to note that one cannot simply use an arithmetic mean to calculate the average speed 

value at each gantry for the whole vehicle flow. Indeed, using an arithmetic mean to calculate the 

mean speed value from the whole vehicle flow at one gantry would result in overestimating the 

mean speed of the vehicles, in which faster vehicles would increase the mean speed at that particular 

location in the network (Knoop et al., 2004). Since the goal is to calculate travel time values in the 

network over time, one needs to measure the space-mean speed in each section of the network, 

using the harmonic mean to calculate the mean speed value, as opposed to the time-mean speed i.e. 

arithmetic mean speed (Ferger, 1931). In other words, the choice of units needs to be constant.  

Using the time-mean speed (arithmetic mean) will result in a wrongful interpretation of the traffic 

characteristics of the network, unlike using the harmonic mean to calculate the space-mean speed 

(Knoop et al., 2004). Moreover, in the case of averaging rates, such as average speeds, the use 

harmonic mean is much preferred to retrieve the actual space-mean speed from the whole vehicle 

flow in each of the different sections of the network (Ferger, 1931). In brief, using the arithmetic 

mean to measure the mean speed of the total traffic going through a point in the system would lead 

to inconsistent results and lead to false interpretations (Cassidy and Coifman, 1997).  

Hence, the harmonic mean has been used to calculate the mean speed of the total flow of vehicles at 

each gantry’s location. The equation is: 
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where HA is the mean harmonic value of N vehicles at detector x, ∑ ���
�  the inverse sum of all 

individual vehicle speeds through this section of the network ( adapted from Zhang et al., 1999). 

Calculating the harmonic mean speed value was done for each of the 28 MCS detectors sites in the 

network.  

6.2.2.5 Calculating the desired-speed distribution of the network 

The desired speed distribution of a simulation network refers to the desired cruising speed of 

vehicles when no obstacles impede their movement. The desired speed distribution was calculated 

by calculating the free-flow speeds met at each of the28 gantries of the network from 12:00 to 13:00 

on 23 March 2010, every minute. This results in a distribution of the desired speed values met by the 

whole range of vehicles that passed during that time period. This distribution is assumed to reflect 

the desired speed distribution of all vehicles on any given normal weekday.  

6.2.2.6 Vehicle composition 

The MCS data retrieved from the SRA gave no indication of the vehicle composition that was found 

on 23 March 2010. To estimate the composition of the traffic, a simplified version of the vehicle 

composition in Albania Nissan’s work (Nissan, 2009) was used and confirmed by two 15-minute first-

hand observations made on March 15, 2011, from 7.30 to 8.00. Since the work by Nissan involved 

the use of a stretch of the same motorway in Stockholm but slightly further south, it has been 

assumed that the vehicle composition of the data in this study would not be significantly different a 

year later.  To simplify matters, only two different vehicles types were examined; cars and HGV’s, 

where the HGV class also included buses and light trucks.  

6.2.2.7 Diving behaviour and car-following model 

The Wiedemann 99 car-following model was used to set the driving behaviour variables in this 

model. The Weidemann 99 model has been validated in Germany for motorway conditions (VISSIM 

User’s guide, 2010). This model contains a psycho-physical car-following model for longitudinal 

vehicle movement and a rule-based algorithm for lateral movements (VISSIM User’s Guide, 2010). 

The psycho-physical part of the model refers to the fact that the psychological aspects of a driver and 

the physiological restrictions of a driver’s perception are applicable. In brief, the model is based on 

the assumption that there are four different driving modes that a driver can take (VISSIM User’s 

Guide, 2010): 

- Free driving: No influence from preceding vehicles can be observed. A driver seeks to reach 

and maintain his desired speed; 

- Approaching: Situation in which a driver’s own speed is affected by the vehicle directly 

preceding his, which is moving at a slower speed. While approaching the preceding vehicle, a 

driver decelerates until the speed difference with the preceding vehicle reaches zero; 

- Following: Situation in which a vehicle following another one is moving at the same speed, 

meaning no conscious measures are taken to accelerate or decelerate; 

- Braking: Application of medium or high deceleration rates if the safety distance from a 

vehicle to its preceding one is below the desired safety distance.  
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Figure 6: The car-following model that was used in this study is the Wiedemann 99 model. The values of the variables 

were unchanged. The freeway “road rule” was used in this network.  

For each mode, the acceleration and deceleration of a vehicle is set as the function of speed, speed 

difference, distance and individual characteristics of drivers and vehicles.  The parameter values were 

unchanged from the default ones in this study (figure 6). Because the values of these parameters 

directly affect the vehicle interaction and can have a great impact on simulation results, and because 

changing these values would require great monitoring and assessment, they were kept unchanged. 

Moreover, from a visual inspection of the network and from reviewing results, there was little 

indication that the car-following model needed to be modified. 

6.2.2.8 Estimating travel demand 

Travel demand had to be estimated for the two different traffic scenarios. In the case of the free-flow 

scenario, the actual MCS vehicle flows were used as the actual travel demand met between 12.00 

and 13.00 on 23 March 2010. Under free-flow conditions, vehicles are said to be moving freely, in the 

sense that they can drive at their desired speed, hence meaning that the MCS vehicle counts are a 

good approximation of the actual travel demand. In the case of the congestion model, the travel 

demand required some work to provide a reasonable estimate. The vehicles under congestion 

conditions are not moving at their desired speed due mainly to the travel demand being higher than 

road capacity. In this case, the MCS data vehicle flow values reflect the number of vehicles passing 

through the system at various points at a speed less than the individual desired speeds.  

Unfortunately, there were no MCS detectors further upstream that recorded free-moving traffic 

during morning peak-hour. It was therefore not possible to estimate travel demand from the MCS 

data directly. It had to be estimated using a process of trial and error. This was done by running 
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simulations with increasing proportions of traffic volumes above capacity until the vehicle counts, as 

well as the average speed values reflected the observed values from the MCS data to an acceptable 

level.  

6.2.2.9 Turning fractions and calculating vehicle flows 

The MCS data from the SRA was used to calculate the turning fractions and the vehicle flows for each 

of the two scenarios. Turning fractions refer to the proportion of vehicles choosing each different 

route at the three different routing decision spots in the network (see figure 2 for reference). Since 

the MCS data did not contain an Origin-Destination matrix (i.e., OD matrix), the traffic flows were not 

assigned for every different route. Vehicle flows were calculated for each entry in the system (5 on 

ramps, plus the two motorway branches); turning fractions were calculated by measuring the 

difference between upstream and downstream vehicle flows at each on ramp. Turning fractions and 

traffic flows were calculated at every 15-minute interval.  

6.2.3 VALIDATION 

The validation of the simulation platform was done using several statistical analysis methods, namely 

Theil’s inequality coefficient, and a calculation of absolute and percent error terms. Average speed 

and vehicle flows were used to validate the model. The determination of the number of replications 

needed to validate the model was estimated using another measure of effectiveness (MOE), the 

actual travel time values calculated by VISSIM for a particular route through the network. 

6.2.3.1 Theil’s inequality coefficient 

Other goodness-of-fit measures were also used to validate the simulation platform. These include 

Theil’s inequality coefficient, which was performed on average speed values and vehicle counts for 

all MCS detectors in the system: 

� � �1� ∑ ����
� � ����������
�1� ∑ ����
������ � �1� ∑ �����������

 

 where “U” denotes Theil’s inequality coefficient and is bounded, 0 ≤ U ≤ 1 (Toledo & Koutsopoulos, 

2004; Bliemel, 1973). A value of 0 is an ideal forecast while 1 corresponds to perfect inequality or 

negative proportionality between the actual and predicted values (Leuthold, 1975). Theil’s inequality 

coefficient can be further deconstructed into 3 components (Toledo & Koutsopoulos, 2004; Ahmed, 

1999): 
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Where each equation represents a different error component, and UM + US + UC = 1. UM represents 

the biased proportion of the total U, which reflects the systematic error of the model. US represents 

the variance proportion of the simulation model; the lower the value, the better the variability of the 

observed data, or its fluctuation, is preserved. These two proportions should be as small as possible 

to create a good simulation model (Toledo & Koutsopoulos, 2004). UC represents the rest of the 

value, the unsystematic covariance error, which is the remaining error after the deviations from the 

average values have been accounted for, and should be relatively close to unity (Ahmed, 1999).  

6.2.3.2 Absolute and percent error terms 

Moreover, other goodness of fit measures such as absolute and percent errors can help to evaluate 

the performance of a simulation model. Such measures include the root-mean-square error (RMSE), 

the root-mean-square percent error (RMSPE), the mean error (RME) and the mean percent error 

(RMPE) (Toledo & Koutsopoulos, 2004; Ahmed, 1999): 
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��  
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Where Yn
sim and Yn

obs represent simulated and observed measurements at space-time point n, 

respectively, and N is the sample size. These statistics quantify the overall error of the simulation 

model, at the spatial and temporal levels of error distribution. ME and MPE indicate the existence of 

systematic under- and over-prediction in the simulated measurements (Toledo & Koutsopoulos, 

2004). RMSE and RMSPE penalise large errors at a higher rate relative to small errors, while RMSE 

does so in the same units as the variable being examined (Ahmed, 1999). MPE indicates structural 

bias (van Lint & Hoogendoorn, 2010).  

In essence, by using Theil’s inequality coefficient and absolute and percent error functions, the goal 

of building a good simulation model is to preserve the variability of the observed data, while avoiding 

systematic error as much as possible, and to create a model that should be able to replicable results 

when using another set of data.  

6.2.3.3 Assessing the number of replications needed to validate the model 

The microsimulations that were created using VISSIM are stochastic, Monte Carlo-types of 

simulations (class notes, 2010), which means that the output from one simulation might be different 
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from another one (Ahmed, 1999). For example, decisions such as route and lane choices are the 

result of random draws from certain distributions which will give different output values (Burghout, 

2011). These sources of randomness are used to represent the diversity of real-life characteristics 

(Burghout, 2011); however, their output in simulation models needs to assessed, and the most 

common way to do this is to create many different replications of the same model. 

In this study, the incremental approach to calculating the number of replications required to validate 

a model was used, as presented by Burghout (2011): 

Make an initial number of two replications, and calculate the estimates of the mean and of its 

standard deviation; 

Decide on the size of the allowable percentage error + �  ,-����. // , 
Calculate the adjusted percentage error +0 �  121 

Decide the level of significance α 

Re-calculate the values of the mean and its standard deviation 

Calculate the half-length of the confidence interval 3�4, 6� �  7�.,.8/���:����  

Carry on until  
;��,8�<- ����������< = +>, meaning that the estimator of the mean can be considered an unbiased 

point estimator of the real mean μ. 

 To do this, a measure of effectiveness (MOE) was chosen, the actual travel time values by VISSIM for 

a particular route. A confidence interval was constructed to obtain an estimate of the mean for this 

MOE using the Student t-test (Kelijnen, 1995; Burghout, 2011):  

?��4� � 7�.,.8/�@&��4�4  

where  ?��4� denotes the estimate of the real mean μ from n simulations, &��4�, the estimate of 

sigma (σ) from n simulations, and 7�.,.8/� the critical value of the t-test for n-1 degrees of freedom 

and significance α. 

Hence, the number of replication needed for each different traffic model (free-flow and morning 

peak congestion) was done using the incremental method. By running two simulations initially, one 

can get a first crude estimate of the mean and standard deviation. By iterating the process, one 

finally finds the minimum number of replications needed for error term to fall into the confidence 

interval that has been set.  
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6.3  SENSITIVITY ANALYSIS:  COMPARING TRAVEL TIME PREDICTIONS 

FROM PROBE VEHICLES AND MCS DETECTORS TO ACTUAL TRAVEL 

TIME VALUES 

The second part of the project involves a sensitivity analysis of travel time predictions from two 

different traffic data sources, probe vehicles and MCS detectors. Travel time predictions from the 

two sources are compared to the actual travel time values calculated directly from the microscopic 

simulation software, VISSIM, to be able to quantify and assess the quality of the travel time 

predictions. This section explains how the sensitivity analysis was performed.  

6.3.1 CALCULATING ACTUAL TRAVEL TIME VALUES FROM VISSIM 

The first step was to define a certain route from which travel times would be calculated (figure 7). 

Only one route was chosen. Since the goal of the project is to evaluate the quality of travel time 

predictions from probe vehicles and MCS detectors by comparing with the actual travel times 

calculated from VISSIM, it was not deemed necessary to perform the same calculations for any 

another potential route in the system to be able to evaluate and compare the two different traffic 

data collection systems. 

The travel time route that was chosen traverses the whole network, from bottom to top, and is 6082 

m long (figures 7 & 8). It starts in the E4 motorway and joins up with the E75W in the South of the 

network, ending at the end of off ramp 5, which exits towards Tomteboda. In other words, the travel 

time route starts directly at the front of the #51085 MCS detector and ends at the end of off ramp 5, 

which is 293 metres long in the simulation model, after going through gantry #57010.  This travel 

route has 22 MCS-detector stations (six that were modelled in the network were not used to 

calculate the travel times for this route). These include three on the E75W motorway branch 

(#0005,0310 and 0535) and three at the end of the E4N simulated network (#57165, 57320 and 

57430).   

Vehicles completing the whole travel time route have to carry-out at least two different lane changes 

to reach the exit at off ramp 5. A vehicle starting on the E4N motorway branch will end on one of the 

two right-hand side lanes once the motorway joins up with the E75W. Around the tunnel, the 

motorway lanes shrink to only three; to reach the exit at off ramp 5, a vehicle must be moving in the 

lane on the outmost left.  
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Figure 7: Illustration of the route that was chosen to calculate travel time values, with a pictogram showing a simplified view of the system. 

The length of the route is 6081m; it starts on the E4N motorway branch, and ends at off ramp 5 exiting towards Tomteboda. 
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Figure 8: Figure showing the length of the travel time route that was evaluated in this study. 

Actual travel time values were calculated every 10 seconds. Actual travel time values were updated 

every 60 seconds, but only the travel time values recorded in the last 20 seconds of each minute 

were kept. The idea is to use the last, “freshest” actual travel time values calculated every minute 

after they were completed, and compare those with the predicted ones from the MCS detectors and 

the probe vehicles. This was done for both scenarios, free-flow and morning congestion. Average 

travel time values were calculated for every 15-minute period; 1-minute travel time values were 

aggregated every 15 minutes. 

6.3.2 TRAVEL TIME PREDICTIONS FROM MCS DETECTORS 

Travel time predictions from MCS detectors were estimated by calculating travel time values from 

each individual segment with an MCS detector in the middle representing the approximate average 

speed for the whole segment. The network has 28 MCS detectors (i.e. gantries 51085 to 57430, plus 

gantries 0005, 0310 and 0535). Each detector has a specific location within the network, and the 

distance between each consecutive detector station is known (approximately 200 metres).  

The idea is that, by dividing the network into segments, where each MCS detector is located in the 

middle of each segment, one can approximate travel times for the entire route: 
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where the total predicted travel time from MCS detectors is a function of the sum of each segment d 

and of its related harmonic mean speed s, for every gantry n, at a specified time interval t of 900 

seconds (i.e. 15 minutes). In other words, by knowing the length of each road segment (where the 

extent of each segment is determined as the middle point between two consecutive MCS detectors), 

and by calculating the mean harmonic speed, one can calculate the travel time values for each 

segment. The total travel time value of a given route is then the sum of the travel times of each 

segment in the network. 

The harmonic mean was used to calculate the space-mean speed of the vehicle flow, to correctly 

calculate the travel time values of each segment (see previous section 5.1.2). Hence, the network 

was divided by finding the middle point between each consecutive detector, and calculating the total 

length of each segment, including the connectors joining each link, and calculating the mean speed of 

the vehicle flow through each segment (figure 9). The travel time section is identical to the one used 

to calculate VISSIM actual travel times.  

Travel time predictions were made for three types of scenarios, for each of the two traffic models. 

The first scenario involved the use of 22 detectors in the network; the second one only had six 

detectors, spaced every kilometre; the third scenario had only one MCS detector in the whole 

network. 28 MCS detectors were modelled in the simulated network, but only 22 are needed to 

calculate travel times from the particular route that was chosen. Six of them are not necessary, since 

three are on the E75W, and three more at the end of the E4N network, which are not part of the 

travel time route. This was done to evaluate the effects of having less MCS detectors in the network 

on the quality of the travel time predictions. 

 

Figure 9: Schematic of how predicted travel times from MCS detectors are calculated in a conjectural situation. The car 

symbols each represent a certain amount of vehicles (e.g., four vehicles stacked on top of one another represents a flow 

of 4000 vehicles). Each black marking represents the location of a MCS detector, which is at the middle of each segment 

(represented by the blue markings). Each segment and its length is represented by the blue line. The flow along the 

motorway changes depending on how many vehicles enter or leave the system. Each MCS detector records the average 

speed of all vehicles passing through it, and by knowing the length of the distance of each segment, one can calculate the 

travel time of the whole system by aggregating individual travel time values from each segment. 
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6.3.3 TRAVEL TIME PREDICTIONS FROM PROBE VEHICLES 

A similar procedure as the one described above for MCS detectors was used to calculate travel times 

from probe vehicles. Essentially, probe vehicles collect information about their speed and their 

location in a network at a defined sampling rate. Depending on the sampling and penetration rates, 

sample points are retrieved from the segments of the network that the probe vehicles traverse. 

Hence, the average speed in each segment will be determined from the specific number of sample 

points that were collected from the probe vehicles.  

 

Figure 10: Illustration of how traffic information can be collected from probe data.  

A probe vehicle collects traffic information about its average speed and its location in the network at 

a given sampling rate (figure 10). A sample point is represented by an orange “x”. A probe vehicle 

would then collect traffic data from its movement through the network, and the number of sample 

points (“x’s”) that would be taken are a function of the sampling rate (e.g., every 5 seconds, or every 

60 seconds). Two “x’s” close to one another and two “x’s” farther apart from one another indicate 

fluctuating vehicle speed, inferred to be slower and faster, respectively. Hence, the number of 

sample points taken in each travel time segment is a function of the relative speed of a vehicle; if the 

average speed of a vehicle is slower in a certain road segment than in the previous one, the number 

of sample points taken is then inferred to be higher in the latter road segment.  

In other words,  
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where the total predicted travel time from probe vehicles for time period t is the function of the sum 

of each segment d and the arithmetic mean speed value #W at gantry n, where #W is calculated from 

each sample point i from each vehicle j in gantry section n.  

Please note that using the arithmetic mean here is allowed, since the space-mean speed is calculated 

from having sample points taken at many different spots in each segment. In the event that no 

sample points have been taken in a segment, the historical average speed calculated in the last 

preceding segment will be used to calculate the travel times in the segment with no sample points.  
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Three different levels of penetration and sampling rates were investigated in this study, to evaluate 

their effects on the quality of travel time predictions (see table in figure 11). 

  Penetration rate (% of total vehicles in network) 

5 2 1 

Sampling rate (in 

seconds) 

5 Matrix YECC I	CZE# �  |\�*DEFGH7EF 7D	IEC 7GJE� 	H7Z	C 7D	IEC 7GJE�| 30 

60 
Table 11: Matrix of varying penetration and sampling rates to evaluate their effects on travel time predictions. Here, nine 

different alternatives were looked at(e.g., 5% of the vehicles are probe vehicles, sampling data every 30 seconds). This 

was done for the two different traffic models, free-flow and morning peak congestion.  

Due to the considerable amount of time needed to run the simulations, and process the output 

values, only three levels for each attribute were calculated. The values decided on were not chosen 

at random. MCS detectors sample data every 60 seconds, hence its use here; penetration rates of 1, 

2 and 5% were also used by other authors (Kesting & Treiber, 2010).    

The actual matrix values that are retrieved represent the difference between the predicted travel 

times at defined sampling and penetration rates, minus the actual travel times calculated by VISSIM 

(figure 11).  The goal is to discover what effects penetration and sampling have on the quality of the 

predicted travel times by probe vehicles.   
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7 SIMULATION PLATFORM RESULTS 
Here the results generated from the two traffic models (free-flow and morning peak congestion) are 

presented. An attempt was made to create the best simulation models for the observed values from 

the 23 March 2010, with a reasonable time limit. First the values that are pertinent to the two 

models are presented, and thereafter the calibration and validation applied to both simulation 

models separately. ´The calibration and validation of the two traffic models was performed using the 

same time units, i.e., the average values of each variable every 15 minutes. Since the sensitivity 

analysis that follows this section was carried out using 15-minutes intervals, the same units are used 

to show calibration and validation results. 

7.1 RESULTS PERTINENT TO BOTH TRAFFIC MODELS 

7.1.1 DESIRED SPEED DISTRIBUTION 

 

Figure 12: Desired-speed distribution that was calculated in this study. The calculations were done using the MCS data 

from the SRA using 1-minute average speed values at every gantry of the network, from 12.00 to 13.00, on 23 March 

2010.   

The desired speed distribution was built from the MCS data from 12.00 to 13.00 on 23 March 2010 

(figure 12). MCS data from the SRA is aggregated at the 1-minute level; of the values from the MCS 

detector stations were used to calculate the desired speed distribution. From the desired-speed 

graph, one can see that the 50th percentile is 75 km/h, while the mean average speed of the vehicles 

was 76 km/h. The distribution is slightly positively skewed. The vehicles in the network are travelling 

above the speed limit of 70 km/h. The data suggests that the slower moving vehicles averaged 57 

km/h, while faster vehicles averaged 91 km/h.  
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7.1.2 VEHICLE COMPOSITION

Figure 13: Vehicle composition of the network. The values are based

(Nissan, 2009) which involved the use of a consecutive stretch of the same motorway,

counts made on 15 March 2011.   

As said before, this study used a simplified vehicl

trucks and HGV’s were put into the same category. These values are based on Albania Nissan’s work 

(Nissan, 2009) and on first-hand observations made on March 15 2011, between 7.30 and 8.00. 

7.1.3 DETERMINING THE NUMBER OF REPLICATIONS NEEDED

To find the number of replication

number of replications suggested by Burghout was used (see previous section, 

estimates of sample mean 

number replications, which was two to start with. The size of the initial allowable percentage error 

was set to 10%. The level of significance 

time values calculated by VISSIM.

In short, it was found that the free

under the confidence interval α

nonetheless. For the congestion model, 10 replications were required.

7.2  CALIBRATION OF THE 

In this section the calibration of the free

the simulated values match the observed ones.

inequality coefficient and absolute and percent errors in the model. These statistics were performed 

on the vehicle counts and the average speed values found throughout the network; the number of 

replications needed was examined using the VISSIM

effectiveness. 

Simulated flows were plotted against observed flows (figures 

speeds against observed ones (figure 

are the turning fractions used for routing decisions found in the network:

Vehicle composition of the network
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VEHICLE COMPOSITION 

 

: Vehicle composition of the network. The values are based on a simplified version of Albania Nissan’s work 

(Nissan, 2009) which involved the use of a consecutive stretch of the same motorway, and by two first

As said before, this study used a simplified vehicle composition for the network, where all buses, light 

trucks and HGV’s were put into the same category. These values are based on Albania Nissan’s work 

hand observations made on March 15 2011, between 7.30 and 8.00. 

UMBER OF REPLICATIONS NEEDED 

To find the number of replications required for each traffic model, the incremental approach to the 

number of replications suggested by Burghout was used (see previous section, 

and the standard deviation S
2
(n) were calculated, where 

number replications, which was two to start with. The size of the initial allowable percentage error 

was set to 10%. The level of significance α was set to 0.05. The MOE that was used 

time values calculated by VISSIM. 

In short, it was found that the free-flow model needed 9 replications for the sample mean 

under the confidence interval α= 0.05. 10 replications were made for the free

the congestion model, 10 replications were required.  

CALIBRATION OF THE FREE-FLOW MODEL 

In this section the calibration of the free-flow model is explained. These include examining how well 

the simulated values match the observed ones. The validation section involves

inequality coefficient and absolute and percent errors in the model. These statistics were performed 

on the vehicle counts and the average speed values found throughout the network; the number of 

s examined using the VISSIM-calculated travel time values, as a measure of 

Simulated flows were plotted against observed flows (figures 15 & 16), as well as simulated average 

speeds against observed ones (figure 21). A one-to-one match would indicate a perfect match. 

are the turning fractions used for routing decisions found in the network: 

9%

91%

Vehicle composition of the network

HGVs and busses cars

on a simplified version of Albania Nissan’s work 

and by two first-hand 15-minute 

the network, where all buses, light 

trucks and HGV’s were put into the same category. These values are based on Albania Nissan’s work 

hand observations made on March 15 2011, between 7.30 and 8.00.  

required for each traffic model, the incremental approach to the 

number of replications suggested by Burghout was used (see previous section, 5.1.3). Initial crude 

were calculated, where n is the 

number replications, which was two to start with. The size of the initial allowable percentage error 

The MOE that was used is the actual travel 

flow model needed 9 replications for the sample mean  to fit 

5. 10 replications were made for the free-flow model 

flow model is explained. These include examining how well 

involves looking into Theil’s 

inequality coefficient and absolute and percent errors in the model. These statistics were performed 

on the vehicle counts and the average speed values found throughout the network; the number of 

calculated travel time values, as a measure of 

, as well as simulated average 

indicate a perfect match. Below 
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Table 14: Routing decisions for the free-flow model 

  12.00 to 12.15 12.15 to 12.30 12.30 to 12.45 12.45 to 13.00 

Routing 

decision 1 

Stay on motorway 0.96 0.92 0.95 0.96 

Off ramp 1 0.04 0.08 0.05 0.04 

Routing 

decision 2 

Stay on motorway 0.67 0.67 0.67 0.66 

Off ramp 2 0.07 0.07 0.09 0.12 

Off ramp 3 0.13 0.13 0.12 0.11 

Off ramp 4 0.13 0.13 0.12 0.11 

Routing 

decision 3 

Stay on motorway 0.79 0.79 0.77 0.85 

Off ramp 5 0.21 0.21 0.23 0.15 
Table 14: Routing decisions for the free-flow model. These are based on the flow volumes that were derived from the 

MCS data. One can see that the turning fractions are relatively constant throughout the hour.  

The routing decisions in the free-flow model were calculated for every 15-minute period. These are 

relatively constant throughout the whole hour (Table 14). The turning fractions are based on the MCS 

data. The network has three different locations where vehicles can take an off ramp to exit the 

system. The second routing decision has four possible routes (three off ramps) before the next on 

ramp is encountered in the system. There are no gantries (MCS detector stations) between off ramp 

3 and 4; each off ramp was given the same number of vehicles coming out of the system (i.e. the 

difference between the vehicle counts between the gantry upstream and the one downstream was 

divided equally to calculate the turning fractions). 

 

Figure 15: Graph plotting simulated flows against observed flows. Each series represents a different 15-minute time 

period. The data shows very little scatter. 
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Figure 16: Graph similar to the one above, except that the 15-minute time series have been aggregated together. 

The graphs above show that the free-flow model is relatively well calibrated, as far as vehicle flows 

are concerned (figures 15 & 16). The data shows very little scatter, meaning that the simulated flows 

plotted against the observed flows represent a good one-to-one relationship. The R-squared value is 

relatively good; 97% of the variance in the simulated values is explained by the model. 
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The above figures show the speed curves at four different MCS-detector stations throughout the network, averaged 

every 15 minutes (figures 17 to 20). The blue curves show the observed speed variations from the observed data (i.e. 

The SRA’s MCS data), and the red curves show the speed variations of the simulated values. The observed and 

simulated speed values throughout the network ranged between 70 and 75 km/h in the majority of cases. 

Gantry 51895, for example, shows that the simulated mean harmonic speed steadily decreases over time for the first 

three quarters, as is seen in the observed data. It should be mentioned as well that the speed difference between 

the two sets of data is only 3 km/h at its greatest discrepancy. The simulated data from gantry 55030 is very close to 

the observed data; however, the speed drop seen in the observed data is not present in the simulated data. This 

speed drop in the observed data is perhaps due to a local event that cannot be reproduced in the simulated data. 

The mean speed values in gantries 52745 and 57010 show the exact opposite relationship between the simulated 

and observed data. In the former example, observed speed values are 10 km/h higher than those from the simulated 

data. In the latter case, simulated speeds are higher by ~4 km/h than the observed data.  

 

Figures 17 to 20: Graphs showing the mean harmonic speed variations at several MCS-detector stations found throughout the network. The 

gantries shown were chosen at random. The free-flow model was an hour long and subdivided into four 15-minute intervals. The simulated 

speed curves do not necessarily follow identical patterns to the curves found in the observed data. They have, however, very close average 

speed values, in most cases within a 5 km/h difference. 
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Figure 21: Plot of simulated speeds as a function of the observed speeds. The simulated values do not form a perfect one-

to-match with the observed values. However, their relative values are very close to the observed values, usually within 5 

km/h. The simulated speed values have been calculated as mean harmonic values.  

When looking at a one-to-one plot of the simulated speed values as a function of the observed ones, 

one can see that the simulated speed values do not show exactly the same variation in speed as the 

observed data (figure 21). One possible explanation of this discrepancy is that the road geometry of 

the network plays a role in modifying speed and that this is not represented in the simulated 

network. Indeed, when looking at the data in depth, one can observed a sudden 10 km/h jump in 

speed between gantries 52535 to 53590, up to average speeds above 80 km/h. On the other hand, 

desired speeds are much lower at the beginning of the network, between gantries 51085 and 52220. 

In both cases, the road geometry seems a plausible explanation for the speed differences between 

the two sets of data.  

For the purpose of this study, which was to create a simulation platform that adequately portrayed 

the observed data from 23 March 2010, the simulated speeds found in the free-flow model were 

thought to sufficiently re-create well the observed speeds from the MCS data. This is especially true 

when one looks at the validations values for the speeds from the free-flow model in the section.
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7.3 VALIDATION OF THE FREE-FLOW MODEL 

Several validation methods were used to validate the free-flow model, namely Theil’s inequality 

coefficient and absolute and percent errors. The number of replications needed to validate the 

model was based on the incremental method suggested by Burghout (2011), which is explained in 

section 5.1.3, and the results are shown in section 6). 

Theil’s inequality coefficient and absolute and percent errors 

Table 22: Validation results for the free-flow model using Theil’s inequality coefficient and error 

terms 

 Vehicle counts 

(veh/15 min) 

Speed 

(km/h) 

U 0,029 0,037 

UM 1,97 E-05 2,04 E-07 

US 2,91 E-04 0,328 

UC 0,996 0,669 

UM + US + UC 0,996 0,997 

RMSE 47,5 5,44 

ME -11,8 -0,019 

MPE (%) -0,02 -0,01 

RMSPE (%) 0,06 0,08 

Figure 22: Validation values gathered for the free-flow model. “U” is Theil’s inequality coefficient value, and U
M

, U
S
 and 

U
C
 are breakdown values of its error. These are bias, variance and covariance proportions, respectively. RMSE and ME 

are absolute error terms given in the same units (“ground-truth values”, as they are called in Thiagarajan et al., 2009) as 

the variables vehicle counts and speed. RMSPE and MPE are their respective percent notations.  

The “U” value for each variable is very small; this indicates that the model matches the observed 

data well (i.e. by being very close to 0), as opposed to showing perfect negative inequality (i.e. a 

value of 1). Moreover, their respective proportions of inequality (UM, US and UC) reflect the fact that 

the variables have very small bias and good ability to replicate the fluctuation found in the observed 

data (Toledo & Koutsopoulos, 2004). Moreover, the small values of MPE for both variables being 

validated show very little structural bias (van Lint, 2010). RMSE and RMSPE show, for both variables, 

the error in terms of each variable’s units and the total percentage error. From the RMSPE values for 

each variable, one can see that the values for vehicle counts and speed are small (6 and 8%, 

respectively); these indicate that the total percentage error of the model is relatively small.  

In brief, the different validation results show that the free-flow model satisfactorily reflects the 

variability found in the observed data, for both vehicle counts and speed values. The validation 

values show that the model fits the observed data well, in terms of very small U values, and small 

absolute and percent errors, for both variables. The model has therefore been confirmed to be 

adequate for a sensitivity analysis of travel time predictions.   

7.4  CALIBRATION OF THE CONGESTION MODEL 

The different graphs that were made to verify the calibration of the congestion model are presented 

in this section. The model was built to reflect the traffic conditions that would have been met on 23 

March 2010 between 7.30 and 9.30. To do this, “reduced speed areas” were used at the beginning of 

the network to force the vehicle flow to slow down to the speed values that were observed in the 
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MCS data ( a speed of approx. 30 km/h), as would have been indicated by the MCS detectors in 

reality.  

In reality, the bottleneck that forms on the motorway occurs some distance further downstream on 

the E4 motorway in Stockholm and not in the motorway section that was modelled. After many 

failed attempts, it was not possible to create a “fictive” bottleneck in the simulated network that 

would reproduce the observed traffic conditions that are met in reality.  

The use of “reduced area areas”, to force vehicles to slow down to 30 km/h, was the best 

compromise to simulate observed data in the model. The goal of this project was to build a 

congestion model that would depict the traffic conditions that would have been found on 23 March 

2010, as well as to preserve as closely as possible the variability in the observed data that was found 

on that day. This was done without having to resort to verifying whether other data from other days 

would also be replicated by this congestion model. 
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Table 23: Turning fractions for the congestion model 

 

 

The routing decisions for the congestion model are slightly different from those found in the free-flow model (table 23). More vehicles come out of the 

system at routing decisions points 1 and 3. Indeed, in the congestion model, routing decision 3 has an average proportion of vehicles coming out of the 

system through on ramp 5 of 32%, whereas the free-flow model value is 20% (table 14). Moreover, routing choices change slightly over time, especially for 

routing decision 1, whereas such change does not seem to occur in the free-flow model.

  7.30 to 7.45 7.45 to 8.00 8.00 to 8.15 8.15 to 8.30 8.30 to 8.45 8.45 to 9.00 9.00 to 9.15 9.15 to 9.30 

Routing 

decision 1 

Stay on 

motorway 

0.86 0.77 0.83 0.79 0.83 0.82 0.73 0.85 

Off ramp 1 0.1 0.23 0.17 0.21 0.17 0.18 0.27 0.15 

 

Routing 

decision 2 

Stay on 

motorway 

0.55 0.63 0.62 0.56 0.62 0.49 0.52 0.75 

Off ramp 2 0.11 0.09 0 0.06 0.04 0.07 0.08 0.07 

Off ramp 3 0.17 0.14 0.19 0.19 0.17 0.2 0.2 0.09 

Off ramp 4 0.17 0.14 0.19 0.19 0.17 0.2 0.2 0.09 

 

Routing 

decision 3 

Stay on 

motorway 

0.66 0.65 0.62 0.68 0.67 0.74 0.72 0.73 

Off ramp 5 0.34 0.35 0.38 0.32 0.33 0.26 0.28 0.27 
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Figure 1: Diagram plotting simulated flows as a function of observed flows for the congestion model. The one-to-one 

relationship seems to be well established, although the discrepancies are slightly larger than in the free-flow model.  

 

Figure 25: Graph similar to the one above, except that the different time periods have been aggregated together. The R-

squared value shows that 91% of the variance in the simulated values is explained by the model.  

 

0

200

400

600

800

1000

1200

1400

1600

1800

2000

0 500 1000 1500 2000

S
im

u
la

te
d

 f
lo

w
s

(v
e

h
/1

5
 m

in
)

Observed flows (veh/15 min)

Free-flow model calibration of the vehicle 

flows

7.30 to 7.45

7.45 to 8.00

8.00 to 8.15

8.15 to 8.30

8.30 to 8.45

8.45 to 9.00

9.00 to 9.15

9.15 to 9.30

y = 1,0473x + 68,945

R² = 0,9111

0

200

400

600

800

1000

1200

1400

1600

1800

-200 300 800 1300 1800

S
im

u
la

te
d

 f
lo

w
s 

(v
e

h
/1

5
 m

in
)

Observed flows (veh/ 15 min)

Free-flow model calibration of the vehicle 

flows

Series1

Linear (Series1)



43 

 

The one-to-one relationship of the simulated flows as a function of the observed flows from the MCS 

data shows, that the relationship is relatively well preserved (figures 24 & 25). The data is relatively 

more scattered than in the free-flow model, although a relatively good linear relationship can still be 

established. The R-squared value suggests that 91% of the variance in the simulated values can be 

explained by the model.  

 
Figures 26 to 29: Speed curves over time for a selected number of MCS detector stations throughout the network. The 

match is relatively good, although the speed drops and increases seen in the observed data are not necessarily present in 

the simulated data. The red curves show the values for the simulated speed data, and the blue curves, the observed 

speed data. The simulated speed data is based on mean harmonic averages for 15-minute intervals. 

 

The above figures show the speed curves over time for various MCS detector stations, at 15-minute 

intervals (figures 26 to 29). The simulated speed values seem to correspond within 5 km/h to the 

observed values. The simulated values in MCS detector station 51370 show the same speed increases 

as seen in the observed data, in the last quarters of the second hour. The simulated speed curve at 
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MCS detector station 52220 is within 5 km/h of that from observed data; however, the small speed 

drops observed in some quarters do not seem to be replicated in the simulated data. Moreover, the 

speed increase in the last quarter is not replicated by the simulated data. Simulated data at MCS 

detector station 54630 almost matches that of the observed data. Simulated speeds at MCS detector 

station 56165 are slightly above those from the observed data.  

 

Figure 30: One-to-one plot of the simulated speed values as a function of the observed flows. The simulated speeds have 

been calculated as harmonic mean speeds. The data is relatively scattered, but the largest discrepancies are usually less 

than 10 km/h.  

The one-to-one relationship of the simulated and observed harmonic mean speed values can be 

seen, despite the rather large scatter of data (figure 30). One can note that the speed values are very 

small (between ~10 and 45 km/h); the discrepancy between the simulated and observed mean speed 

values is usually around 5 km/h (where simulated speeds are inferred to be higher than the observed 

ones), but can be as high as 10 km/h. It should be noted that it is relatively difficult to attain an exact 

one-to-one match under congestion conditions; modifying the car-following model parameters could 

have perhaps helped to attain a better match between simulated and observed values.   
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7.5  VALIDATION OF THE CONGESTION MODEL 

Here are presented the validation results of the congestion model.  

Table 31: Validation results for the congestion model 

 Vehicle counts 
 (veh / 15 min) 

Speed 
(km/h) 

U 0,054 0,006 

UM 0,139 0,033 

US 0,012 0,110 

UC 0,853 0,862 

UM + US + UC 1,004 1,004 

RMSE 111 6 

ME 41 1 

MPE (%) 0,05 0,08 

RMSPE (%) 0,22 0,28 

 

The U vales for each variable are very small: 0.054 and 0.006, respectively (table 31). These suggest 

that the variables are well depicted by the model (Bliemel, 1973). The small UM values indicate small 

bias; the small US values indicate that the model has good variability from the observed data. Hence 

the model is suggested to represent the fluctuation within the observed data relatively well. The UC 

value constitutes the major part of the three proportions of inequality; it has been suggested that a 

simulation model should have this proportion to be as close to one as possible (Toledo and 

Koutsopoulos, 2004).   

The MPE values for both variables are quite small, as shown by the ME value in the units of the 

variables. The mean speed value is said to be within 1 km/h of the true mean value from the 

observed data. The RMSE values show that the systematic error for simulated values are above those 

from the observed data; the vehicle counts are about 110 vehicles too many in general, while the 

speed values are generally 5 km/h greater than what is seen in the observed data. However, the 

RMSPE values for both variables are relatively large, above 20%; these suggest that some MCS 

detectors’ simulated vehicle counts and speeds are quite strongly different from those of the 

observed data.  

All in all, the validation statistics for the congestion model suggest that the simulation model 

preserves the fluctuation seen in the observed data, that the bias in the model is relatively small, and 

that the model depicts relatively well the values of the observed variables.  

 



46 

 

8 SENSITIVITY ANALYSIS: EVALUATING TRAVEL TIME PREDICTIONS 
Here is the second part of the project: examining travel time predictions made by stationary sensors 

(i.e., MCS detectors) and by probe vehicles. These are compared to the actual travel times calculated 

by the simulation models, and in turn are compared with each other.  

MCS travel time predictions are made at three different levels: 

Scenario 1: using 22 MCS detectors in the modelled network; 

Scenario 2: enabling only one MCS detector every one kilometre (hence, six detectors in total); 

Scenario 3: using only one MCS detectors for the whole (gantry #55185). 

The gantries that were used in scenarios 1 and 2 are shown in the table below (table 33). The whole 

simulated network contains 28 MCS detectors; 22 of them were used by the travel time route. The 

length of each MCS segment is also given in the same table for the two first scenarios. Scenario 3, 

where only one gantry is used, has a segment length equal to the total length of the travel time 

route. 

It should be mentioned that for the last scenario (i.e., scenario 3), the results are highly dependent 

upon which detector is used, as average speeds vary along the whole network. In this case, this 

scenario is simply used to illustrate the fact that travel time predictions worsen by decreasing the 

amount of stationary detectors present in the system (see section 8.1). 

Probe vehicle travel time predictions are at nine different levels, which can be summarised in a three 

by three matrix format (table 32): 

Table 32: Format of the probe vehicle travel time matrix 

  Penetration rate (% of total vehicles in 

network) 

5 2 1 

Sampling rate 

(in seconds) 

5 Matrix YECC I	CZE# �  |\�*DEFGH7EF 7D	IEC 7GJE� 	H7Z	C 7D	IEC 7GJE�| 30 
60 

 

where three different levels of values are looked at for penetration and sampling rates. MCS average 

speeds were calculated using the harmonic mean, as mentioned before; 10 replications were 

performed for each of the two models. Travel times are compared in terms of the actual difference 

between actual travel times calculated by VISSIM and travel time predictions from the two different 

data sources. The stance in this study, regarding travel time predictions, will be that travel time 

discrepancies greater than 5% between actual and predicted values will be the threshold for 

determining acceptable travel time predictions. 
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8.1  MCS-based TRAVEL TIME PREDICTIONS 

MCS-based travel time predictions were performed for the two traffic scenarios, free-flow and 

morning peak congestion. Two different predicted travel times values are shown; one using every 

MCS-detector site present in the system (scenario 1), and one using MCS-detector site found every 

kilometre (scenario 2).

 

MCS detector station 

number 

Length of segment (scenario 1) 

(metres) 

Length of segment (scenario 2) 

(metres) 

51085 299 1115 

51370 266 - 

51630 263 - 

51895 287 - 

52220 303 861 

52535 269 - 

52745 290 - 

53120 415 822 

53590 408 - 

53955 313 1049 

54225 330 - 

54630 407 - 

55030 273 - 

55185 169 1159 

55330 164 - 

55505 91 - 

55650 186 - 

55885 276 845 

56165 324 - 

56575 266 - 

56780 254 - 

57010 228 228 

TOTAL 6082 6082 

Table 33: Table showing the length the segments for the two scenarios of MCS- detector station use. Please note that 

only the detector stations which were used to calculate the travel times for the specific route mentioned in the 

methodology are present in the table. The last detector station (57010) represents the length of the simulated off ramp 

5, hence explaining its short length. 

8.1.1 MCS Case 1: Free-flow model 
 Actual TT 

(VISSIM) 

(seconds) 

Predicted 

TT (All 

MCS) 

(seconds) 

\|*DEFGH7EF AA� �H7Z	C AA| 
(seconds) 

|1 �*DEFGH7EF AA ]�H7Z	C AA|   
(%) 

Predicted 

TT (1 MCS 

per km) 

(seconds) 

\|*DEFGH7EF AA� �H7Z	C AA| 
(seconds) 

|1 �*DEFGH7EF AA ]�H7Z	C AA|  
(%) 

12.00 to 

12.15 

311,24 308,04 3,21 1,0 308,05 3,19 1,0 

12.15 to 

12.30 

310,64 308,25 2,42 0,8 315,36 4,69 1,5 

12.30 to 

12.45 

312,05 309,72 2,33 0,7 308,57 3,47 1,1 

12.45 to 

13.00 

308,97 305,50 3,47 1,1 307,21 1,76 0,6 

Average 

hour 

310,73 307,88 2,86 0,9 309,80 3,28 1,1 

Figure 34: MCS predicted travel times compared to actual travel times values calculated by VISSIM for the free-flow 

model. TT is an abbreviation of “travel time”. Two scenarios with different proportions of MCS detectors present in the 

system are used: one where all MCS actually present in the system are used (All MCS) (scenario 1), and one with 

MCS detectors only every kilometre (1 MCS per km) (scenario 2). The travel time discrepancies (^|_`abcdeab ff �gdehij ff|) are given in two units: in seconds and in percent.  
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Predicted travel times for the two scenarios using MCS-data show relatively similar values in the free-

flow simulation (table 34). Both show values that are very close to the actual travel time values 

calculated in the corresponding simulation model. Perhaps it can be assumed that the difference 

between actual and predicted values for scenario 1, where all MCS-detector stations are used, is due 

to a rounding error, stochastic randomness and noise in the simulation network, since it is less than 

one percent for the whole hour. It is assumed that these two values should be equal, since the MCS-

detector stations record the average speed values of every vehicle passage and aggregates this per 

minute.  

It appears that there is no real incentive to use more than one MCS every kilometre to predict travel 

time values through the motorway network that was simulated. Indeed, the difference in travel 

times between the two scenarios for the whole hour is negligible.  

8.1.2 MCS Case 2: Congestion model 
 Actual TT 

(VISSIM) 

(seconds) 

Predicted TT 

(All MCS) 

(seconds) 

\|*DEFGH7EF � �H7Z	C AA|
(seconds) 

|1 �*DEFGH7EF AA ]�H7Z	C AA|  
(%) 

Predicted TT 

(1 MCS per 

km) 

(seconds) 

\|*DEFGH7EF AA� �H7Z	C AA| 
(seconds) 

|1 �*DEFGH7EF AA ]�H7Z	C AA|  
(%) 

7.30 to 7.45 788,80 775,29 13,51 1,7 805,87 17,08 2,2 

7.45 to 8.00 795,71 781,21 14,50 1,8 816,76 21,05 2,6 

8.00 to 8.15 790,11 785,31 4,80 0,6 764,12 25,99 3,3 

8.15 to 8.30 794,27 776,72 17,55 2,2 780,10 14,17 1,8 

8.30 to 8.45 793,74 809,84 16,11 2,0 826,74 33,00 4,2 

8.45 to 9.00 787,61 785,71 1,90 0,2 817,53 29,92 3,8 

9.00 to 9.15 795,46 773,49 21,97 2,8 780,66 14,80 1,9 

9.15 to 9.30 791,98 823,13 31,15 3,9 833,98 42,00 5,3 

Average 1
st

 

hour 

792,22 779,63 12,59 1,6 793,71 19,57 2,5 

Average 2
nd

 

hour 

792,20 798,04 17,78 2,2 814,76 29,93 3,8 

Figure 35: MCS predicted travel times, as opposed to actual travel times calculated by VISSIM for the congestion model. 

Two scenarios with different amounts of MCS detectors are shown: one with every MCS actually present in the network 

(All MCS) (scenario 1), and one with MCS detectors spread out every kilometre  (1 MCS per km) (scenario 2). Travel time 

discrepancies (^|_`abcdeab ff � gdehij ff|) are given in seconds and in percent. 

Predicted travel times from the MCS data for the congestion model show slightly different results 

than for the free-flow model (table 35). Scenario 1, where all MCS detectors are used, shows a 

smaller discrepancy in travel time prediction than scenario 2; variance of the values in scenario 2 is 

also slightly increased, compared to the first scenario. However, the difference between the two 

scenarios is minimal, less than 2% for the different hour averages. Again, perhaps the difference 

between the actual travel times calculated by the simulation models, and those in which all the MCS 

detectors are used, is the result of noise in the network and rounding. These two values were 

expected to be similar, given that the MCS data represents harmonic mean values. 

The results indicate that there is no real incentive to create a denser MCS network through this 

section of the motorway. With the current MCS system, theoretical travel times that could be 

predicted would only differ by 2%, as suggested by the results in this study. However, there is a 50% 

increase in travel time prediction discrepancy when using all MCS detectors, as opposed to using one 

every kilometre (e.g. 19.57 seconds as opposed to 12.59 seconds, in the first hour of simulation). It 

can be assumed that this discrepancy would increase with fewer MCS detectors present in the 

network. 
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From previous studies, a common practice is to install stationary sensors 5 to 10 kilometres apart 

(Westerman et al., 1996). Hence, in the simulated network of this study, only one or two stationary 

sensors would be present. From using only one MCS detector station, for example gantry 55185, 

which is in the middle of the network, the following travel times would be predicted (tables 36): 

Table 36: Travel time predictions from MCS gantry (#55185) for the free-flow model 

 Actual TT (VISSIM) 

(seconds) 

Predicted TT 

(#55185) (seconds) 

\|*DEFGH7EF AA� �H7Z	C AA| 
(seconds) 

\|1 �*DEFGH7EF AA ]�H7Z	C AA|  
(%) 

12.00 to 12.15 311,24 306,86 6,32 2,1 

12.15 to 12.30 310,64 306,0 3,38 1,1 

12.30 to 12.45 312,05 308,992 6,25 2,0 

12.45 to 13.00 308,97 307,84 2,30 0,7 

Average hour 310,73 307,80 4,56 1,5 

 

Table 37: Travel time predictions from one MCS gantry (#55185) for the congestion model 
 

 

 Actual TT (VISSIM) 

(seconds) 

Predicted TT 

(#55185) (seconds) 

\|*DEFGH7EF AA� �H7Z	C AA| 
(seconds) 

|1 � *DEFGH7EF AA ]�H7Z	C AA| (%) 

7.30 to 7.45 788,80 689,52 99,28 14,4 

7.45 to 8.00 795,71 684,82 110,89 16,2 

8.00 to 8.15 790,11 694,47 95,65 13,8 

8.15 to 8.30 794,27 724,34 69,93 9,7 

8.30 to 8.45 793,74 701,14 92,59 13,2 

8.45 to 9.00 787,61 696,10 91,51 13,1 

9.00 to 9.15 795,46 695,67 99,79 14,3 

9.15 to 9.30 791,98 799,01 7,03 0,9 

Average 1
st

 hour 792,22 698,29 93,94 14 

Average 2
nd

 hour 792,20 

  

722,98 69,22 10 

One can see that the predicted travel time values for the free-flow model are still very close to the 

actual travel time value (figure 36). However, the predicted travel time values for the congestion 

model worsen; the average discrepancy per hour is at least 10% (figure 37).  

It needs to be mentioned again that this scenario, where only one stationary detector is used in the 

whole data, is simply a brief foray on how travel time predictions worsen when the number of 

stationary detectors is small. The decision was taken to choose a detector found in the middle of the 

network, where the mean speeds found at detector station #55185 averages that of the whole 

network. If another detector station was chosen instead, such as one at the beginning of the network 

(e.g. detector stations #51085 to #51895), where average speeds are around 20 km/h throughout the 

whole congestion simulation time, very different travel time predictions would have been shown, 

which in turn could have proven unrealistic and unbelievable.   

It is worth noting that independent travel demand values could not be retrieved and that this study 

instead relied on the use of MCS data from the SRA. As the simulation model was calibrated and 

validated using MCS data; it makes sense that the simulated MCS data collection gives comparable 

results to those of the actual MCS-data. The only conclusion that can be drawn from this part of the 

study is that the greater the number of MCS detectors present in the system, the better the travel 

time predictions. This conclusion is very different from the one drawn from the free-flow model, 

where decreasing the number of MCS detectors did not affect travel time predictions.  
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8.2  PROBE VEHICLE TRAVEL TIME PREDICTIONS 

In this section the matrix of travel time predictions that was made for probe vehicle data is 

described. First the values for the free-flow simulation model are shown, followed by the congestion 

model. Only examples of several 15-minute intervals are provided in order to exemplify the general 

trends that were observed throughout the time periods. For the complete list of 15-minute intervals 

that were calculated in this study (i.e., eight 15-minute intervals for the congestion model, and four 

for the free-flow model), refer to Annex 1.  From the results, one can see that the two parameters 

that were suggested to have a great effect on the accuracy of probe travel time predictions, 

penetration and sampling rates, is founded. 

8.2.1 Free-flow model 

Table 38: Actual travel time values for the two traffic models 

 Free-flow model: Actual travel time 

values (seconds) 

Congestion model: Actual travel time values 

(seconds) 

1st quarter  306,86 788,80 

2nd quarter  305,96 795,71 

3rd quarter  308,99 790,11 

4th quarter  307,84 794,27 

5th quarter - 793,74 

6th quarter - 787,61 

7th quarter - 795,46 

8th quarter - 791,98 

.  

For reference, the actual travel time values calculated by VISSIM for the two traffic models are shown 

above (table 38). The actual travel time values for each quarter show very little change, as would be 

expected from the time periods under free-flow conditions. 

Table 39: Travel time predictions for the free-flow during one 15-minute time period 

1st quarter (12.00  to 12.15) 

 \|*DEFGH7EF AA � �H7Z	C AA|  

(seconds) 

  |1 � *DEFGH7EF AA ] �H7Z	C AA|  

(%) 

  Penetration rate (%)    Penetration rate (%) 

  5 2 1    5 2 1 

Sampling 

rate 

(seconds) 

5 4,75 5,51 6,63  Sampling 

rate 

(seconds) 

5 1,4 1,4 1,3 

30 3,52 6,60 6,81  30 1,0 1,4 1,6 

60 4,29 6,41 7,98  60 1,4 1,4 1,6 

 

Table 39 shows the results that were retrieved from the matrix of vehicle probe travel time 

predictions (table 39). Logical trends can be seen on the left side of the table from the values in 
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seconds. Indeed, the smaller the sample size, and the smaller the number of probe vehicles used, the 

greater the discrepancy between actual and predicted travel times. However, the actual discrepancy 

is very small in size. For example, the greatest difference indicated in the table, between a probe 

vehicle fleet with a penetration and sampling rates of 1% and 60 seconds, as opposed to rates of 5% 

and 5 seconds, is only of ~3 seconds. Moreover, from the left side of the table, the data suggests that 

there is little need to choose a probe vehicle fleet with specific sampling and penetration rates under 

free-flow conditions. Indeed, from the results shown here, it appears that a probe vehicle fleet with 

great sampling and penetration rates would not offer better travel time predictions than a fleet with 

much smaller penetration and sampling rates.  

Table 40: Travel time predictions averages for the whole free-flow simulation hour 

Average values for the whole hour (12.00 to 13.00) 

 \|*DEFGH7EF AA � �H7Z	C AA|  

(seconds) 

  |1 � *DEFGH7EF AA ] �H7Z	C AA|  

(%) 

  Penetration rate (%)    Penetration rate (%) 

  5 2 1    5 2 1 

Sampling 

rate 

(seconds) 

5 4,52 4,8 6,78  Sampling 

rate 

(seconds) 

5 1,4 1,6 1,2 

30 4,15 6,08 7,47  30 1,3 1,7 1,8 

60 4,47 5,25 7,64  60 1,2 1,1 1,3 

 

The general trends described above are also seen in the general average values over the whole hour 

of free-flow conditions (table 40). Smaller sampling and penetration rates give greater discrepancies 

between actual and predicted travel times. However, the greatest difference in the matrix is less 

than 3 seconds, which represents less than 1% of the total travel time in the network. 

From the probe vehicle travel time matrices, the following conclusions can be drawn. Firstly, the 

greater the number of sampling points taken from the probe vehicle fleet, the greater the accuracy 

of the travel time prediction. Secondly, the same can be said of the penetration rate; the higher it is, 

the better the travel time prediction. Thirdly, under free-flow conditions, from the results shown 

above, there is little need to have a probe vehicle fleet with greater specifications than sampling 

every 60 seconds and more than a 1% penetration rate. The difference in travel time discrepancies 

between a 5% penetration rate and 5 second sampling rate, and that of 1% and 60 sseconds, is 

minimal, i.e., less than 1% difference in travel times. It is suggested that when a motorway network is 

under free-flow conditions, there is no incentive to have a probe fleet with greater sampling than 60 

seconds and a 1% penetration rate.   

8.2.2 Congestion model  

The probe vehicle travel time values for the congestion model are presented in this section. 
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Table 41: Travel time predictions from the third quarter of the congestion model 

3rd  quarter (8.00 to 8.15) 

 \|*DEFGH7EF AA � �H7Z	C AA|  

(seconds) 

  |1 � *DEFGH7EF AA ] �H7Z	C AA|  

(%) 

  Penetration rate (%)    Penetration rate (%) 

  5 2 1    5 2 1 

Sampling 

rate 

(seconds) 

5 29,59 44,15 52,36  Sampling 

rate 

(seconds) 

5 3,7 5,6 6,6 

30 47,13 70,18 60,54  30 6,0 8,9 7,7 

60 50,39 86,59 97,99  60 6,4 11,0 12,4 

 

Table 42: Travel time predictions from the sixth quarter of the congestion model 

6th  quarter (8.45 to 9.00) 

 \|*DEFGH7EF AA � �H7Z	C AA|  

(seconds) 

  |1 � *DEFGH7EF AA ] �H7Z	C AA|  

(%) 

  Penetration rate (%)    Penetration rate (%) 

  5 2 1    5 2 1 

Sampling 

rate 

(seconds) 

5 37,06 42,64 62,57  Sampling 

rate 

(seconds) 

5 4,7 5,4 7,9 

30 47,60 52,82 53,92  30 6,0 6,7 6,0 

60 61,71 69,68 93,16  60 7,8 8,8 11,8 

 

The same apparent trends can be seen as in the free-flow model, although the differences in travel 

time values are more pronounced (tables 41 & 42). The discrepancy between a 5% penetration rate 

and a 5 second sampling rate, and that of 1% and 60 seconds, is about 60 seconds in terms of travel 

time difference. Moreover, 2% penetration and 5 second sampling provides slightly better travel time 

predictions than 5% and 30 seconds. From this it can be inferred that having a higher sampling rate 

than penetration rate improves travel time predictions, since the trend is apparent throughout each 

15-minute interval (see annex 1). 

Sometimes, interesting anomalies can be observed in the results. For example, in the third quarter of 

the congestion model, a probe fleet with one percent and 30-second sampling rates is said to have 

better travel time predictions than a 2-percent, 30 seconds probe fleet, by 1,2% (table 41). Such 

variations or discrepancies in the results however vanish when averaging results over an hour of 

simulation (tables 43 & 44).   
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Table 43: Average values for the first hour of the congestion model 

Average values for the 1st hour (7.30 to 8.30) 

 \|*DEFGH7EF AA � �H7Z	C AA|  

(seconds) 

  |1 � *DEFGH7EF AA ] �H7Z	C AA|  

(%) 

  Penetration rate (%)    Penetration rate (%) 

  5 2 1    5 2 1 

Sampling 

rate 

(seconds) 

5 28,64 39,19 49,88  Sampling 

rate 

(seconds) 

5 3,6 5,0 6,3 

30 45,90 56,47 65,66  30 5,8 7,2 8,3 

60 55,36 69,97 108,64  60 7,0 8,9 13,8 

 

Table 44: Average values for the second hour of the congestion model 

Average values for the 2nd hour (8.30 to 9.30) 

 \|*DEFGH7EF AA � �H7Z	C AA|  

(seconds) 

  |1 � *DEFGH7EF AA ] �H7Z	C AA|  

(%) 

  Penetration rate (%)    Penetration rate (%) 

  5 2 1    5 2 1 

Sampling 

rate 

(seconds) 

5 35,17 49,47 59,29  Sampling 

rate 

(seconds) 

5 4,4 5,2 6,8 

30 57,96 67,36 74,35  30 6,1 6,7 6,9 

60 66,76 87,89 101,93  60 7,2 9,1 10,4 

 

 

The average values for each hour of the congestion model point to the same trends seen throughout 

each 15-minute interval (Tables 43 & 44). Indeed, the greater the penetration and sampling rates, 

the better the travel time prediction, and the sampling rate seems to have a greater effect on the 

accuracy of travel time predictions. If travel time predictions are only acceptable with a maximal 5% 

discrepancy between actual and predicted values, then having a sampling rate of 60 seconds would 

not be adequate (> 7% discrepancy). Having a sampling rate of 5 seconds and a penetration rate of 

2% appears to be sufficient to predict travel times accurately given the criteria applied.   

It also seems viable to use probe vehicle fleets with a sampling rate of 30 seconds, if the penetration 

level is reasonably large (≥ 5%). However, such a penetration rate seems unlikely at this point in time, 

and is likely to be possible first in a number of years. Since the sampling rate is the attribute from 

probe data that is perhaps easiest to manage, it is logical to assume that systems based on travel 
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time predictions from probe vehicle data should initially have a high sampling rate (≥ 5 seconds). 

Having a penetration rate of less than 2% would then be theoretically sufficient to predict travel 

times with a reasonable level of accuracy.  

In short, it seems that sampling and penetration rates for probe fleets need not to be higher than 60 

seconds and 1%, respectively, under free-flow conditions. However, under morning peak congestion, 

it seems that a sampling rate of ≥ 5 seconds is required, with at least a 2% penetration rate. Sampling 

rates seem to have a greater impact on the quality of travel time predictions. If traffic data from 

probe vehicles was sent at an even smaller sampling rate, this may improve travel time predictions 

further, without having to increase the penetration rate to a level above 2%. As previously 

mentioned, the sampling rate is possibly easiest to influence at this stage of development since it is 

based on a technical factor, unlike the penetration rate, which at present is  dependent upon human 

interest. All in all, it seems that using probe vehicles to monitor traffic conditions is a viable and cost 

efficient solution for traffic management.  

8.3  COMPARING TRAVEL TIME PREDICTIONS FROM STATIONARY 

SENSORS WITH PROBE DATA 

In this section travel time predictions from the two different traffic data sources are compared for 

the two traffic models.  

 

8.3.1  Free-flow model travel time predictions comparison 

Probe vehicle travel time predictions for the free-flow model fare very well when compared to MCS 

predictions (table 45). As shown before, a 60-second sampling rate and a 1-percent penetration rate 

seem to give enough information about traffic in free-flow conditions. Having only six motorway 

stationary sensors also seems to be sufficient to convey enough traffic data from free-flow situations. 

 

Table 45: Travel time differences for the free-flow model in terms of percentages 

Travel time differences |1 � *DEFGH7EF AA ] �H7Z	C AA| (%) 

3
rd

 quarter (12.30 to 12.45) Penetration rate (%) 

Sampling rate 

(seconds) 

 5 2 1 

5 1,9 1,6 2,2 

30 1,8 2,4 3,2 

60 1,6 1,6 3,3 

 

 22 MCS (scenario 1) 6 MCS (scenario 2) 1 MCS (scenario 3)  

MCS TT differences 

(%) 

0,7 1,1 2,0 

     

The same conclusions can be made when looking at the values in terms of percentages (table 45). If a 

5% discrepancy in travel time predictions is allowed, then a 60-second and 1-percent penetration 

rate would suffice, as well as having MCS detectors spaced every kilometre.  

Since free-flow situations mean that vehicles are not impeded in their movement, very little data is 

needed to be able to generate travel time predictions that are reasonably accurate.  
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8.3.2  Congestion model travel time predictions comparison 

Probe vehicle travel time predictions vary depending on the sampling and penetration rates used in 

the congestion model (table 46). The greater the penetration and sampling rates, the better the 

travel time predictions. The more closely the MCS detectors are spaced, the better the travel time 

predictions.  

Table 46: Travel time differences for the congestion model in terms of percentages 

Travel time differences |1 � *DEFGH7EF AA ] �H7Z	C AA| (%) 

3
rd

 quarter (8.00 to 8.15) Penetration rate (%) 

Sampling rate 

(seconds) 

 5 2 1 

5 3,8 5,6 6,6 

30 6,0 8,9 7,7 

60 6,4 11,0 12,4 

 

 22 MCS (scenario 1) 6 MCS (scenario 2) 1 MCS (scenario 3)  

MCS TT differences 

(%) 

0,6 3,3 13,8 

     

Probe vehicle fleets with a sampling rate of 5 seconds, and a penetration rate higher than 2% give 

competitive travel time predictions, to those generated from the MCS data (table 46). Sampling 

probe vehicles every 60 seconds is less than ideal, when considering what can be achieved with only 

six MCS detectors spaced every kilometre. 

Probe vehicle data from the congestion model shows that it is possible to retrieve reliable, accurate 

travel time predictions from a congested situation. It is more so since the MCS data is prone to error 

and system malfunctions (Herrera et al., 2009). Using probe vehicle data to monitor congested 

situations offers a definite advantage over stationary sensor systems.  
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9 CONCLUDING REMARKS 

9.1  Summarising the study 

This study looks at the two different traffic data sources available for traffic management: stationary 

sensors and probe vehicles.  The strengths and weaknesses of each type of data collection system 

were briefly investigated in the literature review. A microscopic model using historical SRA (Swedish 

Road Administration) MCS data from 23 March 2010 was created using a stretch of the E4 motorway 

in Stockholm as a study case. Two different traffic situations were examined: free-flow conditions 

between 12.00 and 13.00, and morning peak congestion, between 7.30 and 9.30. Models were 

calibrated by checking out the one-to-one relationship between observed and simulated values for 

two variables, average speed from each MCS detector station, and vehicle flows. MCS average 

speeds were calculated using the harmonic mean. The validation of the models was done using 

Theil’s inequality coefficient, as well as absolute and percentage errors. Penetration and sampling 

rates were shown to have a great effect on the accuracy of probe travel time predictions. Probe 

vehicle fleets with a 60-second sampling rate and 1-percent penetration rate were shown to be 

adequate to retrieve traffic information from free-flow conditions. Probe fleets with a 5-second 

sampling rate and a penetration rate higher than 2% were shown to be sufficient to capture traffic 

information from congested conditions, and be competitive with the implementation of stationary 

sensors. Travel time predictions based on MCS data improve with increasing the number of detectors 

present in the system, for traffic going through morning peak congestion. It is thereby concluded that 

probe vehicle data is an effective and cost-efficient method for collecting traffic data in both types of 

traffic conditions and can therefore provide useful input to traffic management systems. 

9.2 Possible improvements of the study 

While this study was a simplified investigation of the different traffic data collection systems that are 

available for traffic management, possible improvements to various parts of this study have been 

identified: 

- The use of actual travel demand data, if it is available. Such information would make it 

possible to construct simulation models where vehicle flows, turning fractions and average 

speeds would be independently calculated from the MCS data. The availability of an Origin-

Destination matrix would allow assigning vehicle flows to their actual destinations, as 

opposed to using turning fractions, which randomly sets vehicle routes. One could perhaps 

also evaluate via simulation how well, in terms of reliability and functionality, the MCS 

system captures traffic data under different traffic conditions. This study assumed that MCS 

data divulged perfect information (i.e. that the vehicle flows and average speeds from the 

MCS data were the actual vehicle flows and average speeds for 23 March 2010); 

- Verifying how well the two traffic models fare using other historical data from other 

weekdays. Are the actual and predicted travel times similar when derived from data from 

other weekdays? Are the models delivering the right travel time values using different 

historical data? Do the models need to be calibrated and validated in a more strenuous way 

for them to adequately simulate traffic data from other historical days? How well do the 

models fare when using traffic conditions from different time periods during the day, such as 

off-peak periods? 
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- Expand the probe vehicle travel time prediction matrices. When do the travel time 

predictions level off (i.e., converge) with increasing penetration rates? In other words, when 

is it not advantageous to increase the penetration rate, or the sampling rate, to retrieve 

better travel time predictions? 

- Investigate in greater depth the trade-offs between penetration and sampling rates. Would it 

be possible to calculate the elasticity of each variable, in terms of the quality of travel time 

predictions? 

- Evaluate the simulated results with that from an actual field experiment. Do the travel time 

values compare?  

- Model random, local and unpredicted or semi-predicted traffic events, such as accidents, 

lane closures, the effects of adverse weather conditions, etc. How well would the simulated 

models of this study behave under such events and what effect would such conditions have 

on the travel time predictions? 

- Evaluate travel time predictions for each individual lane in the system, as opposed to the 

aggregated value for the whole width of a motorway section, as was done in this study. 

As indicated above, there are many items that could be improved in hindsight having completed this 

study. Many of these were proposed even in this study, however due to time constraints, such goals 

became unrealistic given the need for quality in the study parts that are presented in this report 
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11 APPENDIX 1 
Probe vehicle travel time matrices for the two simulation models. Averages for each hour of 

simulations are also included. 

A: Free-flow model 

1st quarter (12.00  to 12.15) 

 \|*DEFGH7EF AA � �H7Z	C AA|  

(seconds) 

  |1 � *DEFGH7EF AA ] �H7Z	C AA|  

(%) 

  Penetration rate (%)    Penetration rate (%) 

  5 2 1    5 2 1 

Sampling 

rate 

(seconds) 

5 4,75 5,51 6,63  Sampling 

rate 

(seconds) 

5 1,1 1,1 1,0 

30 3,52 6,60 6,81  30 0,7 1,1 1,2 

60 4,29 6,41 7,98  60 1,1 1,1 1,1 

 

2nd quarter (12.15  to 12.30) 

 \|*DEFGH7EF AA � �H7Z	C AA|  

(seconds) 

  |1 � *DEFGH7EF AA ] �H7Z	C AA|  

(%) 

  Penetration rate (%)    Penetration rate (%) 

  5 2 1    5 2 1 

Sampling 

rate 

(seconds) 

5 5,67 4,98 6,87  Sampling 

rate 

(seconds) 

5 1,1 1,1 1,0 

30 5,74 7,22 9,86  30 0,7 1,1 1,2 

60 4,84 4,99 10,13  60 1,1 1,1 1,2 
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3rd quarter (12.30  to 12.45) 

 \|*DEFGH7EF AA � �H7Z	C AA|  

(seconds) 

  |1 � *DEFGH7EF AA ] �H7Z	C AA|  

(%) 

  Penetration rate (%)    Penetration rate (%) 

  5 2 1    5 2 1 

Sampling 

rate 

(seconds) 

5 3,55 4,92 5,95  Sampling 

rate 

(seconds) 

5 1,1 1,5 1,4 

30 3,52 6,30 8,96  30 1,1 1,9 2,5 

60 4,10 5,07 6,92  60 1,2 1,0 0,8 

 

 

4th quarter (12.45  to 13.00) 

 \|*DEFGH7EF AA � �H7Z	C AA|  

(seconds) 

  |1 � *DEFGH7EF AA ] �H7Z	C AA|  

(%) 

  Penetration rate (%)    Penetration rate (%) 

  5 2 1    5 2 1 

Sampling 

rate 

(seconds) 

5 4,12 3,80 3,67  Sampling 

rate 

(seconds) 

5 1,1 0,9 0,1 

30 3,81 4,19 4,25  30 1,0 1,3 0,2 

60 4,67 4,50 5,51  60 0,9 0,4 0,2 

 

Average values for the whole hour (12.00 to 13.00) 

 \|*DEFGH7EF AA � �H7Z	C AA|  

(seconds) 

  |1 � *DEFGH7EF AA ] �H7Z	C AA|  

(%) 

  Penetration rate (%)    Penetration rate (%) 

  5 2 1    5 2 1 

Sampling 

rate 

(seconds) 

5 4,52 4,80 5,78  Sampling 

rate 

(seconds) 

5 1,1 1,2 0,9 

30 4,15 6,08 7,47  30 0,9 1,3 1,3 

60 4,47 5,25 7,64  60 1,0 0,9 0,9 



62 

 

 

B: Congestion model 

1st quarter (7.30 to 7.45) 

 \|*DEFGH7EF AA � �H7Z	C AA|  

(seconds) 

  |1 � *DEFGH7EF AA ] �H7Z	C AA|  

(%) 

  Penetration rate (%)    Penetration rate (%) 

  5 2 1    5 2 1 

Sampling 

rate 

(seconds) 

5 29,72 39,95 57,42  Sampling 

rate 

(seconds) 

5 3,8 5,1 6,7 

30 54,16 39,76 78,55  30 6,9 4,0 9,6 

60 75,30 52,48 112,53  60 9,5 6,5 14,3 

 

2nd quarter (7.45 to 8.00) 

 \|*DEFGH7EF AA � �H7Z	C AA|  

(seconds) 

  |1 � *DEFGH7EF AA ] �H7Z	C AA|  

(%) 

  Penetration rate (%)    Penetration rate (%) 

  5 2 1    5 2 1 

Sampling 

rate 

(seconds) 

5 21,79 36,62 35,90  Sampling 

rate 

(seconds) 

5 2,3 4,6 4,5 

30 39,60 70,96 57,76  30 4,5 8,9 7,3 

60 38,61 78,17 132,53  60 4,6 9,8 16,7 

 

3rd  quarter (8.00 to 8.15) 

 \|*DEFGH7EF AA � �H7Z	C AA|  

(seconds) 

  |1 � *DEFGH7EF AA ] �H7Z	C AA|  

(%) 

  Penetration rate (%)    Penetration rate (%) 

  5 2 1    5 2 1 

Sampling 

rate 

(seconds) 

5 29,59 44,15 52,36  Sampling 

rate 

(seconds) 

5 3,7 5,2 5,5 

30 47,13 70,18 60,54  30 6,0 8,9 6,4 

60 50,39 86,59 97,99  60 6,4 11,0 10,7 
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4th  quarter (8.15 to 8.30) 

 \|*DEFGH7EF AA � �H7Z	C AA|  

(seconds) 

  |1 � *DEFGH7EF AA ] �H7Z	C AA|  

(%) 

  Penetration rate (%)    Penetration rate (%) 

  5 2 1    5 2 1 

Sampling 

rate 

(seconds) 

5 33,44 36,07 53,82  Sampling 

rate 

(seconds) 

5 4,2 4,5 6,8 

30 42,72 44,98 65,79  30 5,4 5,7 5,9 

60 57,15 62,64 91,51  60 7,2 7,9 11,5 

 

 

5th  quarter (8.30 to 8.45) 

 \|*DEFGH7EF AA � �H7Z	C AA|  

(seconds) 

  |1 � *DEFGH7EF AA ] �H7Z	C AA|  

(%) 

  Penetration rate (%)    Penetration rate (%) 

  5 2 1    5 2 1 

Sampling 

rate 

(seconds) 

5 35,78 51,21 60,05  Sampling 

rate 

(seconds) 

5 4,5 6,5 7,6 

30 62,08 73,62 65,15  30 7,5 9,3 7,7 

60 73,42 89,23 100,58  60 9,2 11,2 11,4 

 

6th  quarter (8.45 to 9.00) 

 \|*DEFGH7EF AA � �H7Z	C AA|  

(seconds) 

  |1 � *DEFGH7EF AA ] �H7Z	C AA|  

(%) 

  Penetration rate (%)    Penetration rate (%) 

  5 2 1    5 2 1 

Sampling 

rate 

(seconds) 

5 37,06 42,64 62,57  Sampling 

rate 

(seconds) 

5 4,7 5,4 7,9 

30 47,60 52,82 53,92  30 6,0 6,7 6,0 

60 61,71 69,68 93,16  60 7,8 8,8 11,8 
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7th  quarter (9.00 to 9.15) 

 \|*DEFGH7EF AA � �H7Z	C AA|  

(seconds) 

  |1 � *DEFGH7EF AA ] �H7Z	C AA|  

(%) 

  Penetration rate (%)    Penetration rate (%) 

  5 2 1    5 2 1 

Sampling 

rate 

(seconds) 

5 29,80 46,69 40,72  Sampling 

rate 

(seconds) 

5 3,5 1,6 2,3 

30 50,31 59,69 85,10  30 1,8 0,2 2,1 

60 50,44 84,24 99,96  60 1,5 2,8 3,8 

 

8th  quarter (9.15 to 9.30) 

 \|*DEFGH7EF AA � �H7Z	C AA|  

(seconds) 

  |1 � *DEFGH7EF AA ] �H7Z	C AA|  

(%) 

  Penetration rate (%)    Penetration rate (%) 

  5 2 1    5 2 1 

Sampling 

rate 

(seconds) 

5 38,03 57,35 73,82  Sampling 

rate 

(seconds) 

5 4,8 7,2 9,3 

30 71,84 83,31 93,22  30 9,1 10,5 11,8 

60 81,49 108,43 114,01  60 10,3 13,7 14,4 

 

Average values for the 1st hour (7.30 to 8.30) 

 \|*DEFGH7EF AA � �H7Z	C AA|  

(seconds) 

  |1 � *DEFGH7EF AA ] �H7Z	C AA|  

(%) 

  Penetration rate (%)    Penetration rate (%) 

  5 2 1    5 2 1 

Sampling 

rate 

(seconds) 

5 28,64 39,19 49,88  Sampling 

rate 

(seconds) 

5 3,5 4,8 5,9 

30 45,90 56,47 65,66  30 5,7 6,9 7,3 

60 55,36 69,97 108,64  60 6,9 8,8 13,3 
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Average values for the 2nd hour (8.30 to 9.30) 

 \|*DEFGH7EF AA � �H7Z	C AA|  

(seconds) 

  |1 � *DEFGH7EF AA ] �H7Z	C AA|  

(%) 

  Penetration rate (%)    Penetration rate (%) 

  5 2 1    5 2 1 

Sampling 

rate 

(seconds) 

5 35,17 49,47 59,29  Sampling 

rate 

(seconds) 

5 4,4 5,2 6,8 

30 57,96 67,36 74,35  30 6,1 6,7 6,9 

60 66,76 87,89 101,93  60 7,2 9,1 10,4 

 

  

 

 


