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Sammanfattning 

Incidenters påverkan på motorvägar – Ett förslag på metodik för att skatta och prediktera 
trafikefterfrågan, incidentens varaktighet och kapacitet för incidenthantering 

Ellen Grumert (VTI), Viktor Bernhardsson (VTI), Per Strömgren (Movea), David Gundlegård (LiU), 
Johan Olstam (VTI), Joakim Ekström (LiU), Rasmus Ringdahl (LiU) 

Effektiv incidenthantering är viktigt då man vill minimera trängsel till följd av incidenter. Prediktering 
av framtida trafikförhållanden vid incidentplatsen och dess omgivande vägnät, tillsammans med en 
uppskattning av incidentens varaktighet, kan användas för att få ökad kunskap om nuvarande och 
framtida utveckling till följd av incidenter med specifika egenskaper.  

Syftet med denna studie är att föreslå metoder för att skatta kapacitet, varaktighet och efterfrågan för 
incidenter med olika egenskaper, samt att undersöka hur detaljnivån och möjligheten att identifiera 
förklaringsvariabler för incidenter med liknande egenskaper givet tillgängliga datakällor påverkar de 
föreslagna metoderna. Kunskapen som erhållits i projektet avsedd att användas för incidenthantering. 

Rapporten presenterar en metodik för att prediktera kapacitet, trafikefterfrågan och varaktigheten av 
incidenter när ingen av parametrarna är kända. Den föreslagna metodiken kan användas för att förse 
trafikmodeller med input då syftet är att utföra scenariobaserad analys och realtidspredikteringar som 
ska användas i beslutsprocessen för trafikledning/styrning vid incidenter, men också för att förutsäga 
förändrade restider till följd av incidenten som skulle kunna kommuniceras till trafikanter. 

En motorvägssträcka söder om Stockholm används som fallstudieområde för att föreslå metoder för att 
prediktera varaktighet, kapacitet och efterfrågan vid incidenter baserat på tillgängligheten av data. Den 
föreslagna metodiken utvärderas genom att använda de predikterade variablerna som input i en 
scenariobaserad analys med två kömodeller. 

Resultaten visar att tillförlitligheten av predikteringarna av de tre variablerna har stor inverkan på den 
predikterade köutbredningen. Fel i predikteringen av kapacitet och efterfrågan verkar ha större effekt 
på skillnaden mellan predikterad och observerad köutbredning än fel i predikteringen av tidsåtgång för 
incidenthanteringen. Trafikmodellsresultaten visar att det är svårt att skatta generella samband mellan 
förklaringsvariabler också även för likvärdiga incidenter.  

Nyckelord 

Kapacitet, olycka, incident, motorväg, efterfrågemodellering, tidsåtgång för incidenthantering, 
kömodellering, trafikföring 
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Abstract 

Effects of incidents on motorways – A proposed methodology for estimating and predicting 
demand, duration and capacity for incident management 

Ellen Grumert (VTI), Viktor Bernhardsson (VTI), Per Strömgren (Movea), David Gundlegård (LiU), 
Johan Olstam (VTI), Joakim Ekström (LiU), Rasmus Ringdahl (LiU) 

Effective traffic incident management is important to minimize negative impacts of congestion caused 
by incidents. Predictions of the traffic state at the incident site and its surrounding road network, 
together with an estimate of incident duration, can be used to get increased knowledge about current 
and future incident characteristics.  

The aim is to propose methods for estimating capacity, duration and demand profiles in case of an 
incident, and to explore how the level of detail and the possibility to identify explanatory variables for 
incidents with similar characteristics given currently available data sources affects the proposed 
methods. The knowledge obtained within the project is intended to be used for incident management. 

The report presents a methodology for predicting capacity, traffic demand, and incident duration, 
when none of the parameters are known. The proposed methods can be used as input to traffic models, 
when the purpose is to perform scenario-based analysis and real-time predictions to be used in the 
decision-making processes for traffic management/control, but also for predicting travel times which 
can be communicated to road users. 

A motorway use-case study area south of Stockholm is used to propose methods for predicting 
incident duration, capacity and demand profiles based on the availability of data. The methodology is 
evaluated by using the predicted variables as input in a scenario-based analysis with two queue 
models. 

The results show that the accuracy of the predicted variables have a large impact on the predicted 
queue propagation. Inaccurate predictions of capacity and demand seems to have a larger impact on 
the error between the observed and the predicted queue propagation compared to the incident duration. 
Results from the traffic modelling show that it is challenging to estimate generic relationships between 
available explanatory variables and the traffic conditions at the incident site, even for incident with 
similar characteristics. 

Keywords 

Capacity, accident incident, motorway demand prediction, incident duration, queue modelling, traffic 
management 
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Preface 
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the contact person at the Swedish Transport Administration. 
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Ellen Grumert 
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1. Introduction 
Incident management aims to improve traffic conditions on the incident site, both with in terms of 
road safety and traffic efficiency. Ensuring the safety of road users and rescue personnel is, of course, 
the most important task. However, the road users can experience long travel times and fast backwards 
propagating queues, resulting in large negative impacts on traffic efficiency and costs for the society in 
terms of delays. Therefore, an efficient traffic management, not compromising road safety, is of great 
importance for larger cities with frequently observed breakdowns.  

To achieve an efficient incident management, information both about the current and the future traffic 
state is needed. Predictions of the future traffic state at the incident site and its surrounding road 
network, together with an estimate of the incident duration, can then be used for travel time forecasts 
and prediction of queue length and queue-propagation speed at different time instants. The duration of 
an incident can be divided into the following phases: discovery, verification, initial response, scene 
management, and recovery (Ebner m.fl., 2011). After the recovery phase the incident scene is cleaned 
and the road can be fully opened again, but it will still take some time to restore the traffic conditions 
to normality, which is the last phase in the traffic incident management phases according to Ebner 
m.fl. (2011). As a conclusion, when an incident occurs it is essential to contribute with predictions and 
answers to the following issues, both for incident management and to provide as accurate information 
as possible to road users (see Figure 1 for an illustration in the space -time domain): 

1. How much time is required for the incident management? 

2. Will there be queue propagation? 

3. How far in the network will the queue reach?  

4. How much time is needed for restoration to normality? 

 
Figure 1. Illustration of an incident and what uncertain variables that need to be predicted in order to 
predict effects of incidents, either in real-time or in a scenario-based evaluation. The observed speeds 
ranges from 0 (red) to 100 (green) km/h. The time together with the start and the end of the incident is 
given on the y-axis and the location is given on the x-axis. 

Question 1 highly depend on the severity and magnitude of the incident. This question requires 
detailed data on incident characteristics and durations of previous incidents to enable accurate 
predictions. Question 2 - 4 require estimates and predictions of the traffic states and how they 
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propagate in time and space. Traffic state predictions are commonly based on measurements of the 
current and past traffic situation, which together with a traffic model can be used to predict how the 
future, not yet known, traffic state change over time and/or space. Knowledge of incident 
characteristics and the effect these will have on incident duration and the traffic characteristics, such as 
capacity, free flow speed, etc, is thus essential for a correct prediction. Further, an estimate of the 
demand at the time of the incident, and the near future, is required to predict how the traffic state will 
develop over time, given the predicted inflow profile. 

One problem in analyzes of the traffic efficiency and capacity effects of incidents is that essential 
information about the incident characteristics and the incident management actions is not saved, 
alternatively not saved with a sufficient level of detail. Examples of information that is commonly not 
saved are how many lanes an incident blocks or which lanes that are closed by the traffic management 
center, over how large distances lanes are blocked or closed, as well as durations of the incident 
phases, e.g. time from knowledge of the incident to arrival of rescue leaders, rescue vehicles, time 
required for partial progress in incident management, such as medical interventions, salvage, etc. All 
this information is essential in the development of decision support for incident management to ensure 
that the best strategies are used together. Collection of this type of information needs to be done 
through automatic logging or with the help of outside observers as traffic managers, roadside 
assistance and rescue personnel need to have full focus on taking care of the incident.  

1.1. Purpose and aim 
The purpose of this work is to contribute with increased knowledge about different types of traffic 
incidents and how traffic performance is affected when an incident occurs by using available data 
sources with different levels of detail. 

The aim is to propose methods for estimating capacity, duration and demand profiles in case of an 
incident, and to explore how the level of detail and the possibility to identify explanatory variables for 
incidents with similar characteristics given currently available data sources affects the proposed 
methods.  

In a broader perspective, the knowledge obtained within the project is intended to be used for incident 
management, to be able to apply effective actions to prevent heavy congestion and improve traffic 
efficiency. 

1.2. Methodology framework 
The proposed methodology consists of several parts. Figure 2 gives an overview of the methodology 
framework, including possible application areas. In the figure, it is illustrated how the resulting output 
from the proposed methodology can be used as input to different application areas. However, to be 
utilized in each application area additional methods might be required. The development of such 
methods is outside of the scope of this study. 

First, the available data sources have been identified through discussions with the Swedish Transport 
Administration, Trafik Stockholm and the included project partners (VTI, LiU, Movea, and KTH). 
Quantitative methods (1.1) are applied to estimate the traffic state, duration of incidents, demand 
profiles, etc. for different incident types and qualitative methods (1.2) are applied to investigate if 
more details can be included from individual incidents. The results from 1.1 and 1.2 is used in 2 to 
analyze if it is possible to identify different traffic characteristics, demand profiles and incident 
durations for a number of possible explanatory variables. To evaluate the performance of the applied 
methodology, the results from 1.1, 1.2 and 2 is used in a scenario-based analysis (3.2) by applying two 
different traffic models: a version of the queue model developed in PRIMA (Taylor m.fl., 2017, 
Olstam m.fl., 2015) and the Cell Transmission Model (CTM), which is a well-known first-order 
macroscopic traffic simulation model (Daganzo, 1994). The queue model is especially designed for 
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incidents and its modelling of different incident phases, why the focus is on the incident location and 
the queue propagation without modeling of the traffic state extent in the space domain, while the CTM 
model is a time and space discrete model, meaning that it does also have a spatial representation of the 
traffic states. A road stretch south of Stockholm with frequently observed incidents and accidents are 
used both to develop and evaluate the methodology. The performance of the proposed methods for 
estimating duration, demand and capacity effects are evaluated by predicting the queue length using 
the traffic models and compare it to observed queue lengths from measurements for seven incidents, 
corresponding to the most common incident type, i.e. scenario-based analysis. Sensitivity analysis is 
performed to investigate how sensitive the predictions of queue length are too uncertainties in the 
predictions of duration, demand and capacity. The main considered application area for the proposed 
methodology is in this study delimited to real-time incident management (3.4), but also scenario-based 
analysis (3.2) is highly relevant since it is used to evaluate the performance of the proposed 
methodology for historical incidents. 

 
Figure 2 Overview of the methodology framework 

The estimations and predictions of capacity, demand profiles and incident duration is dependent on the 
availability of historical and real-time data. In real-time incident management the estimation of queue 
length, travel times, etc. must be performed online given a continuous flow of data, however, the 
predictions and estimation of specific variables, such as capacity, demand profiles and incident 
durations, can be based only on historical data and offline predictions and estimations. In that case, the 
real-time data is used only to find the most suitable capacity estimate, demand profile and incident 
duration based on the available information at the incident site. It is possible to enhance the 
predictions and estimations of the specific variables in real-time by performing online predictions of 
future traffic conditions if the availability of data is enough to perform such predictions and the data 
can be delivered without a considerable delay. Additionally, the online methods used for prediction 
has to be fast enough to deliver real-time predictions as input to the incident management. 

1.3. Delimitations 
The focus of the study is on the proposed methodology for predicting and estimating traffic 
characteristics, duration, and demand profiles at incidents. The study does not intend to develop 
methods for the suggested application areas in Figure 2. Instead, this study is delimited to an 
investigation of the performance of the proposed methodology for real-time incident management 
(application area 3.4: Real-time estimation) by performing a scenario-based analysis of past incidents 
(application area 3.2: Scenario-based analysis). The real-time incident management framework is 
investigated using already existing methods. 
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This work is limited to incidents on urban motorways and the empirical observations and 
investigations are based on data from a 15 km long urban motorway stretch south of Stockholm, 
Sweden. The focus has been on the incident category stopped vehicles, since the other types of 
incident are less frequent, resulting in too few observations to draw any conclusions on possible 
explanatory variables. Data is limited to observations from 2017. However, it is believed that the 
proposed methodology can be used for other road types with similar data set. 

The project does not aim to develop a decision support system for incident management. The project 
results should instead be seen as a proposed methodology that can be used in a future implementation 
of such a decision support system. 

The developed relationships between traffic characteristics, demand and duration, and the identified 
explanatory variables should not be seen as descriptive for all roads with similar road and traffic 
characteristics, since more research and a larger data set is needed to conclude on these relationships. 

1.4. Structure of the report 
First, a description of the case study road stretch and the available traffic and incident for this road 
stretch is presented in Chapter 2. Analysis and methods for estimating capacity during incidents, 
incident duration, and demand are then presented in chapter 3,4 and 5, respectively. The proposed 
methodology is evaluated in chapter 6, by using the predicted capacity, duration and demand for seven 
representative incidents as input in a traffic model for predicting queue propagation at incidents. An 
outline of how the proposed methodology can be used in incident management is also presented. 
Finally, in Chapter 7, conclusions and suggestions for further research are given. 
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2. Description of the study case and available data sources  
A case study-based approach has been used to investigate how currently available data sources can be 
used to estimate capacity, duration and demand in connection with incidents data. The case study area 
is chosen based on a set of criteria: (1) the road network should have a straightforward design with few 
on- and off-ramps and longer stretches with homogenous road conditions to be able to isolate effects 
of incidents from effects caused by regular congestion, (2) incidents should be a common phenomenon 
along the road stretch, (3) more than one data sources should be available, (4) the available data 
sources should include enough measurements to estimate one or more of the traffic state, duration of 
incidents, demand profiles, (5) if possible, detailed information about incidents should be included to 
increase the knowledge on specific traffic characteristics for the investigated incidents. The E4 South 
of Stockholm, between Södertälje and Fittja, just before the inner city of Stockholm, fulfill the 
requirements and have been chosen as the case study area. The considered road stretch is a 15 km long 
motorway stretch with three on- and off-ramp locations, see Figure 3. The road stretch consists of 
large homogenous road segments with three lanes and a speed limit of 100 km/h. At the on- and off-
ramps the number of lanes varies from two to four. At Hallunda and further towards Stockholm city 
the speed limit is reduced to 80 km/h. Congestion is frequently observed during high traffic flows both 
in the southbound and the northbound direction because of merging maneuvers and lane-drops at the 
on- and off-ramp locations. Additionally, incidents are common due to the high speed limit together 
with a high traffic flow and a narrow road with three lanes and limited road side, and sometimes much 
curvature and steep slopes. 

 
Figure 3. Considered road stretch, E4 South of Stockholm, between Södertälje and Fittja, marked with 
blue, both the northbound and southbound direction were included in the analysis. 

The available data sources are taken from  

• detector data incorporated in the Motorway Control System (MCS)  

• incident data from Nationellt Trafikledningsstöd (NTS) 

• accident data from the Swedish Traffic Accident Data Acquisition (STRADA), and  

• detailed incident and accident reports (Vägvakt).  



VTI rapport 1078A  15 

The year 2017 is chosen for collection of MCS, NTS and STRADA data. Vägvakt reports are 
unfortunately no longer collected and the data therefore consists of older data covering the years 2010 
to 2013. 

The MCS detector data consists of speed and flow measurements on individual lanes. 116 densely 
placed detectors are located on the considered road stretch, 60 in the northbound direction and 56 in 
the southbound direction. Figure 4 gives an overview of the detector locations. The measurements 
(counts of vehicles and mean speed) are collected over one-minute periods. Additionally, information 
about lane-closure is included since an incident is almost always followed by a closure of one or more 
lanes. The MCS data is used in the quantitative methods to estimate the traffic state and demand 
profiles and to detect days with incidents.     

 
Figure 4. Overview of detector locations along the considered road stretch, E4 South of Stockholm, 
between Södertälje and Fittja (Löfgren, 2014). 

Detailed incident data is available through the NTS and STRADA databases for the whole considered 
road stretch. In the NTS database information about individual incidents and accidents are available. 
The STRADA database includes descriptions of accidents that has resulted in personal injuries. The 
information is gathered from the police and the healthcare. The information in STRADA is available 
for everyone on an aggregated level, but more detailed information is available for those actively 
involved in traffic safety research. The incident data is used to identify individual incidents, to 
categorize the incidents into subgroups and to identify possible explanatory variables for how the 
capacity and other important traffic characteristics are affected by different types of incidents. The 
available information from the NTS and the STRADA database is summarized in Table 1. 
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Table 1. Description of available data from the NTS and the STRADA database. 
 Data Description 

N
TS

 

ID The specific id of an incident 

Date The date of the incident 

Time The time of the incident  

Event Defines the type of incident, accident/stopped vehicle/dropped load/burning 
vehicle/towing 

Source The source from where the information about the incident have been collected. This 
might for example be the road assistance personnel.  

Location 
Information about the location, such as the gps coordinates of the detector (portal) 
associated with the incident, road direction and the on- and off-ramp location if the 
incident occur at such location. 

Notes 

Can include information about included vehicle types, number of involved vehicles, 
road assistance, detailed location of the involved vehicles (lane location, number of 
blocked lanes, on-/off-ramp blocking, etc. The details in the available information 
varies from nothing to many details depending on the source of information. 

Lane number The lane where the incident occurs, ranging from 1 to 3 on a three-lane motorway. 

ST
RA

DA
 

ID The specific id of an accident resulting in personal injuries 

Date The date of the accident 

Time The time of the accident 

Detector The gps coordinates of the detector (portal) associated with the accident 

Event Information about the accident, a more or less detailed description of the course of 
the accident. 

Injury severity The severity of an injury, including slight (swedish: lindrig) and severe (swedish: svår) 
injuries. 

Vehicle type Type of vehicle included in the accident 

The incident documentation from Vägvakt consists of older incident data on a detailed level in the 
form of disturbance reports from individual incidents. The disturbance reports include incidents from 
the motorway situated between interchange Hallunda (Interchange 146 in Figure 4) and interchange 
Moraberg (Interchange 144 in Figure 4). The reports contain information about alarm type, times, 
location, event type, cause of incident, degree of blockage, interventions and other comments, see an 
example of a disturbance report (in Swedish) in Figure 5.  
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Figure 5. Example of a disturbance report from the Road Assistance (Vägvakt). 
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3. Estimation of capacity and fundamental diagram 
Some parameters describing the traffic characteristics are of great importance when evaluating the 
effects of an incident. These are capacity, free flow speed, critical density and the shockwave speed.  

The capacity indicates how many vehicles per hours that can be served at the incident site. The 
capacity will obviously be affected by an incident as a result of partially or fully blocking of lanes. A 
first guess would be to only reduce the capacity with the number of lanes that are not available, 
however, this is usually not the case. The type of incident, as well as the severity, number of rescue 
units, etc. will all have an impact on the resulting capacity. The CEDR project Pro-Active Incident 
Management (PRIMA) (Nitsche m.fl., 2016) concluded that there is limited knowledge on how much 
the capacity is affected by different types of incidents. 

The free flow speed is the average speed at free-flowing traffic conditions, corresponding to the 
average speed at low traffic flows. At a homogenous motorway stretch this is usually close to the 
actual speed limit on the road. However, when an incident occur vehicles might have a different 
desired speed, even if there is no congestion on the incident site. Commonly, the drivers reduce the 
speed to adapt to the prevailing traffic conditions at the incident site, due to e.g. a sense of insecurity, 
limited lateral space, for safety-related reasons and concerns for people and rescue workers at the 
incident site, etc.  

The critical density describes how many vehicles per kilometer that is occupying the road when a 
traffic breakdown occur and a backwards propagating queue is likely to arise. That is, when the 
arriving flow is equal to the capacity. 

The shockwave speed is describing the propagation speed of the congestion. A high shockwave speed 
means a fast propagation of the congestion within the road network at demand levels above the 
capacity, while a small shockwave speed gives a slow propagation of the congestion within the road 
network.  

The parameters can be used to describe the of the speed-flow, speed-density and density-flow relations 
as a mathematical expression, generally referred to as the fundamental diagram. The fundamental 
diagram is one of the main building blocks in a traffic flow model for estimation and prediction of 
future traffic states. Therefore, a good correspondence between the estimation of the parameters in the 
fundamental diagram and the observed parameters will result in a traffic model capable of capturing 
the realistic traffic performance. However, it should be noted that a traffic model is a simplification of 
the reality why the fundamental diagram might need further adjustments depending on the choice of 
traffic model. A simple form, which usually manage to capture the relations well-enough, is the 
hyperbolic linear fundamental diagram, which is an approximation of Daganzo-Newell’s fundamental 
diagram (Phillips, 1979, Newell, 1993, Work m.fl., 2010). The functional form is very similar to the 
well-known triangular fundamental diagram, but unlike the triangular fundamental diagram, the 
uncongested part (below critical density) is assumed to have a decreasing speed due to the increasing 
density. The functional form of the density-flow relation for the hyperbolic fundamental diagram is 
shown in Figure 6. As concluded in Fan och Seibold (2012), the hyperbolic-linear fundamental 
diagram is relatively simple, but can still capture and described many of the required features of traffic 
in a satisfactory way.  
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Figure 6. The density-flow relation of the Hyperbolic-linear fundamental diagram. 

The jam density (𝜌𝜌𝑚𝑚𝑚𝑚𝑚𝑚), i.e. the maximum number of vehicles per kilometer in standstill traffic, can 
without loss of reliability be assumed to be similar irrespective of the situation, i.e. incident or not. For 
this reason, only the free flow speed (𝑉𝑉0), the shockwave speed (𝑤𝑤𝑓𝑓) and the critical density (𝜌𝜌𝐶𝐶) is 
concluded to have an impact on the resulting capacity (𝐶𝐶). Thus, it is desirable to have parameter 
estimates of free flow speed, the shockwave speed and the critical density for different incident types 
to model the traffic state evolution of an incident in a realistic way.  

Before the capacity distribution and the parameters of the fundamental diagram for incidents can be 
estimated, observations representing the capacity and throughput must be identified, independent on if 
an incident is observed or not. The capacity observations are given by observations of traffic flow and 
speed (or density if available), just before a breakdown of the traffic, where a breakdown is defined as 
the transition from non-congested traffic to congested traffic. The throughput is the traffic flow after 
an incident occur and it can be used to find parameters for the congested part of the fundamental 
diagram. However, the throughput can also be used to find parameters for the uncongested part of the 
fundamental diagram if the demand after the incident is lower than the capacity at the incident, i.e. 
when the demand can be served at the incident site also after the incident occur. To avoid using 
uncertain observations of capacity and throughput, the observations of traffic flow and speed at the 
incident and after the incident should be stationary, i.e. observations of traffic flow with a small 
variance aggregated over a longer time period. The methodology for identification of breakdowns and 
identifying periods with stationary traffic conditions are described in section 3.1. When the 
breakdowns and the periods with stationary traffic conditions are given, the capacity observations, as 
well as the throughput observations are identified in section 3.2. Finally, the capacity distribution and 
the parameters of the fundamental diagram are estimated in section 3.3 and 3.4, respectively. 

3.1. Identification of breakdowns and periods with stationary traffic 
conditions (quantitative approach) 

The identification of breakdowns follow the method proposed by Cassidy och Windover (1995), 
Cassidy (1998), Cassidy och Bertini (1999) and Soriguera m.fl. (2017) applied to the MCS data 
(described in chapter 2). However, due to the large data set with one-minute observations over one 
year and for several detectors, we propose an automated process for identification of breakdowns. The 
following steps are performed for each detector individually using an automated process: 

1. Identification of changes in the traffic state through identification of periods with stationary 
traffic conditions 

2. Identification of traffic breakdowns 
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3.1.1. Identification of changes in the traffic state through identification of periods 
with stationary traffic conditions 

• First, periods with stationary traffic conditions are identified by aggregating one-minute 
observations over larger time periods to reduce the fluctuations in speed and flow over time. 
The period with stationary traffic condition should be at least 10 minutes and calculated as 
averages of speed and traffic flow with fluctuations of less than 1.7 standard deviations for the 
considered period as suggested by Soriguera m.fl. (2017).  

• Secondly, breakpoints are identified to find larger changes in the traffic conditions, resulting 
in a change in the traffic state, where a traffic state is defined by speed, flow and density. 
Cassidy och Windover (1995), Cassidy (1998), Cassidy och Bertini (1999) and Soriguera m.fl. 
(2017) propose a method for identifying changes in the traffic state by the use of the 
cumulative count of the number of vehicles. The authors conclude that piece-wise linear 
trends can be observed in the cumulative count of the number of vehicles and that the traffic 
conditions of each segment of the piece-wise linear function represent the current traffic state. 
Further, transitions (discontinuities) between the linear segments of the piece-wise linear 
function represent changes in the traffic state. Therefore, the periods with stationary traffic 
conditions are used to create the cumulative count of number of vehicles. Each segment of the 
piece-wise linear function can be assumed to remain stable for longer time periods than those 
observed in one stationary traffic condition, i.e. including multiple periods of stationary traffic 
conditions. Hence, it is first at larger changes in the traffic conditions, a change in the traffic 
state is observed.  

• In Cassidy och Windover (1995), Cassidy (1998) and Cassidy och Bertini (1999), the 
segments of the piece-wise linear function are identified through manual inspection. However, 
for larger data sets there is a need to automate this process. This is done by applying the 
Matlab function findchangepts, see MATLAB (2020b) for more info. The function is used to 
identify linear trends and breakpoints between linear trends by considering a threshold of 
minimum improvement in total residual error in mean and slope. The threshold is given as an 
input to the function and is set by manual inspection of data from several randomly chosen 
sample days. The threshold is set large enough to guarantee that the breakpoints for the 
considered sample days represents observable transitions in the traffic conditions, 
representative to a change in the traffic state, but small enough to not loose important 
transitions in the traffic condition. Observe that the threshold is only verified for the 
considered sample days.  

• The final output is breakpoints at specific points in time with observable changes in the traffic 
conditions, leading to a change in the traffic state, see Figure 7 for an illustration. Breakpoints 
are detected at the dashed lines as a result of an observable change in the traffic state, where 
the ‘observability’ is defined by the threshold value. The characteristics of the observed traffic 
state can be represented as the averages of included periods with stationary traffic conditions. 



VTI rapport 1078A  21 

 
Figure 7. Cumulative count of number of vehicles is scaled for easier detection of breakpoints and for 
easier comparison between functions in later steps, according to suggestions in Cassidy och Windover 
(1995), Cassidy (1998) and Cassidy och Bertini (1999). Observe that the exact value of the scaled 
graphs (y-axis) is with purpose hard to read since it is only the slopes and breakpoints that are of 
importance for the proposed method. 

3.1.2. Identification of traffic breakdowns 
A breakdown can be identified in data by investigating occasions when the traffic density is increasing 
at the same time as the traffic flow is decreasing. A decrease in the traffic flow is represented as a 
large reduction in the slope between two segments of the piece-wise linear function of cumulative 
count of number of vehicles. Additionally, a large increase in density is detected by observing large 
increases in the slope between two segments of the piece-wise linear cumulative density function. And 
opposite, if the two functions (counts and density) have similar slopes the traffic state is assumed to be 
in non-congested traffic conditions, which can be used to identify a recovery from a breakdown. The 
cumulative density is derived from stationary speed and flow observations (flow divided by speed), 
due to the lack of measurements of density or occupancy, which are added together over time. Observe 
that there might not be a correlation between a change in measured speed and an instant change in 
density, why this simplification might have some impact on the time of the identification of 
breakdowns. However, this approach is believed to be good enough to identify the changes in the 
traffic state. In the automated process, two thresholds are used to identify large negative changes in the 
slope of the cumulative count of the number of vehicles from one segment of the piece-wise linear 
function to another, together with positive changes in the slope of the cumulative density from one 
segment of the piece-wise linear function to another. The thresholds are set by manual inspection in a 
similar way as the threshold described in section 3.1.1. See Figure 8 for an example of a detected 
breakdown. The functions are scaled for easier comparison. In the example a breakdown occurs after 
25 minutes where a reduction in the slope between two segments of the cumulative count of the 
number of vehicles is observed, together with an increase in the slope between two segments of 
cumulative density function. The traffic state has recovered from the breakdown after 100 minutes 
when the two functions have almost identical slopes again.  
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Figure 8. Example of the cumulative count of the number of vehicles and the cumulative density, 
resulting in a breakdown. Observe that the exact value of the scaled graphs (y-axis) is with purpose 
hard to read since it is only the slopes and breakpoints that are of importance for the proposed 
method. 

The resulting output from section 3.1 are breakpoints indicating changes in the traffic state. See Figure 
9 for an example of the available output for one day (2017-04-25). The blue and the red curves in the 
figure represents the average traffic flow and the average speed, respectively, during periods of 
stationary traffic conditions. The length of each period with stationary traffic conditions is represented 
as the length with a constant value in the curve. 

 
Figure 9. Illustration of periods of stationary traffic conditions in terms of average flow (blue curve) 
and average speed (red curve). The vertical lines represent the last period with stationary conditions 
before and after the observed breakdown. 
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3.2. Identification of capacity and throughput observations (qualitative 
approach) 

Under normal traffic conditions breakdowns are commonly observed at bottleneck locations, such as 
lane drops or merging maneuvers. However, this is not the case for incidents, instead the breakdowns 
occur at random locations along the road stretch. This becomes evident by looking at the observed 
breakdowns during normal traffic conditions and during incidents in Figure 10.  

 
Figure 10. Illustration of the number of breakdowns during normal traffic conditions, most commonly 
as a result of merging and lane-drops at on- and off-ramps, and breakdowns at incidents, for the 
southbound (a) and northbound (b) direction. 

Lane closures are common during incidents, with the goal to hinder vehicles from entering the incident 
site, to make it easy for rescue units to enter the incident site and to allow for smooth removal of 
vehicles involved in the incident. Therefore, information of location of lane closures in the MCS data 
is first matched with the identified breakdown times and locations (based on the process in section 3.1) 
and then with the incident data in the NTS database to separate breakdowns under normal traffic 
conditions from breakdowns due to an incident. Observe that since the breakdown location observed 
from the MCS data and the incident location in the NTS database are specified in terms of detector 
number, the specified detector number for the incident and the detector number for the breakdown 
might diverge for the different data sources, even though they are connected. To avoid missing true 
matches due to uncertainties in location, three detectors upstream and downstream of the incident 
location observed in the NTS database have been considered when matching incidents and breakdown 
locations between the two databases.  
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After matching breakdowns in the MCS data with incidents in the NTS data, breakdowns for around 
80% of the incidents are identified. From these incidents around 75% incidents could be categorized 
into the stopped vehicle incident category (without personal injuries), 22% incidents could be 
categorized into accidents (with personal injuries) and 3% other types. It is concluded that stopped 
vehicle is the most frequently observed incident type. The other categories are assumed to consist of 
too few observations and thereby include large uncertainties in the capacity estimations, why they are 
excluded from further analysis. 

The 101 observations of stopped vehicle incidents were analyzed in detail during a one-day workshop 
with the project participants Ellen Grumert, Viktor Bernhardsson, Johan Olstam and Joakim Ekström. 
Figure 11 gives an example of the information provided for each incident. The figures present the time 
stamps for detection of an incident in NTS data and breakdown detections using the MCS data. The 
figures were used to classify if stationary traffic flow observations could be considered as observations 
of capacity or throughput. An observation of traffic flow at the incident site can be classified as the 
capacity if an incident has been detected (NTS start), but before a breakdown occurs (Last stationary 
before), while an observation of traffic flow at the incident site is classified as throughput after a 
breakdown has occurred (flow observations between First stationary after and NTS end). This 
approach was further elaborated for the subcategory stopped vehicle with one lane closure on 
homogenous road sections with the speed limit of 100 km/h. The output from the workshop were 
observations of capacity and throughput for the given subcategory, where uncertain observations of 
capacity and throughput were excluded. The identified observations were used for the estimation of 
capacity and the parameters of the fundamental diagram. 

From the workshop it was concluded that even though the stopped vehicle incidents were categorized 
into similar subcategories based on number of closed lanes, speed limit and homogenous/off- or on-
ramp location, the observed capacity might vary, probably due to circumstances and traffic conditions 
not observable in the available data, such as weather conditions, number of rescue units, lanes affected 
but not closed in MCS, etc.  

 
Figure 11. Example of information provided for each incident at the workshop. The upper subplot 
illustrates the Variable Speed Limit sign status (recommended speed limit or closed lane ‘x’) and the 
lower sublot displays the stationary traffic conditions in terms of flow (blue line) and speed (red line), 
the NTS timestamps and the last stationary flow before traffic breakdown and first stationary flow 
after traffic breakdown. 
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3.3. Estimation of the capacity distribution  
When observations of the capacity have been identified based on the approach described in section 
3.2, the capacity can be estimated for the considered subcategory stopped vehicles at homogenous 
road sections with three lanes, one lane closed and a speed limit of 100 km/h. As concluded by 
Kondyli m.fl. (2017), the capacity is known to vary widely on a daily basis and even for similar traffic 
conditions and at the same site. Therefore, the capacity should be described and modelled as a 
stochastic variable with a stochastic variable, rather than as a fixed value. The cumulative distribution 
function can be used to represent possible outcomes of the capacity (or the traffic flow at a 
breakdown). To estimate the cumulative distribution function observations of capacity are required. 
The traffic flow observations classified as capacity observations in section 3.2. is used to estimate the 
cumulative distribution function. Different approaches exists in the literature and commonly suggested 
methods are the non-parametric product limit method (PLM) (Minderhoud m.fl., 1998) and the 
parametric Maximum Likelihood Method (MLM) (Geistefeldt och Brilon, 2009, Minderhoud m.fl., 
1997). A benefit with PLM is that it does not require a specific form of the cumulative distribution, 
however, the distribution function does only reach 1 if the observed maximum traffic flow is followed 
by a breakdown. MLM require a predefined form of the distribution function. In the literature a 
Weibull distribution is commonly assumed since it has been proven to give a good representation of 
the distribution of capacity in many previous empirical studies, see e.g. Minderhoud m.fl. (1997) or 
Geistefeldt och Brilon (2009). Besides the capacity observations, it is possible to make use of the 
observations of traffic flow before a breakdown since the capacity is known to be at least more than 
the observed traffic flow. However, during incidents the traffic conditions are changing due to for 
example a reduction in the number of available lanes and thereby this approach can only be used 
during normal traffic conditions. Instead, only the capacity observations are used to estimate the 
distribution of capacity. Since we only have observations resulting in breakdowns, the PLM will result 
in the full distribution function. Since MLM and PLM results in comparable distribution functions it is 
concluded that a Weibull distribution gives a good representation of the capacity distribution function 
also in this case. The resulting cumulative distribution functions using the two methods are shown in 
Figure 12 together with the expected value of the Weibull function. 

 
Figure 12. The cumulative distribution function of capacity at stopped vehicle incidents at 
homogenous road sections with three lanes, one lane closed and a speed limit of 100 km/h. 
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As can be seen in Figure 12 there is a larger tail at lower flow levels. The reasons for this can probably 
be explained by the fact that not all explanatory variables have been identified due to limitations in the 
level of detail in the available incident data. For example, for very low-capacity observations it might 
be the case that more than one lane is indispensable, due to blocking of lanes by the stopped vehicle or 
the rescue units, etc., even though only one lane is closed according to the available MCS data. Other 
factors affecting the capacity can be weather or road conditions, the road design (curvature, slope,…), 
and etc. One question is also which value that is most correct to use in a traffic model, the expected 
value of the Weibull distribution or another probability level? One possibility is to illustrate the 
uncertainty in the estimate by using an upper and lower bound, such as for example the 95%- or 75%-
percentile. However, the choice of upper and lower bound is related to how much of the extreme cases 
that should be covered and with a too wide range, such as the 95-% percentile, there is a risk to end up 
with a large number of possible outcomes. The effects the different percentiles will have on the 
resulting fundamental diagram is presented in section 3.4.  

3.4. Estimation of the parameters of the fundamental diagram 
The fundamental diagram is estimated for the subcategory stopped vehicles at homogenous road 
sections with three lanes, one lane closed and a speed limit of 100 km/h. The traffic flow observations 
classified as capacity and throughput, identified in the workshop described in section 3.2, is used to 
estimate the parameters of the uncongested and the congested part of the hyperbolic-linear 
fundamental diagram. Since some of the incidents occur at low traffic flows where the capacity never 
is reached, it should not be classified as throughput but rather the traffic flow corresponding to the 
current demand and related to the uncongested part of the fundamental diagram. Hence, a threshold 
related to the critical density is used to separate observations of traffic flow after the incident into 
traffic flow belonging to the uncongested part and throughput belonging to the congested part. The 
threshold value is based on the distribution of critical density, which is estimated similar to the 
capacity distribution in section 3.3. The distribution of critical density and the expected value used as 
threshold are shown in Figure 13. Only the traffic flow observations corresponding to a critical density 
value above the threshold value is categorized as throughput observations and used for the estimation 
of the congested part. 

 
Figure 13. The cumulative distribution function of critical density for stopped vehicle incidents at 
homogenous road sections with three lanes, one lane closed and a speed limit of 100 km/h. 

The congested and the uncongested part of the fundamental diagram is estimated by using MATLAB’s 
built-in function cftool, see MATLAB (2020a) for more details on the function. The optimization 
algorithm Levenberg-Marquardt is used to minimizes the absolute difference of the residuals (Least 
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Absolute Residuals, LAR). The jam density is assumed to be identical to the case without an incident. 
All other parameters are estimated with the tool. The final fundamental diagram is given in Figure 14 
and the resulting parameters are presented in Table 2. Two percentiles are presented to illustrate the 
uncertainties of the different percentiles. The fundamental diagram using the two percentiles have 
been adjusted by changing the capacity according to the percentiles in the capacity distribution and 
assuming that the critical density and the jam density is the same irrespective of percentile.  

Table 2. Final parameters for the calibrated hyperbolic-linear fundamental diagram and upper and 
lower bounds using the  95%- and 75%-percentiles in the capacity distribution. 

Parameter Estimated FD 95% percentile 
(low;high) 

75% percentile 
(low;high) 

𝐶𝐶 (veh/h/lane) 1640 (1210.5;1940.0) (1523.5;1768.5) 

𝜌𝜌𝑚𝑚𝑚𝑚𝑚𝑚 (veh/km/lane) 131.5 (131.5;131.5) (131.5;131.5) 

𝑉𝑉0 (km/h) 79.9 (58.8;94.2) (74.0;85.8) 

𝜌𝜌𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐(veh/km/lane) 51.2 (51.2;51.2) (51.2;51.2) 

𝑤𝑤𝑓𝑓 (km/h) 15.5 (11.4;18.3) (14.4;16.7) 
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Figure 14. Calibrated hyperbolic-linear fundamental diagram with 75% and 95% percentiles. 
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4. Estimation of duration of incidents 
An important aspect when estimating the effects of incidents is the incident duration, i.e. how much 
time elapses from the start of the incident to the incident site is cleared and the location of the incident 
is again unaffected in terms of capacity. During this time, the capacity per se may vary depending on 
the presence of rescue units (police, ambulance, fire service, etc.) and/or tow trucks. In order to get a 
rough idea of how the incident duration are influenced by different types of incidents, the extent of the 
incident and how many lanes that are blocked, disturbance reports from 468 incidents from Road 
Assistance (Vägvakt) have been compiled and analysed. 

4.1. Data collection 
To be able to estimate the duration of different types of incidents, a database was created from the 
disturbance reports from Vägvakt. The VägVakt reports includes more details about the incidents 
compared to the NTS reports, see chapter 2 for a description of the Vägvakt and NTS reports. Hence, 
the Vägvakt reports enables a more detailed analysis of how different potential explanatory variables 
might influence incident duration for different types of incidents. The database created based on the 
VägVakt reports contains the following information for each incident: 

• Alarm time and end time for the incident 

• Event type (accident, stopped vehicle, object and other phenomena) 

• Blocking (left lane, middle lane, right lane, road shoulder and emergency pocket) 

• Number of vehicles and vehicle type and if rescue units were on site in the event of an 
accident 

• Reason for stopped vehicle (only relevant for incidents of event type stopped vehicle) 

• Type of object on the roadway (only relevant for incidents of event type object) 

Out of the 468 disturbance reports from Vägvakt, 426 were of such quality that all information was 
included. Table 3 show the distribution of alarms with respect to incident type (accident, stopped 
vehicle or object) and number of blocked lanes or road shoulder and which lane that was blocked.  

Table 3. Distribution of alarms from the 426 disturbance reports that had complete information. 

 Accident Stopped vehicle Object 
Total 50 301 75 
1 lane blocked 19 153 29 
2 lanes blocked 9 1 7 
3 lanes blocked 0 0 1 
Right lane + road 
shoulder 4 21 2 
Right lane 19 146 25 
Middle lane 7 3 9 
Left lane 24 6 12 
Road shoulder 7 77 11 

4.2. Analysis 
The analysis has been done by calculating the mean value, standard deviation and confidence interval 
for different combinations of potential explanatory variables. Table 4 show the duration depending on 
the type of incident (accident, stopped vehicle or object) and the number of blocked lanes or road 
shoulder, including which lane that was blocked. 75%-confidence intervals were created to investigate 
if there is any statistically significant difference between incident duration for the different types of 
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incidents (accidents, stopped vehicles and objects on the roadway). On one hand, the analysis show 
that there is no statistically significant difference between accident and stopped vehicle incidents. On 
the other hand, there is a statistically significant difference between accident/stopped vehicle and 
objects on the roadway where the average value is approximately 52 minutes for accident/stopped 
vehicle and 26 minutes for objects on the roadway. The significance test between accident and stopped 
vehicle duration gives a result in the form - t-critical < t-Stat < t-critical gives a result of -1.16 < 0.47 < 
1.16 (p-value = 0.64), between accident and object blockage duration in the form t-Stat > t-critical 
gives a result of 4.46 > 1.16 (p-value = 2.11664E-05) and between stopped vehicle and object 
blockage duration in the form t-Stat > t-critical gives a result of 5.27 > 1:15 (p-value = 4.36396E-07). 

Table 4. Average duration and 75% confidence intervals (hours:minutes) divided by incident type and 
consequence based on blocked lane or road shoulder for the 426 disturbance reports with complete 
information. 

 
Accident  
duration 

Stopped vehicle 
duration 

Object blockage 
duration 

1 lane blocked 00:43 ± 00:07 00:47 ± 00:03 00:22 ± 00:07 
2 lanes blocked 01:09 ± 00:15 00:451) 00:22 ± 00:03 
3 lanes blocked - - 01:15 
Right lane + road shoulder 
blocked 00:26 ± 00:05 00:57 ± 00:10 00:18 ± 00:32 
Right lane blocked 00:46 ± 00:07 00:47 ± 00:03 00:27 ± 00:08 
Middle lane blocked 01:09 ± 00:16 00:35 ± 00:20 00:29 ± 00:09 
Left lane blocked 00:57 ± 00:08 00:46 ± 00:15 00:20 ± 00:06 
Road shoulder blocked 00:59 ± 00:20 00:49 ± 00:05 00:12 ± 00:03 
Mean value 00:53 00:51 00:26 
Standard deviation 00:33 00:47 00:32 
Confidence interval 75-% 00:05 00:03 00:04 
Upper confidence value 00:58 00:54 00:31 
Lower confidence value 00:48 00:48 00:22 

1) Only one value, therefor have no confidence interval been calculated. 

Table 5 show the incident duration for stopped vehicles considering the number of blocked lanes or 
road shoulder and the cause of the stopped vehicle. Results for accidents and objects on the roadway 
are presented in Appendix A. 75% confidence interval were created to investigate if there is any 
statistically significant difference between the incident duration when different number of lanes are 
blocked on the roadway at the incident site in the event of a stopped vehicle. The analysis shows no 
statistically significant difference at the 75 % confidence level between number of blocked lanes on 
the roadway. The significance test between 1 lane blocked and road shoulder blocked in the form - t-
critical < t-Stat < t-critical gives a result of -1.15 < -0.34 < 1.15 (p-value = 0,73). Two blocked lanes is 
limited to one observation and three blocked lanes are never observed, why no t-tests can be 
performed for these categories. 
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Table 5. Average duration and 75% confidence intervals (hours:minutes) in the event of a stopped 
vehicle divided by blocked lanes or road shoulder and reason for the stopped vehicle. 

 1 lane blocked 2 lanes blocked 3 lanes blocked Road shoulder 
Engine etc. 00:48 ± 00:06 - - 00:54 ± 00:17 
Towing 01:07 ± 00:10 - - 01:03 ± 00:21 
Obstructive 00:57 ± 00:08 00:45 - 00:58 ± 00:11 
Flat tire 00:43 ± 00:06 - - 00:47 ± 00:07 
Out of gasoline 00:31 ± 00:09 - - 00:18 ± 00:04 
Other reason 00:24 ± 00:25 - - 00:45 ± 00:14 
Mean value 00:47 - - 00:49 
Standard deviation 00:40 - - 00:42 
Confidence interval 75-% 00:03 - - 00:05 
Upper confidence value 00:51 - - 00:55 
Lower confidence value 00:44 - - 00:44 

Time of the day that the incident occur might influence the incident duration. To investigate if this is 
the case, the incidents were grouped based into four time intervals, irrespective of incident type, see 
Table 6. The result shows that there is a statistically significant difference for 1 blocked lane between 
06:30-09:00 and the other time intervals during the day. Where the average value is 30 minutes for 
06:30-09:00 and 41-52 minutes for the other time intervals. The significance test between 06:30-09:00 
and 09:00-15:30 in the form t-Stat < t-critical gives a result of -2.91 < -1.16 (p-value = 0.005), 
between 06:30-09:00 and 15:30-18:00 in the form  t-Stat < t-critical gives a result of -2.19 < -1.16 (p-
value = 0.031) and between 06:30-09:00 and 18:00-06:30 in the form  t-Stat < t-critical gives a result 
of -1.82 < -1.16 (p-value = 0.073). 

Table 6. Duration (hours:minutes) of all types of incidents divided into blocked lanes or roadside and 
time of day. 

 
 

1 lane 
blocked 

2 lanes 
blocked 

3 lanes 
blocked 

Road 
shoulder Total 

06:30-09:00 Mean value 00:30 - - 00:48 00:43 

Standard deviation 00:20 - - 00:29 00:45 

Confidence interval 75-% 00:03 - - 00:17 00:06 

Upper confidence value 00:34 - - 01:05 00:49 

Lower confidence value 00:26 - - 00:30 00:36 
15:30-18:00 Mean value 00:42 00:42 - 00:37 00:40 

Standard deviation 00:35 00:25 - 00:37 00:35 

Confidence interval 75-% 00:04 00:18 - 00:09 00:03 

Upper confidence value 00:47 01:00 - 00:46 00:44 

Lower confidence value 00:37 00:24 - 00:28 00:37 
09:00-15:30 Mean value 00:52 00:47 - 01:02 00:56 

Standard deviation 00:43 00:28 - 00:31 00:59 

Confidence interval 75-% 00:07 00:20 - 00:13 00:07 

Upper confidence value 00:59 01:07 - 01:16 01:04 

Lower confidence value 00:44 00:27 - 00:48 00:48 
18:00-06:30 Mean value 00:41 00:56 - 00:38 00:49 

Standard deviation 00:36 00:46 - 00:35 00:43 

Confidence interval 75-% 00:06 00:20 - 00:13 00:03 

Upper confidence value 00:47 01:16 - 00:51 00:53 

Lower confidence value 00:35 00:35 - 00:24 00:45 
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Table 7 show the results for stopped vehicles considering the possible impact of the time of the day on 
the incident duration. The analysis shows that there is no statistically significant difference with 
respect to the time of day at a 75% confidence level for stopped vehicle incidents. Hence, there is no 
need to differentiate the duration based on the time of the day for stopped vehicle incidents, which is 
useful knowledge when an estimate of the duration is required as an input in for example a scenario-
based analysis or for travel-time prediction. Corresponding analysis (also showing no statistical 
difference) for accidents and objects on the roadway is available in Appendix A. 

Table 7. Duration (hours:minutes) in the event of a stopped vehicle divided by number of blocked 
lanes or road shoulder and time of day. 

 
 

1 lane 
blocked 

2 lanes 
blocked 

3 lanes 
blocked 

Road 
shoulder Total 

06:30-09:00 Mean value 00:43 - - 00:48 00:46 

Standard deviation 00:49 - - 00:29 00:52 

Confidence interval 75-% 00:10 - - 00:17 00:09 

Upper confidence value 00:54 - - 01:05 00:55 

Lower confidence value 00:32 - - 00:30 00:37 
15:30-18:00 Mean value 00:43 - - 00:35 00:41 

Standard deviation 00:36 - - 00:36 00:37 

Confidence interval 75-% 00:05 - - 00:09 00:04 

Upper confidence value 00:49 - - 00:44 00:46 

Lower confidence value 00:37 - - 00:26 00:37 
09:00-15:30 Mean value 00:55 - - 01:02 00:59 

Standard deviation 00:39 - - 00:31 01:03 

Confidence interval 75-% 00:07 - - 00:13 00:10 

Upper confidence value 01:03 - - 01:16 01:10 

Lower confidence value 00:47 - - 00:48 00:49 
18:00-06:30 Mean value 00:49 - - 00:38 00:58 

Standard deviation 00:37 - - 00:35 00:41 

Confidence interval 75-% 00:07 - - 00:13 00:04 

Upper confidence value 00:56 - - 00:51 01:02 

Lower confidence value 00:42 - - 00:24 00:53 

4.3. Summary of findings 
The analysis shows that there is a statistically significant difference between the average duration of an 
accident or stopped vehicle and an object on the roadway, where the average value is approximately 
50 minutes for an accident or stopped vehicle and 27 minutes for an object on the roadway. 

The results show that there is a statistically significant difference between 1 blocked lane or road 
shoulder and 2 blocked lanes in the event of a stopped vehicle, where the average value is 
approximately 44 minutes for 1 blocked lane or road shoulder and 1 hour and 2 minutes for 2 blocked 
lanes. The result also shows that there is a statistically significant difference between 1 blocked lane 
and 2 blocked lanes in the event of an accident where the average value is 43 minutes for 1 blocked 
lane and 1 hour and 20 minutes for 2 blocked lanes. Finally, the results show that there is a statistically 
significant difference between all blockages due to objects on the roadway. For 1 blocked lane the 
average is 17 minutes and for 2 blocked lanes the average is 23 minutes and for blocked roadside the 
average is 11 minutes.  

The mean duration for the cases with statistically significant difference are shown in Table 8. 
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Table 8. Average duration for the cases with statistically significant difference divided by incident type 
and blocked lanes or road shoulder. 

 
1 lane 

blocked 
2 lanes 
blocked 

3 lanes 
blocked 

Road 
shoulder Total 

Accident 00:43 01:09 - 00:59 00:53 

Stopped vehicle 00:47 - - 00:49 00:51 

Object 00:22 00:22 - 00:12 00:26 

The result of the analysis of duration at different times of the day shows that there is no significant 
difference between time of day regardless of how the data is divided. 

Knowledge of incident duration and which aspects that might affect the incident duration is useful for 
Traffic Management Centers (as Trafik Stockholm). However, due to the large spread it might be an 
advantage to have a strategy where a start value is used in an initial estimation and then, if there are 
indications that the incident management will take longer time, the duration is adjusted to the average 
value and if indications of even longer incident management times the duration is adjusted to an upper 
confidence bound. Table 9 show possible start, average and upper bounds based on 75% confidence 
intervals of the duration data. If a strategy instead is based on 95% confidence intervals for the 
lower/start and upper bound, the strategy looks like in Table 10. 

Table 9. Duration levels for duration estimation for incident traffic management purpose based on 
75% confidence intervals. 

 Level 1 lane 
blocked 

2 lanes 
blocked 

3 lanes 
blocked 

Road 
shoulder Total 

Accident 

Upper level 00:50 01:24 - 01:19 00:58 
Average level 00:43 01:09 - 00:59 00:53 
Start level 00:36 00:54 - 00:39 00:48 

Stopped 
vehicle 

Upper level 00:50 - - 00:54 00:54 
Average level 00:47 - - 00:49 00:51 
Start level 00:44 - - 00:44 00:48 

Object 

Upper level 00:29 00:25 - 00:15 00:31 
Average level 00:22 00:22 - 00:12 00:26 
Start level 00:15 00:19 - 00:09 00:22 

Table 10. Duration levels for duration estimation for incident traffic management purpose based on 
95% confidence intervals. 

 Level 1 lane 
blocked 

2 lanes 
blocked 

3 lanes 
blocked 

Road 
shoulder Total 

Accident 

Upper level 00:55 01:38 - 01:37 01:02 
Average level 00:43 01:09 - 00:59 00:53 
Start level 00:31 00:40 - 00:21 00:44 

Stopped 
vehicle 

Upper level 00:53 - - 00:58 00:56 
Average level 00:47 - - 00:49 00:51 
Start level 00:41 - - 00:40 00:46 

Object 

Upper level 00:35 00:29 - 00:17 00:34 
Average level 00:22 00:22 - 00:12 00:26 
Start level 00:09 00:15 - 00:07 00:19 
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5. Demand estimation and prediction 
An important part of prediction of future traffic states for incident management is estimation and 
prediction of the traffic demand. Traffic demand is typically related to the number of persons 
(vehicles) that wants to travel from a source to a destination per time period. In contrast, the observed 
traffic flow is the number of vehicles that could travel from source to destination, given supply 
constraints in terms of road network capacity. The traffic demand can be predicted in terms of an 
origin-destination (OD) matrix or as boundary conditions in the form of input and output flow on 
boundary links of the traffic. An example of boundary links for a highway traffic model and OD flows 
is illustrated in Figure 15. 

 
Figure 15. Example illustration of boundary conditions to a highway traffic model (red links) and OD 
demand (red dashed lines) with traffic analysis zones in blue.  

However, in this work we are using a local traffic model for the incident without network 
representation. This means that we are not explicitly modelling on- or off-ramps or route choice and 
do not considering modified route choice due to the incident. Hence, the aim is to predict the boundary 
condition in terms of the number of vehicles that wants to travel on the incident link per time unit. We 
approximate this incident demand with the observed flow on the first upstream mainline sensor (see 
example in Figure 16), although more complex methods to impute the demand of upstream boundary 
links of the traffic model that takes into account congestion on the first upstream sensor could 
potentially be used. Note that with this type of model and setup, both on- and off-ramp flows as well 
as departure time shifts and route choice upstream of the incident can affect the incident demand.  



VTI rapport 1078A  35 

 
Figure 16. Example of incident first upstream sensor representing the incident demand.  

5.1.  Data processing and characteristics 
Data from the MCS data, described in chapter 2 are used as input to the prediction. The MCS system 
measures speed and flow per minute on all lanes, but for this analysis lane data is aggregated per link 
and 5-minute aggregation time intervals before prediction. 

Incident demand prediction is made for the first upstream sensor of the incident, see example in Figure 
16. The sensors that are identified for selected incidents used in chapter 6 are shown in Figure 17. 

Incident 

First upstream 
sensor 
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Figure 17. Detectors used for incident demand prediction. 

Figure 18 shows traffic flow observations for 5-, 10- and 15-minute aggregation time intervals. All 
flow data is aggregated in 5- minute time intervals before prediction, but from the plot we can see that 
it still includes what seems to be random fluctuations and there might be benefits in evaluating also 
15-minute time interval aggregations.   

 
Figure 18. Example flow observations for sensor E4N 30,075, aggregated in 5-, 10- and 15-minute 
intervals.  

To understand the demand profiles for the sensors of the case study, clustering of the demand profiles 
is used. One year of sensor data between 5 am to 10 pm is aggregated into 15-minute time intervals 
and structured in a flow vector per day. These daily flow vectors are then clustered using the widely 
used k-means clustering algorithm (MacQueen, 1967) with squared Euclidian distance as distance 
metric between flow profiles. Figure 19 shows the clustering results in terms of mean and 90-
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percentile values for one sensor (E4N 30,075) using 12 clusters. With 12 clusters, we can see clusters 
related to Monday-Thursday, Friday, weekends/holidays, vacation periods and outliers. Figure 20 
shows smoothed median flow profiles without outliers, and we can see how the different type of 
clusters relate to each other. Both plots indicate that relatively large demand variations can occur for a 
sensor even if we remove outliers and categorize the flow patterns according to day-of-week and 
vacation periods. However, variations can be reduced by utilizing available data for the current day in 
the prediction. 

 
Figure 19. Clustered flow profiles per lane for sensor E4N 30,075 with mean (black line) and 90-
percentiles (red). 

 
Figure 20. Smoothed traffic flow per lane for the different clusters for sensor E4N 30,075. Clusters 
with outliers are excluded. The colors represent different clusters. 
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5.2. Prediction method 
Traffic flow prediction has been studied extensively the last decades resulting in numerous 
publications (Vlahogianni m.fl., 2014). Both parametric (Ben-Akiva m.fl., 2001, Mahmassani m.fl., 
2005, Torday, 2010) and non-parametric, see for example Van Lint och Van Hinsbergen (2012) for an 
overview, as well as hybrid methods (Allström m.fl., 2016, Calvert m.fl., 2010, Pan m.fl., 2013, Wu 
m.fl., 2014) can be used to predict the traffic state. In this work we use a very commonly used and 
straightforward non-parametric method called k-nearest neighbour (KNN), see for example Davis och 
Nihan (1991) and Luo m.fl. (2019).  

The KNN method implemented here utilises historic flow data from each sensor during 2017. The 
flow is aggregated into 5-minute time intervals. Demand prediction for a given incident utilises data 
from the selected sensor a certain amount of time (TA) back until the start of the incident. The current 
day profile is then compared to all flow profiles for that sensor for all other days during 2017. The K 
most similar flow profiles are then found based on a squared Euclidean distance metric. The flow 
prediction for the prediction horizon (TB) is then the mean of the K most similar flow profiles from 
other days. A small K can cause overfitting whereas a large K can cause too much smoothing of the 
flow profiles.   

The parameters used for number of neighbours (K), historical time window for comparison (TA) and 
prediction horizon (TB) is shown in Table 11. The parameters are set manually and calibration of the 
number of neighbours could potentially improve the prediction accuracy. 

Table 11. Parameters used for prediction. 

Parameter Value 

Number of neighbours (K) 1 and 3 

Historical time window (TA) 180 minutes 

Aggregation time interval 5 minutes 

Prediction horizon (TB) 600 minutes 

5.3. Results 
Figure 21. Example of prediction result for sensor E4Z 31,000 with K = 3.Figure 21 shows the 
prediction result for an example incident where sensor E4Z 31,000 is the closest upstream sensor from 
the incident. Despite the incident start time being slightly misaligned, from visual inspection, the 
prediction results for the duration of the incident seems reasonable.  
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Figure 21. Example of prediction result for sensor E4Z 31,000 with K = 3. 

Figure 22 shows the predicted and observed traffic flows for the first upstream sensor of all analysed 
incidents in chapter 6. When no queue is forming, the predicted and measured flow should be similar. 
When a queue is forming, the measured flow should during the incident decrease to a lower flow than 
the predicted flow and after the incident increase to a larger flow than the predicted flow. Without 
change in mode, departure time and route choice of the upstream flow the sum of predicted and 
measured flow should be equal. 

The demand prediction in Figure 22 looks reasonable, although the predicted flow looks slightly low 
and slightly high for some incidents, given that the incident does not affect upstream demand and 
routing that much. A comparison with the flow from the closest upstream sensor that is not congested 
is made in in section 6.3. 
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Figure 22. Predicted (green) and measured (red) traffic flow for the first upstream sensor of the seven 
incidents analyzed in Chapter 6 using K = 1. The black line indicates the incident start in NTS. 
Starting from top left, row-wise, the incidents are: 130_2, 130_15, 130_18, 130_26, 130_30, 130_33 
and 130_45. See chapter 6 for more detailed description of the incidents. 
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5.4. Discussion 
Due to the definition of traffic demand, there is an inherent challenge in estimating the demand 
whenever the capacity of a road section is reached. Hence, when there is congestion it is very difficult 
to know what the ground truth demand is. In some cases, it is possible to use measurements upstream 
of the congestion to estimate the demand, but if on- or off-ramps are congested there is seldom 
upstream sensors available. To illustrate, for the example incident in Figure 16, a local prediction of 
the demand is reasonable until the queue propagates to the upstream intersections Tpl Hallunda and 
Tpl Fittja, when other traffic flows affect the queue propagation.  

By utilising traffic models with larger geographical scope, for example the complete highway network 
or even the entire city, the problem of the incident including other traffic flows can be reduced. 
However, this puts larger requirement on the model accuracy and calibration to capture route choice, 
network loading and upstream bottle necks. Furthermore, the demand must be predicted in terms of 
boundary flows or an OD matrix instead of just the upstream sensor. 

Another problem related to congestion and travel demand is the data-driven prediction of travel 
demand when the historical data includes recurring congestion due to a bottleneck downstream of the 
incident. In this case the historical data includes the measured flow rather than the traffic demand, and 
when the incident occurs, the downstream bottleneck is typically not activated. It is challenging to find 
general solutions to this problem, but the use of OD matrices instead of only the upstream sensor or 
boundary conditions might be possible to use also in this case, although the challenges related to route 
choice and network loading appears also here. 

Furthermore, a challenge that is identified is related to the accuracy of the incident start time. Data-
driven methods for estimating the demand can be biased if the flow reduction due to the incident is 
included in the pattern matching process. This could be a possible reason for predicting the demand 
slightly low in some of the incidents. This problem can probably be reduced significantly if data-
driven incident detection algorithms are used to adjust the incident start time.  

As mentioned earlier, this analysis does not include any modeling of rerouting effects caused by the 
incident. Currently we do not know how much this affects the result, but large-scale GPS probe data 
can be used to understand more about how rerouting is made during incidents. Moreover, the project 
“Prediktions- och scenariobaserad trafikledning (POST)”, running in parallel with this project, 
includes more advanced methods and detailed analysis of travel demand prediction. 
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6. Evaluation of methodology through traffic modelling of incidents 
To evaluate how well queue propagation can be estimated for a given incident based on predictions of 
incident duration, capacity and traffic demand, a set of numerical experiments have been conducted. 
Input is based on the methods presented in chapter 3, 4, and 5 and seven incidents with different traffic 
characteristics have been used for evaluation of the proposed methodology.  

The evaluation have been conducted using the queue theory based model presented in Olstam m.fl. 
(2015) for a limited set of representative incidents (described in section 6.1). The model is hereafter 
referred to as the queue model. The queue model was developed to predict queue length and delay at 
incidents and it does only model the propagation of the end of the queue in time and space, i.e. it does 
not include modelling of the evolution of the traffic conditions within the non-congested and the 
congested areas. However, the model has been adapted to include a varying demand during the 
incident. This is done by calculating the queue propagation at discrete time steps given the demand, 
the current traffic situation and the demand profiles at predefined time steps. 

An initial verification was performed in a case where duration, demand and capacity were assumed to 
be known (section 6.2). This was done to verify that the queue model was able to reproduce the real 
queue propagation given perfect information about the traffic situation. The next step was to perform a 
set of experiments in which one of the following variables at the time were assumed to be unknown 
and needed to be predicted: unknown demand (section 6.3); unknown duration (section 6.4) and 
unknown capacity (section 6.5). An upper and lower bound has been used to investigate how sensitive 
the different variables are to incorrect predictions. Finally, in Section 6.6, an evaluation of the 
methodology was carried out for a situation when all variables were unknown and needed to be 
predicted/estimated and used as predicted input based on the proposed methods in Section 3, 4 and 5. 
This is expected to correspond to a situation that the personnel at the traffic control center are 
experiencing in real life, with all variables unknown and limited information to base the assumptions 
on. Also here an upper and lower bound has been used in order to give a range of likely outcomes.  

Figure 23 gives an example of the likely outcomes (the shaded dark grey area in the figure) of the 
queue tail. The predicted queue tail at different time instants using an upper and lower bound are 
illustrated as solid dark lines and the predicted queue tail at different time instants using the mean 
values are shown as a dashed white line in the figure. The upper and lower bounds of queue tail may 
vary in both time and space since it is the results of different compositions of the upper and lower 
bounds of predicted capacity, incident duration and demand profiles. The final upper and lower 
bounds of the queue tail is taken as the most extreme cases. 

The background color of Figure 23 gives information about the speed observations in time and space, 
which can be used to get a picture of how well the area of possible outcomes matches the true 
observed queue tail, i.e. at the boundary between high and low speed observations downstream of the 
incident and during the incident duration. Such figures are useful when analyzing the accuracy of the 
predictions. A good match means that the true observed queue tail falls within the shaded area of 
possible outcomes.  
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Figure 23 Example illustration of lower and upper bound of queue tail. 

To evaluate how sensitive the predicted queue length is to the specific traffic model, the Cell 
Transmission model (CTM) have been applied to the same incidents. The CTM model is a numerical 
method proposed by (Daganzo, 1994), that model the evolution of traffic using partial differential 
equations to describe changes in the traffic state in time and space, i.e. it is a macroscopic traffic 
model. The model is discrete in time and space and, hence, differ from the queue model since it also 
models the congestion in space. It is of interest to investigate how this somewhat more complex model 
does perform in comparison to the queue model.   

6.1. Investigated incidents 
Seven representative incidents were selected for the verification experiments. The selection was made 
to maintain a variety of different incidents and thereby evaluate the potential of the prediction methods 
to adapt towards incidents of different characteristics. For example, the incident duration, the traffic 
demand at different times of day and the level of congestion differed among the selected accidents. 
Incidents were selected from the category stopped vehicles at a three-lane motorway with speed limit 
100 km/h and closure of one lane. This was the group of incidents with the largest number of samples. 

The selected incidents were chosen in such a way that isolated effects could be assessed, meaning that 
the traffic congestion were not caused by downstream congestion or merging as a result of on-and off-
ramps and lane-drops at upstream bottleneck locations. The selected incidents are illustrated with 
space-time diagrams and a plot representing the sequence of events during the incident time. The 
incidents are arranged in increasing order based on traffic demand before the breakdown, from a low 
demand to a high demand. In this way, both incidents at peak and off-peak traffic conditions are 
covered.  

The first incident is caused by a stopped vehicle during off-peak, the effect on traffic performance is 
limited since no queue propagation occurs. Figure 24 illustrates the sequence of events during the 
incident and Figure 25 illustrates the traffic conditions during the incident in a space time diagram. 
The incident is good for evaluating how the traffic models perform without a queue propagation, i.e. to 
be a good representation of the reality, the queue tail in the models should correspond to zero. 
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Figure 24. Sequence of events for incident 130 2. The upper subplot illustrates the Variable Speed 
Limit sign status (recommended speed limit or closed lane ‘x’) and the lower sublot displays the 
stationary traffic conditions in terms of flow (blue line) and speed (red line), the NTS timestamps and 
the last stationary flow before traffic breakdown and first stationary flow after traffic breakdown.  

 
Figure 25. Space-time diagram of speeds for incident 130 2. The cross marks where and when the 
incidents occurs according to NTS. 
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The second incident occurs just before afternoon peak hour (the traffic demand is still low), the traffic 
condition is affected by the incident since a queue propagates backwards causing congestion during 
the lane closure. Figure 26 and Figure 27 illustrates the sequence of events and traffic condition during 
the incident. Observe that the demand at the start of the incident is in line with the estimated average 
capacity in Table 12. Hence, it is expected that the demand can be served at the incident site with only 
limited propagation of a queue. However, after the incident, higher demand is observed, wherefore it is 
expected that the demand is increasing during the incident and a queue has built-up. Even so, the 
queue propagation speed is very large during the first part of the incident and it seems too large in 
relation to the demand level, why it could be suspected that more than one lane is blocked, at least for 
some time at the start of the incident. Hence, this incident seems to have different traffic 
characteristics compared to the others, probably due to traffic characteristics and explanatory variables 
of the incident that are not observable in the given data, such as temporary blocking of additional lane 
at the scene, etc.    

 
Figure 26. Sequence of events for incident 130 15. The upper subplot illustrates the Variable Speed 
Limit sign status (recommended speed limit or closed lane ‘x’) and the lower sublot displays the 
stationary traffic conditions in terms of flow (blue line) and speed (red line), the NTS timestamps and 
the last stationary flow before traffic breakdown and first stationary flow after traffic breakdown.  

 
Figure 27. Space-time diagram of speeds for incident 130 15. The cross marks where and when the 
incidents occurs. 
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The third incident occurs during the late afternoon peak hour when the traffic demand is decreasing. 
Congestion appears because of the lane closure, but as the demand decreases forward recovery appears 
dissolving the congestion almost completely even before all lanes are reopened. Figure 28 and Figure 
29 illustrates the sequence of events and traffic the conditions during the incident. Also for this 
incident, an increase in traffic flow is observed at the end of the incident, even though the traffic flow 
is relatively low during the incident (corresponding to capacity levels). This indicates that the capacity 
is much lower than what was estimated in Section 3.3 and 3.4, as a result of non-observable traffic 
characteristics and explanatory variables of the incident.  

 
Figure 28. Sequence of events for incident 130 18. The upper subplot illustrates the Variable Speed 
Limit sign status (recommended speed limit or closed lane ‘x’) and the lower sublot displays the 
stationary traffic conditions in terms of flow (blue line) and speed (red line), the NTS timestamps and 
the last stationary flow before traffic breakdown and first stationary flow after traffic breakdown.  

 
Figure 29. Space-time diagram of speeds for incident 130 18. The cross marks where and when the 
incidents occur.  
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The fourth incident occurs during the beginning of the afternoon peak hour. The traffic conditions are 
affected in a limited way since the duration of the lane closure is short. Figure 30 and Figure 31 
illustrates the sequence of events and the traffic condition during the incident. This incident can be 
used to evaluate if the traffic models manage to capture incidents around the estimated capacity in a 
satisfactory way, meaning that no large queue propagation occurs, but the incident have some impact 
on the output from the traffic models.  

 
Figure 30. Sequence of events for incident 130 26. The upper subplot illustrates the Variable Speed 
Limit sign status (recommended speed limit or closed lane ‘x’) and the lower sublot displays the 
stationary traffic conditions in terms of flow (blue line) and speed (red line), the NTS timestamps and 
the last stationary flow before traffic breakdown and first stationary flow after traffic breakdown.  

 
Figure 31 Space-time diagram of speeds for incident 130 26. The cross marks where and when the 
incidents occurs. 
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The fifth incident occurs during the beginning of the afternoon peak hour when the road stretch 
experience a high traffic demand during the lane closure. This is reflected in the fast queue 
propagation, especially during the beginning of the incident. Figure 32 and Figure 33 illustrates the 
sequence of events and the traffic conditions during the incident. Observe that the congestion affects a 
number of on- and off-ramps at Hallunda and Fittja, the demand from the on-ramps and the exiting 
traffic is not predicted in the demand modelling, why large deviations in the output of the traffic 
models might be observed as a result of this. Further, data is missing for some detectors and 
information is not available at the tail of the congestion due to that the congestion propagates out of 
the traffic network. 

 
Figure 32. Sequence of events for incident 130 30. The upper subplot illustrates the Variable Speed 
Limit sign status (recommended speed limit or closed lane ‘x’) and the lower sublot displays the 
stationary traffic conditions in terms of flow (blue line) and speed (red line), the NTS timestamps and 
the last stationary flow before traffic breakdown and first stationary flow after traffic breakdown.  

 
Figure 33 Space-time diagram of speeds for incident 130 30. The cross marks where and when the 
incidents occurs.  
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The sixth incident occurs during the morning peak hour. Congestion appears but the traffic condition 
is affected in a limited way even though the traffic demand is quite high. Forward recovery appears, 
which indicates decreasing traffic demand. Figure 34 and Figure 35 illustrates the sequence of events 
and the traffic conditions during the incident. The incident is good for evaluation of how the traffic 
models behave during peak-hours, but with limited propagation of congestion.  

 
Figure 34. Sequence of events for incident 130 33. The upper subplot illustrates the Variable Speed 
Limit sign status (recommended speed limit or closed lane ‘x’) and the lower sublot displays the 
stationary traffic conditions in terms of flow (blue line) and speed (red line), the NTS timestamps and 
the last stationary flow before traffic breakdown and first stationary flow after traffic breakdown.  

 
Figure 35. Space-time diagram of speeds for incident 130 33. The cross marks where and when the 
incidents occurs. 
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The seventh incident occurs during the afternoon peak hour, affecting the traffic condition and 
congestion increases during the lane closure. Figure 36 and Figure 37 illustrates the sequence of events 
and traffic condition during the incident. The incident is good for evaluation of how the traffic models 
behave during peak-hours with a considerable propagation of the congestion. 

 
Figure 36. Sequence of events for incident 130 45. The upper subplot illustrates the Variable Speed 
Limit sign status (recommended speed limit or closed lane ‘x’) and the lower sublot displays the 
stationary traffic conditions in terms of flow (blue line) and speed (red line), the NTS timestamps and 
the last stationary flow before traffic breakdown and first stationary flow after traffic breakdown.  

 
Figure 37. Space-time diagram of speeds for incident 130 45. The cross marks where and when the 
incidents occur. 
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6.2. Traffic model verification – known demand, duration and capacity 
To verify that the queue model was able to reproduce the queue propagation during an incident if 
duration, demand and capacity were known, verification runs were conducted in which the underlying 
fundamental diagram in the model was calibrated for each specific incident. This means that the model 
runs were conducted using the known duration of the incident, the actual flow arriving just upstream 
of the queue and individually predicted incident capacity for each of the investigated incidents. Note 
that it was not the throughput itself that was measured and used in the model, but the underlying 
fundamental diagram in the queue model was calibrated to get an as good fit as possible of the queue 
propagation given the known demand and incident duration. This was done by testing a range of 
different parameter values in the underlying fundamental diagram. 

In order to measure the actual traffic demand approaching the incident scene, observations of traffic 
flow from MCS data upstream the incident location were used. Traffic flow observations at the 
incident site or in the congested state is limited by the bottleneck at the incident and does not represent 
the traffic demand. Instead, the traffic demand was observed by applying a density threshold-based 
algorithm to identify the location of the queue tail and how it varies over time. Since the incident 
location was known, the algorithm was applied at the given location and it then searched for the 
upstream end-tail of the queue at each time instant. This method neglects the effect of ramps since it is 
not reliable to measure the ramp demand during congested traffic states. Figure 38 illustrates the 
location where the demand profile is measured for a specific incident. 

 
Figure 38. Estimated demand upstream the incident, using the detector at the red line in order to 
maintain free flow condition. 

By applying a calibrated fundamental diagram for the specific incident, given observed demand and 
incident duration, the model could be verified in terms of queue propagation. Since the observed 
traffic flow at the actual incident scene represent the throughput rather than the capacity, a calibration 
process was applied to estimate the capacity given that the traffic demand, incident duration and queue 
length was known. 

The calibration process evaluated several fundamental diagram parameter sets based on the queue 
propagation. The objective function was the Root Mean Square Error (RMSE) comparing predicted 
queue length from the queue model and the measured queue length from observations in each time 



52  VTI rapport 1078A 

step. Three parameters spanning the fundamental diagram in the queue model, were used in the 
calibration process. These were: 

• 𝑉𝑉𝑓𝑓: free flow speed [km/h] 

• 𝑚𝑚: capacity at scene [veh/h] 

• 𝑡𝑡 : response time [km/h]. Described as 𝑡𝑡 = −𝑙𝑙/𝑤𝑤, where 𝑙𝑙 is the jam density (132.3 
veh/km/lane) and 𝑤𝑤 is the shock wave speed. 

Feasible intervals and reasonable step length were estimated for each parameter to obtain a 
comprehensive range of combinations of the calibration parameters. The considered range for each 
parameter is presented in Table 12. In total 11 040 number of combinations of the fundamental 
diagram parameters were evaluated. 

Table 12. Range of parameters in the calibration of fundamental diagrams. 

Parameter Lower bound Step length Upper bound 
𝑡𝑡 1.8 0.05 2.5 
𝑉𝑉𝑓𝑓 65 1 80 

𝑚𝑚 1000 20 1900 

In general, the free flow speed is found to be non-crucial when estimating the fundamental diagrams, 
several values of the free flow speed resulted in the same value of the objective function. Based on this 
observation, the relation between the capacity 𝑚𝑚, the response time 𝑡𝑡 and objective value can be 
illustrated by a surface as shown in Figure 39 for incident 130 45.  

 
Figure 39. Surface of solutions with the calibration of fundamental diagram for incident 130 45. The 
RMSE is comparing predicted queue length from the queue model and the measured queue length 
from observations in each time step. 

Calibrated parameters for each incident are presented in Table 13. The fundamental diagram 
characteristics varies a lot between different incidents, which makes it difficult to estimate a general 
fundamental diagram representing all incidents. One possible explanation for the differences is that not 

𝑡𝑡 𝑚𝑚 
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all explanatory variables affecting the capacity of the incidents are observed or are even impossible to 
observe with the given data sources. For example incident 13018 have a low estimated capacity, which 
is in line with the conclusions in Section 6.1, where it is stated that a possible explanation to the low 
capacity is unknown or missing information about incident characteristics. Additionally, capacity is 
known to vary, even for the same traffic conditions and at the same location, why the estimated 
capacities might all be representative and reflect a reasonable range comparable to the estimated 
capacity distribution in Section 3.3. The calibration was also applied in order to estimate the general 
fundamental diagram using summarized RMSE of queue propagation for all incidents. Due to the 
large variation between incidents, the results from this approach did not fall out so good and the results 
has therefore been excluded.    

Table 13. Best solutions from the fundamental diagram calibration.  

Incident 𝒕𝒕 𝑽𝑽𝒇𝒇 𝒎𝒎 

130 2 1.8 65 1000 

130 15 2.3 65 1320 

130 18 2.5 65 1180 

130 26 1.8 65 1260 

130 30 2.1 65 1320 

130 33 2.05 72 1480 

130 45 1.95 71 1540 

Queue model predictions using calibrated parameter values do in general give rather good predictions 
on the queue propagation, see Figure 40. When congestion appears because of the lane closure, the 
model predicts the queue reasonably well. When there is no queue according to measurements, the 
model does not predict any queue. 

 
Figure 40. Comparison of maximum queue length from measurements and queue model results when 
duration, demand and capacity is known. 

The exception is incident 130 30 which is a special incident, the congestion is heavy and the queue is 
propagating fast during the initial phase of the incident, see Figure 41. As concluded in Section 6.1, 
several on and off-ramps are affecting the queue, information from detectors are missing and the 
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queue does expand outside of the measured network where no available detectors are available 
Consequently, it is difficult to predict the traffic demand due to uncertain and non-available 
observations of the traffic demand from the MCS data. It is also very likely that the existence of ramps 
in the congested area causes inconsistencies between measured upstream demand and actual arriving 
flow at the tail of the queue. 

 
Figure 41. Predicted queue propagation with best fitting parameters (black line) compared with 
measures (space-time plot for speeds) for incident 130 30. 

In general, incidents are modelled in a reliable way using the queue model. Results in terms of queue 
propagation with calibrated fundamental diagrams for incident 130 18 is illustrated in Figure 42 and 
incident 130 45 in Figure 43. However, it should be mentioned that incident 130 18 require a lower 
calibrated capacity, compared to many of the other incidents, to result a good fit.
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Figure 42. Predicted queue propagation with best solution (black line) compared with measures 
(space-time plot for speeds) for incident 130 18.  

 
Figure 43. Predicted queue propagation with best solution (black line) compared with measures 
(space-time plot for speeds) for incident 130 45. 

6.3. Predicted demand 
The demand prediction is based on the method described in chapter 5. Three different aggregation 
time intervals were considered: 5, 10 and 15 minutes. The advantage with predicting demand for short 
time intervals is that the traffic model might be able to capture queue propagation over time in more 
detail. The disadvantage of short demand prediction intervals is that the demand fluctuations that 
might arise at short time intervals are large compared to longer aggregation time intervals commonly 
used in queue models. However, it is not certain if, and how, these fluctuations affect the prediction of 
the queue. In order to investigate if the aggregation time interval for the predicted demand have any 
effect on the queue propagation predicted by the queue model, the incident duration and the capacity 
were assumed to be known. The incident duration was measured, and the capacity was 
estimated/calibrated for individual incidents as described in section 6.2, while the demand was 
predicted using the method described in chapter 5 for three different aggregation time intervals. 

The maximum queue length was predicted for each incident using the three different aggregation time 
intervals for the predicted demand. The predicted maximum queue length was compared to measured 
maximum queue length. The results are illustrated in Figure 44. According to the results, the model in 
general overestimates the queue length, except for incident 130 30 which is heavily underestimated. 
However, as concluded in Section 6.1, this incident include large uncertainties with respect to the 
demand, due to uncertain and/or unknown on- and off-ramp flows, as well as missing detectors and 
data. 
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Figure 44 Comparison of maximum queue length from measurements and queue model results when 
traffic demand is predicted. The bar represents the average and the ‘error bars’ represent the 
minimum and maximum queue length for the different aggregation levels considered. 

Results for two individual incidents are presented to show how the prediction of the queue length 
might be affected by different, known and unknown, properties of the predicted demand. For incident 
130 30, it becomes obvious that the predicted demand is not representative. This is most likely due to 
the uncertain and/or unknown on- and off-ramp flows, as well as missing detectors and data. In Figure 
45, the underprediction of the queue propagation becomes evident, resulting in an estimated queue 
length that is not corresponding to the observed queue length for the incident 

 
Figure 45. Effect of predicted demand using varying aggregation periods, incident 130 30. 

Incident 130 33 is an example of an incident resulting in a more accurate estimated queue length. The 
traffic demand seems to be somewhat overestimated, especially in terms of peak-duration, but the 
model capture the queue length well-enough, see Figure 46. This can be somewhat expected since the 
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traffic characteristics of this incident seems to correspond well with the estimated capacity and the 
expected behavior during the incident, as is concluded in Section 6.1 and 6.2. Hence, this incident can 
be said to be a “standard” incident for the given traffic conditions and incident type, why it should 
result in a more correct prediction of the queue length. Result figures for the rest of the incidents are 
given in Appendix B. 

 
Figure 46. Effect of predicted demand using varying aggregation periods, incident 130 33. 

Reliable predicted traffic demand is of importance when predicting the level of congestion caused by 
an incident. This becomes evident when looking at incident 130 30. The predicted demand does 
deviate much from the actual demand, especially during the incident time, as can be seen in Figure 47, 
compared to incident 130 33 where the predicted and the observed upstream demand seems to match 
for the incident period. The reliability of the predicted demand is of major importance when running 
the model since the arriving flow will affect the queue propagation and traffic congestion. According 
to the results, the aggregation time interval is of less importance since the range between lower and 
upper bound is quite small. However, it is important to remember that a predicted demand with an 
aggregation time interval of less than 15 minutes might include large fluctuations, that seems to appear 
rather random. If the demand during an incident is close to capacity levels, there is a risk that these 
random fluctuations create congestion at undesired times, when it is not observed in real-life. 



58  VTI rapport 1078A 

 
Figure 47. Observed upstream demand and predicted demand with different aggregation levels for 
incidents 130 30 and 130 33. 

6.4. Predicted duration 
An empirical based prediction model of incident duration is presented in chapter 4. In order to 
investigate the sensitivity of the modelled output using the queue model with respect to the predicted 
duration, lower and upper bounds based on a 95%-confidence level (Table 10) were applied to the 
example set of incidents. Figure 48 gives an overview of the known incident duration for each of the 
incidents and the estimated value used in the prediction of the queue length. The incident durations 
that deviate the most from the predicted incident durations are also the ones that most likely result in a 
predicted queue length far from the true queue length. 

 
Figure 48. Known and predicted duration for the investigated incidents. The errorbars represents the 
range between lower and upper bounds of the prediction. 
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In these experiments, only the incident duration was varied in the queue model, considering the 
average and, lower and upper bounds based on the 95% confidence level. The demand and the 
capacity were assumed to be known and estimated as described in section 6.2. 

The maximum queue length for the different incidents predicted using the queue model is presented 
side by side with measurements in Figure 49. The error-bars indicates the upper and lower level of the 
queue tail as a result of the different applied values of the predicted incident duration. 

 
Figure 49. Comparison of maximum queue length from measurements and queue model results when 
incident duration is predicted. The ‘error bars’ represents average, minimum and maximum queue 
length from the different duration predictions (lower, average and upper) 

The results show that the different levels of duration have varying impact on the different incidents. 
For example, according to Figure 50 the predicted duration of incident 130 26 is overestimated which 
gives an overestimation of the queue propagation. The actual duration of incident 130 26 is only seven 
minutes but the lower bound of the predicted duration is 41 minutes. 
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Figure 50 Queue tail propagation due to different prediction levels of the incident duration (known 
capacity and demand), incident 130 26. 

In general, the predicted duration levels capture the duration of most of the considered incidents, 
exceptions are the short incidents which are overestimated in terms of duration. For example, the 
predicted duration corresponds to the observed duration of incident 130 45 (see Figure 51). In this 
specific case, the queue propagation is not affected by the variation in duration in any larger extent. 
This is explained by the fact that traffic demand is decreasing which creates a forward recovery shock 
wave. Results for all incidents in terms of space time illustrations, as in Figure 51, are presented in 
Appendix B. 

 
Figure 51. Queue tail propagation due to different levels of incident duration prediction (known 
capacity and demand), incident 130 45. 
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6.5. Predicted capacity 
How sensitive the results from the queue model are to different predictions of capacity is evaluated 
using the Weibull expected value of capacity as presented in Section 3.4, as a mean value and a lower 
and upper bound using the 75% percentile of the capacity distribution. Maximum queue propagation 
for each incident given the different levels of predicted capacity and assumed known demand and 
duration is illustrated in Figure 53. Figure 52 gives an overview of the capacity estimated individually 
for each of the incidents using the queue model and the estimated value used in the prediction of the 
queue length. 

 
Figure 52 Known and predicted capacity for the investigated incidents. The errorbars represents the 
range between lower and upper bounds of the prediction. 

The results in Figure 53 indicates that the capacity prediction have a major impact on the level of 
congestion. For several incidents, the queue may vary between no congestion to queue propagation of 
several kilometers. Incident 130 30 is the most extreme case, but as mentioned in previous sections 
this most likely due to the uncertainties in predicted demand, rather than the capacity predictions. 

In general, the level of congestion is underestimated using the predicted capacity, even with the lower 
bound. This indicates that the capacity should be lower than expected due to observations from 
stationary states and breakdowns. According to the results of incident 130 45 in Figure 54, the lower 
bound is close to the actual observed capacity, but for other incidents even the lower bound becomes a 
major underestimation in terms of queue propagation. This gives in indication of the complexity when 
trying to estimate a general capacity level during incidents. It seems like capacity during incidents is 
dependent on various characteristics beyond speed limit, number of lanes, etc. which complicates the 
process estimating a general fundamental diagram. Results for all incidents in terms of space time 
illustrations (as in Figure 54) are presented in Appendix B. 
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Figure 53. Comparison of maximum queue length from measurements and queue model results when 
capacity is predicted. The ‘error bars’ represents average, minimum and maximum queue length from 
the different capacity predictions (lower, average, upper). 

 
Figure 54. Queue tail propagation due to different levels of capacity prediction (known duration and 
demand), incident 130 45. 

6.6. Predicted demand, duration and capacity 
In a real-time situation when an incident occurs, the traffic demand, duration and capacity are all 
unknown and need to be predicted based on knowledge of the type of incident and the current traffic 
situation. In order to investigate to what extent the methods and estimations proposed in Chapter 3, 4 
and 5 can be used as input to the queue model for prediction of the queue propagation, experiments in 
which all three variables are unknown were conducted. To evaluate how the input including three 
unknown variables, not only for the queue model, but also for another traffic model, a CTM (Cell 
Transmission Model) is also applied. Since the CTM does also model the queue propagation in space 
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it might be able to capture some effects that the queue model does note mange to capture. Therefore, it 
is interesting to investigate if, and how, the different modelling approaches manage to predict the 
queue length. And if another dimension and a somewhat more complex model is superior to the queue 
model or if it is good enough to use a simpler model. 

Since the prediction of duration and capacity includes estimated lower and upper bounds and the 
demand predictions have been evaluated using three different aggregation time intervals, the results 
from the experiments are presented as minimum and maximum plausible queue propagation given all 
combinations of average, lower and upper bound, and demand at different aggregation time intervals. 

The results in terms of maximum queue length are presented in Figure 55. It is clear that the variations 
are large, in most cases the interval spans from predictions of no congestion to several kilometers of 
queue. In general, the CTM seems to give a higher value of the predicted queue length than the queue 
model. It becomes obvious that the capacity for incident 130 15 and 130 18 are overestimated. This 
can be explained by the fact that these incidents seem to be special, in the sense that they probably 
includes non-observable explanatory variables that results in a further reduction of the capacity than 
the one usually observed at a three-lane motorway at 100 km/h and a one-lane closure. However, the 
CTM model seems to be a little bit better in capturing the maximum queue length for incident 130 18. 
This is probably due to that it on average seems to give a higher value of the predicted queue length 
than the queue model. Again, for incident 130 30, the predictions with both the queue model and the 
CTM model are far off. This is probably explained by the large uncertainty in the predicted demand 
rather than the capacity prediction. For the incidents that are considered as representative for a three-
lane highway at 100 km/h and with a lane closure, incident 130 2, 130 26, 130 33 and 130 45, the 
CTM output are on an average closer to the true value, except for incident 130 26. However, the upper 
and lower limits are large resulting in that the true value are included in all bounds for these incidents. 
Incident 130 2 does not result in any queue for CTM and the queue model, even for the lower bound.  

 
Figure 55. Comparison of maximum queue length from measurements and traffic model results when 
demand, duration and capacity is predicted. The ‘error bars’ represents average, maximum and 
minimum queue length from the different configurations. 
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The best prediction in terms of maximum queue tail propagation, with both models is observed for 
incident 130 45 when applying the lower bound of capacity. According to Figure 56 and Figure 57, the 
queue propagation from the queue model and CTM conforms with the measurements when applying 
predicted input in terms of traffic demand, duration and lower bound of capacity. 

 
Figure 56. Incident 130 45, with predicted capacity (low), predicted demand and predicted duration. 
Predicted using the queue model. 

 
Figure 57. Incident 130 45, with predicted capacity (low), predicted demand and predicted duration. 
Predicted using CTM. 

Illustrations of queue propagation predictions for all incidents based on queue model calculations and 
CTM simulations are presented in Appendix B.  
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As, a conclusion both traffic models gives reasonable outputs for the standard incidents on a three-lane 
motorway with 100 km/h and a one-lane closure due to the incident. The CTM seems to capture the 
queue length better than the queue model when all variables are unknown and an average level is used 
for duration and capacity, except for 130 26 where the CTM is overestimating the queue, while the 
queue model is closer to the observed queue length. The aggregation time interval for the demand is 
expected to not have any major impact on the final output as concluded in Section 6.3, why it should 
probably be chosen large enough to reduce random fluctuations. Therefore, one could question if the 
modelling in space, as is the case in the CTM, does have an important impact on the resulting output. 

6.7. Application of methodology in real-time incident management 
The queue propagation prediction in section 6.6 were conducted using both a queue model and a 
macroscopic traffic simulation. An additional purpose was to evaluate the performance of the two 
models and identifying uncertainties related to input. It would be possible to use the framework for 
demand, incident duration, capacity prediction and traffic model prediction as an online application 
predicting the plausible queue propagation when an incident occurs. For example, a traffic manager 
gets information about the occurrence of an incident. Information about the location (including road 
properties) and number of lanes closed is available. The traffic manager would then be able to use 
assumptions or predictions of traffic demand, incident duration and capacity. This information would 
then be fed into the queue model or CTM in order to make a prediction of the queue propagation, 
giving a resulting prediction of the queue length as illustrated in Figure 58. Additional information 
will be available during the incident, which enable updated predictions of the queue propagation since 
the model run time is limited to a few seconds. 

 
Figure 58. Real-time application predicting queue propagation using CTM. The traffic manager has 
information about the incident in terms of location and number of lanes closed. 
Assumptions/predictions of traffic demand, duration and capacity are then used when predicting the 
traffic impact in terms of congestion extent in time and space. 

The capacity, incident duration and demand profiles can both be based on historical estimates (offline 
prediction) or predicted in real-time (online prediction). Table 14-Table 17 gives summary of 
suggested methods for when and how online and offline predictions can be used to predict the 
variables and which data that are required to perform the predictions. Some of the suggested methods 
are out of the scope of this study but is identified for potential future research. Observe that the 
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suggested methods are examples of methods that can be used; hence, the table is not complete, and 
many more methods might be applicable and useful in traffic management. 

Table 14. A summary of suggested methods and data requirements to use for offline and online 
predictions of the capacity and the fundamental diagram. 

 Capacity and fundamental diagram 
 Offline prediction Online prediction 

Method 

• Estimations of capacity for 
different types of incidents using 
the methodology as proposed in 
chapter 3.  

• Estimations of probable capacity 
ranges and the corresponding 
fundamental diagrams with the 
method proposed in chapter 3 to 
have probable outcomes of for 
example queue length and 
expected travel time 

• Kalman-filtering together with a predefined 
shape of the fundamental diagram. No 
predefined categorisation of incidents is 
required, instead the calibration is based on 
the adjustments of the parameters of the 
fundamental diagram online. Previous 
knowledge can be used to have information 
about probable adjustments. The suggested 
method is not part of this study but is left as 
future research. 

 

Data 
requirements 

• Historical observations of the 
traffic state for specific incident 
types, i.e. observations of speed, 
flow and, if possible, density. 

• Historical observations of the traffic state 
during incident and normal traffic conditions, 
i.e. observations of speed, flow and, if possible, 
density. 

• Real-time observations of the traffic state for 
specific incident types, i.e. observations of 
speed, flow and, if possible, density. 

Table 15. A summary of suggested methods and data requirements to use for offline and online 
predictions of the incident duration. 

 Incident duration 
 Offline prediction Online prediction 

Method 

• Statistical methods (as in chapter 
4) to estimate the duration for 
specific incident types. 

• Estimation of probable ranges of 
the incident duration based on 
confidence intervals (see chapter 
4), to have probable outcomes of 
for example queue length and 
expected travel time.  

• Online adjustments based on a start value 
estimated as the lower confidence bound. If 
there are indications that the incident 
management will take longer time, the duration 
is adjusted to the average value and finally to 
the upper confidence bound if required. 

Data 
requirements 

• Historical observations of the 
incident duration for specific 
incident types. 

• Historical observations of the incident duration 
for specific incident types. 

• Real-time information at the incident site, 
indicating if the incident management will take 
longer time than the initial estimated duration. 
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Table 16. A summary of suggested methods and data requirements to use for offline and online 
predictions of the demand profiles. 

 Demand profiles 
 Offline prediction Online prediction 

Method 

• Clustering methods to estimate the 
demand profiles for typical days, 
i.e. week days, weekends, 
holidays, specific weather 
conditions, etc. The most suitable 
demand profile is applied based on 
the current conditions the incident 
site.  

• Matching the current demand profile until the 
start of the incident with a set of clustered 
demand profiles, i.e. online estimation of the 
demand profile at the start of the incident.  

• Adaptations of the demand profile based on 
the current traffic conditions at the incident site, 
i.e. online estimation of the demand profiles 
during the incident. 

Data 
requirements 

• Historical observations of demand 
profiles or flow observations used 
to estimate demand profiles. 

• Historical observations of demand profiles or 
flow observations. 

• The current traffic flow/demand profile at the 
incident site using data from the start of the 
day until the start of the incident and if possible 
real-time updates of the traffic conditions 
during the incident. 

Table 17. A summary suggested of methods and data requirements to use for offline and online 
predictions of the queue length. 

 Queue length (using a traffic model) 
 Offline prediction Online prediction 

Method 

• Scenario-based-analysis to 
estimate possible outcomes using 
traffic modelling. The most 
probable outcome assigned based 
on the current traffic conditions at 
incident site. 

• Estimation of queue propagation online using a 
traffic model. Updated information about the 
current traffic conditions at the incident site are 
required during the incident duration. 

Data 
requirements 

• Historical data of queue length and 
the corresponding capacity, 
incident duration and demand 
profiles for different incident types.  

• A classification of the type of the 
current incident 

• Prediction/estimation of capacity, 
incident duration and demand 
profiles for the current incident. 

• A classification of the type of the current 
incident 

• Prediction/estimation of capacity, incident 
duration and demand profiles for the current 
incident and if possible real-time 
estimations/predictions of the capacity, incident 
duration and/or demand profiles for the current 
incident. 
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7. Conclusions and future research needs 
This report presents a methodology for estimating effects on capacity, duration and demand in 
connection with incidents on motorways using commonly available data on Swedish urban 
motorways. The aim was not to develop a decision support system but to present a methodology for 
estimating capacity, demand and incident duration and apply it to one possible application area to 
evaluate how well the proposed methodology perform. In this case the application area was chosen to 
be the prediction of queue propagation by using two simple traffic models, which is expected to be 
useful in real-time incident management. The proposed methodology was used to predict input values 
for the queue models. 

The conducted analysis of capacity effects of incidents shows large variations in capacity for the 
investigated subcategory, in this case stopped vehicle incidents that is blocking one lane (according to 
MCS) on a three-lane motorway with speed limit 100 km/h. This might be an effect of that data on 
potentially important explanatory variables are missing or that the level of detail in available variables 
are limited, e.g. it might be that more lanes are affected in reality than marked as closed in MCS or 
NTS. Potential important explanatory variables not available in the data set could be number of rescue 
units present at the incident, number of involved vehicles, lateral position and heading in relation to 
the driving direction, etc.  

The analysis of incident duration also shows large variations even within the investigated 
subcategories. However, the estimated incident duration and the corresponding 75% confidence 
intervals for the category stopped vehicle, capture actual incident durations for the seven more in-
depth studied stopped vehicle incidents, except for one incident, where the true duration was much 
lower than the estimated average and, hence, not covered by the confidence bounds. 

The proposed method for predicting demand profiles is in general able to rather good predict the 
expected demand at the incident site from the time of occurrence and onwards. However, in situations 
when incidents are observed close to off-ramps and on-ramps it is more difficult to make good 
predictions, which is the case for one of the investigated incidents. This is partly due to that flow 
observations on the ramps are commonly missing and need to be estimated based on difference in flow 
on the mainline before and after the ramp. A larger geographical scope of the model could make the 
demand predictions more accurate, but it is traded against a more complex model calibration. Further, 
demand prediction challenges that require further work were identified relating to rerouting effects, 
errors in incident start time and congestion in historical flow measurements. 

The predicted duration, demand and capacity have been evaluated by using a scenario-based analysis 
and applying two existing traffic models to estimate the queue length, which might be a useful tool in 
real-time incident management. Seven historical incidents are used to evaluate how uncertainties in the 
predicted duration, demand and capacity affect the predicted queue length. When duration, demand 
and capacity effects are known the simple queue model that consider time sliced travel demand can 
reproduce real queue propagation at incidents well for the incidents reflecting the demand, capacity, 
and duration of the modelled incident type. When considering uncertain predictions of incident 
duration, which is the case for one of the investigated incidents, the effect in the calculated queue 
propagation depends on when the incident occurs. An under-estimation of the incident duration for a 
period with increasing demand can lead to large under estimation of the queue propagation while the 
same under estimation in the case of decreasing demand might not lead to any under estimation in 
queue propagation. The uncertainties in the estimation of the capacity effects seems to have a much 
the larger impact on the predicted queue propagation than the uncertainties with respect to the incident 
duration. At least for the six of the seven in-depth studied incidents. Additionally, in situations with 
large errors in the demand prediction, which has been observed for one of the incidents, large impacts 
on the predicted queue propagation are also observed. As a conclusion, the proposed methodology 
have potential to be used as input in real-time incident management applications. However, careful 
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consideration must be given to incidents that deviates from the typical characteristics within an 
incident category as soon as it is detected by the traffic management center and deviations are in such 
case expected.  

Note that the effects of the results for different traffic demands are only evaluated based on the 
aggregation time interval, not in terms of an upper and lower bound to try to capture uncertainties. 
Hence, further studies on how larger uncertainties in demand affect the incident modelling is needed. 
Further, the analysis of effects of different aggregation time intervals in the demand prediction show 
that a predicted demand with an aggregation time interval of less than 15 minutes might include large 
fluctuations, that seems to appear rather random. If the demand during an incident is close to capacity 
levels, there is a risk that these random fluctuations create congestion in the traffic model at situations 
and times when it is not observed in real-life.  

The proposed methods for using average and ranges of capacity effects, incident duration and demand 
as predicted inputs in combination with a queue model for predicting the queue propagation give 
rather good predictions for some incidents but less good for others. The advantages of the simpler 
queue model are quick calculations, but the disadvantages are that the model only describes the queue 
tail propagation in time and space. 

In order to check how important a more detailed description of the traffic state propagation is and to 
evaluate if the proposed methods are dependent on the specific traffic model used, an additional traffic 
model were used to predict the queue propagation. The additional model is the Cell Transmission 
Model (CTM). Both models manage to capture the traffic state effects of the incidents at low demands, 
i.e. no queue propagation is predicted in cased when there is no queue propagation. For incidents with 
queue propagation the CTM seems to result in longer queue lengths than the queue model. The CTM 
does in general give a prediction of the queue length that is closer to the observed one, when using 
average value of duration and capacity for the incidents reflecting the demand, capacity, and duration 
for the considered subcategory of incidents. 

However, it is hard to draw any general conclusions since only three out of seven incidents can be 
seen as representative for the given incident type in terms of demand, capacity and duration. The other 
ones deviate in true observed duration, capacity or demand, either due to uncertain demand or 
unknown explanatory variables or traffic characteristics. Hence, a correct prediction of the demand 
handling on- and off-ramp flows as well as missing data, and a capacity that is reflecting the traffic 
characteristics are of high importance. A representative prediction of the capacity can only be possible 
if all important explanatory variables are known, which has not been the case using the available data 
sources in this study. 

Several future research needs have been identified. First, the proposed methods for predicting traffic 
demand can be enhanced by more detailed predicted on- and off-ramp flows, as well as an 
investigation on how the method handle missing data, especially when the queue propagate out of the 
detector equipped part of the network, where no data is available. For example, a CTM model that 
includes the network structure could be used for this. To improve the capacity distribution and make 
the bounds narrower, more information is needed about explanatory variables and a larger data set 
including more incidents are needed to draw conclusions on more incident types. Examples of 
important explanatory variables are weather, number of rescue units at the incident site and position of 
the vehicle on the road. Also for the duration, a larger data set and several data sources can possibly 
enhance the prediction of the duration. 

One suggestion to identify these explanatory variables could be to apply approaches based on machine 
learning techniques using different data sources for a larger set of incidents. For example, the 
knowledge about the queue length at observed incidents can be used to group incidents based on the 
queue length and try to identify if other explanatory variables can be identified within each group. 
Thereafter a prediction of the capacity and duration within each group might be possible.  
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One possibility to perform predictions of incident duration in real-time could be to use a conditioned 
probability function, i.e. given that the incident duration has lasted until a given time, what is the 
probability of it lasting longer and how long? To estimate such a probability function much data on 
incident duration is required.  

Finally, it is concluded that the capacity in many cases gives an overestimation on average when used 
in the two considered traffic models. This might be the result of the method for estimating the 
capacity, by considering stationary traffic conditions. In this way, it is possible to observe periods with 
higher traffic flows, than if a time-average over predefined time intervals is used. Hence, when the 
capacity estimates are used together with predictions of demand over time averaged intervals, there 
might be a mismatch between the demand and the capacity. One solution might be to find adjustment 
factors to relate the stationary traffic flows to time-aggregated averages for different aggregation time 
intervals. 
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Appendix A – Incident duration for accidents and objects on the roadway 
This appendix present additional results of the incident duration analysis for the incident types 
accident and objects on the roadway. Table 18 show the duration in the event of an accident with 
respect to the number of blocked lanes or road shoulder and traffic elements involved, including 
presence of blue light authorities. In order to investigate if there is any statistically significant 
difference between the incident duration for the number of blocked lanes on the roadway in the event 
of an accident 75% confidence interval were created. The result shows that there is a statistically 
significant difference between 1 blocked lane and 2 blocked lanes where the average value is 43 
minutes for 1 blocked lane and 1 hour and 9 minutes for 2 blocked lanes. The significance test 
between 1 lane blocked and 2 lanes blocked gives a result in the form - t-Stat > t-critical gives a result 
of -1.81 < -1.21 (p-value = 0.095), 1 lane blocked and road shoulder blocked in the form - t-critical < 
t-Stat < t-critical gives a result of -1.24 < -0.93 < 1.24 (p-value = 0.38) and between 2 lanes blocked 
and road shoulder in the form - t-critical < t-Stat < t-critical gives a result of -1.21 < 0.49 < 1.21 (p-
value = 0.63). 

Table 18. Average duration and 75% confidence intervals (hours:minutes) in the event of an accident 
divided into the number of blocked lanes or road shoulder and the traffic elements involved. 

 1 lane blocked 2 lanes blocked 3 lanes blocked Road shoulder 
1 private car 00:42 ± 00:54 - - - 
2 trucks 00:20 - - - 
2 private cars 00:21 ± 00:09 01:21 ± 01:40 - 00:30 
2 private cars + blue 
light authority 00:45 ± 00:10 01:05 ± 00:28 - - 
3 private cars 00:43 ± 00:09 - - 00:54 
3 private cars + blue 
light authority 00:50 01:05 ± 00:36 - - 
4 private cars + blue 
light authority 01:20 ± 00:48 - - - 
5 private cars + blue 
light authority - 01:45 - - 
1 truck + blue light 
authority 01:05 - - - 
1 truck + 1 private car 00:35 ± 00:24 00:56 ± 00:35 - 00:35 ± 00:24 
1 truck + 1 private car 
+ blue light authority 00:45 - - - 
1 motorcycle + 1 
private car 00:30 ± 00:12 - - - 
Game (Wild animal) 00:25 - - - 
Mean value 00:43 01:09 - 00:59 
Standard deviation 00:07 00:38 - 00:41 
Confidence interval 75-
% 

00:05 00:15 
- 00:20 

Upper confidence 
value 

00:50 01:25 
- 01:19 

Lower confidence 
value 

00:36 00:53 
- 00:39 

Table 19 show the duration of incidents in which an object is blocking parts of or the whole roadway 
divided by the number of blocked lanes / roadside and type of object. In order to investigate if there is 
any statistically significant difference between the incident duration for the number of blocked lanes 
on the roadway at objects on the roadway 75% confidence intervals were created. The results show 
that there is no statistically significant difference between 1 blocked lane and 2 blocked lanes or 1 
blocked lane and blocked road shoulder. On the other hand, there is a statistically significant 
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difference between 2 blocked lanes and blocked road shoulder. For 2 blocked lane the average is 22 
minutes and for blocked road shoulder the average is 12 minutes. The significance test between 1 lane 
blocked and 2 lanes blocked in the form - t-critical < t-Stat < t-critical gives a result of -1.17 < 0.05 < 
1.17 (p-value = 0.96) and between 1 lane blocked and road shoulder blocked in the form t-Stat > t-
critical gives a result of 1.40 > 1.17 (p-value = 0.17). 

Table 19. Average duration and 75% confidence intervals (hours:minutes) of incidents with objects on 
the roadway divided into blocked lanes and roadside and type of object. 

 1 lane blocked 2 lanes blocked 3 lanes blocked Road shoulder 
Car part 00:31 ± 00:21 00:20 ± 00:05 01:15 00:05 ± 00:00 
Building materials 00:27 ± 00:08 00:25 - - 
Human 00:08 - - - 
Game (Wild animal) 00:09 ± 00:12 00:25 ± 00:24 - 00:11 ± 00:03 
Various 00:13 ± 00:03 - - 00:15 ± 00:05 
Mean value 00:22 00:22 01:15 00:12 
Standard deviation 00:34 00:08 - 00:08 
Confidence interval 75-
% 

00:07 00:03 
- 

00:03 

Upper confidence 
value 

00:30 00:26 
- 

00:16 

Lower confidence 
value 

00:15 00:18 
- 

00:09 

Analysis of accident duration (see Table 20) subject to the number of blocked lanes on the road at 
different time periods shows that there is no statistically significant difference with respect to the time 
of day at a 75% confidence level. 

Table 20. Duration (hours:minutes) in the event of an accident divided by number of blocked lanes or 
road shoulder and time of day. 

 
 

1 lane 
blocked 

2 lanes 
blocked 

3 lanes 
blocked 

Road 
shoulder Total 

06:30-09:00 Mean value 00:47 - - - 00:47 
Standard deviation 00:20 - - - 00:19 
Confidence interval 75-% 00:07 - - - 00:07 
Upper confidence value 00:54 - - - 00:54 
Lower confidence value 00:39 - - - 00:40 

15:30-18:00 Mean value 00:46 01:02 - - 00:51 
Standard deviation 00:30 00:17 - - 00:30 
Confidence interval 75-% 00:07 00:30 - - 00:07 
Upper confidence value 00:54 01:32 - - 00:58 
Lower confidence value 00:38 00:32 - - 00:44 

09:00-15:30 Mean value - 00:53 - - 01:17 
Standard deviation - 00:32 - - 00:55 
Confidence interval 75-% - 00:29 - - 00:39 
Upper confidence value - 01:23 - - 01:57 
Lower confidence value - 00:23 - - 00:38 

18:00-06:30 Mean value - 01:24 - - 00:56 
Standard deviation - 00:50 - - 00:42 
Confidence interval 75-% - 00:36 - - 00:17 
Upper confidence value - 02:00 - - 01:14 
Lower confidence value - 00:48 - - 00:38 

Analysis of the duration of object blockage (see Table 21) subject to the number of blocked lanes on 
the roadway at different time periods shows that there is no significant difference with respect to the 
time of day at a 75% confidence level. 
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Table 21. Duration (hours:minutes) in the event of objects blocking parts or the whole roadway 
divided by number of blocked lanes or road shoulder and time of day. 

 
 

1 lane 
blocked 

2 lanes 
blocked 

3 lanes 
blocked 

Road 
shoulder Total 

06:30-09:00 Mean value 00:15 - - - 00:24 
Standard deviation 00:09 - - - 00:23 
Confidence interval 75-% 00:05 - - - 00:09 
Upper confidence value 00:20 - - - 00:34 
Lower confidence value 00:09 - - - 00:14 

15:30-18:00 Mean value 00:16 00:22 - - 00:16 
Standard deviation 00:06 00:03 - - 00:06 
Confidence interval 75-% 00:04 00:06 - - 00:02 
Upper confidence value 00:20 00:28 - - 00:18 
Lower confidence value 00:11 00:16 - - 00:14 

09:00-15:30 Mean value 00:38 - - - 00:39 
Standard deviation 00:57 - - - 00:48 
Confidence interval 75-% 00:23 - - - 00:16 
Upper confidence value 01:02 - - - 00:56 
Lower confidence value 00:15 - - - 00:23 

18:00-06:30 Mean value 00:14 00:21 - 00:11 00:26 
Standard deviation 00:16 00:11 - 00:06 00:31 
Confidence interval 75-% 00:05 00:10 - 00:03 00:05 
Upper confidence value 00:20 00:32 - 00:14 00:31 
Lower confidence value 00:08 00:10 - 00:08 00:20 
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Appendix B – Traffic modelleing results for all incidents 
It was not possible to apply accessibility to Annex B. Contact the author for an explanation. 

Incident 130 2 

This section includes results from the traffic model runs for incident 130 2. Initially only one variable 
is assumed to be unknown (predicted demand, duration or capacity is applied in the model) and traffic 
model estimations conducted using the queue model. The capacity is predicted using two fundamental 
diagrams estimated on different probability of breakdown (75% and 95%).  

In the next step, all three variables are assumed to be unknown in the same scenario, traffic model runs 
are then conducted using both the queue model and CTM. Predicted capacity is modelled using both 
versions of fundamental diagrams (75% and 95% probability of breakdown). Results are presented in 
Figure 59 to Figure 66. 

 
(a) (b) 

Figure 59. Queue tail propagation results applying the queue model with predicted demand (a) and 
predicted duration (b). Other variables are known (measured or calibrated).  

 
(a) (b) 

Figure 60. Queue tail propagation results applying predicted capacity. Predicted capacity with 
fundamental diagram 75% in (a) and 95% in (b). Other variables are knonw (measured or 
calibrated). Estimations conducted using the queue model 
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(a) (b) 

Figure 61. Queue tail propagation results with all variables unknown. The capacity is assumed to be 
predicted with the lower bound (low capacity), and fundamental diagram 75%. Results using the 
queue model in (a) and results using the CTM in (b). 

 
(a) (b) 

Figure 62. Queue tail propagation results with all variables unknown. The capacity is assumed to be 
predicted with the medium fundamental diagram 75%. Results using the queue model in (a) and 
results using the CTM in (b). 

 
(a) (b) 

Figure 63. Queue tail propagation results with all variables unknown. The capacity is assumed to be 
predicted the upper bound (high capacity), fundamental diagram 75%. Results using the queue model 
in (a) and results using the CTM in (b). 
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(a) (b) 

Figure 64. Queue tail propagation results with all variables unknown. The capacity is assumed to be 
predicted the lower bound (low capacity), fundamental diagram 95%. Results using the queue model 
in (a) and results using the CTM in (b). 

 
(a) (b) 

Figure 65. Queue tail propagation results with all variables unknown. The capacity is assumed to be 
predicted with the medium fundamental diagram 95%. Results using the queue model in (a) and 
results using the CTM in (b). 

 
(a) (b) 

Figure 66. Queue tail propagation results with all variables unknown. The capacity is assumed to be 
predicted with the upper bound (high capacity), fundamental diagram 95%. Results using the queue 
model in (a) and results using the CTM in (b). 

Incident 130 15 

This section includes results from the traffic model runs for incident 130 15. Initially only one variable 
is assumed to be unknown (predicted demand, duration or capacity is applied in the model) and traffic 
model estimations conducted using the queue model. The capacity is predicted using two fundamental 
diagrams estimated on different probability of breakdown (75% and 95%).  

In the next step, all three variables are assumed to be unknown in the same scenario, traffic model runs 
are then conducted using both the queue model and CTM. Predicted capacity is modelled using both 



VTI rapport 1078A  79 

versions of fundamental diagrams (75% and 95% probability of breakdown). Results are presented in 
Figure 67 to Figure 74. 

 
(a) (b) 

Figure 67. Queue tail propagation results applying the queue model with predicted demand (a) and 
predicted duration (b). Other variables are known (measured or calibrated).  

 
(a) (b) 

Figure 68. Queue tail propagation results applying predicted capacity. Predicted capacity with 
fundamental diagram 75% in (a) and 95% in (b). Other variables are knonw (measured or 
calibrated). Estimations conducted using the queue model 

 
(a) (b) 

Figure 69. Queue tail propagation results with all variables unknown. The capacity is assumed to be 
predicted with the lower bound (low capacity), and fundamental diagram 75%. Results using the 
queue model in (a) and results using the CTM in (b). 
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(a) (b) 

Figure 70. Queue tail propagation results with all variables unknown. The capacity is assumed to be 
predicted with the medium fundamental diagram 75%. Results using the queue model in (a) and 
results using the CTM in (b). 

 
(a) (b) 

Figure 71. Queue tail propagation results with all variables unknown. The capacity is assumed to be 
predicted the upper bound (high capacity), fundamental diagram 75%. Results using the queue model 
in (a) and results using the CTM in (b). 

 
(a) (b) 

Figure 72. Queue tail propagation results with all variables unknown. The capacity is assumed to be 
predicted the lower bound (low capacity), fundamental diagram 95%. Results using the queue model 
in (a) and results using the CTM in (b). 
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(a) (b) 

Figure 73. Queue tail propagation results with all variables unknown. The capacity is assumed to be 
predicted with the medium fundamental diagram 95%. Results using the queue model in (a) and 
results using the CTM in (b). 

 
(a) (b) 

Figure 74. Queue tail propagation results with all variables unknown. The capacity is assumed to be 
predicted with the upper bound (high capacity), fundamental diagram 95%. Results using the queue 
model in (a) and results using the CTM in (b). 

Incident 130 18 

This section includes results from the traffic model runs for incident 130 18. Initially only one variable 
is assumed to be unknown (predicted demand, duration or capacity is applied in the model) and traffic 
model estimations conducted using the queue model. The capacity is predicted using two fundamental 
diagrams estimated on different probability of breakdown (75% and 95%).  

In the next step, all three variables are assumed to be unknown in the same scenario, traffic model runs 
are then conducted using both the queue model and CTM. Predicted capacity is modelled using both 
versions of fundamental diagrams (75% and 95% probability of breakdown). Results are presented in 
Figure 75 to Figure 82. 
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(a) (b) 

Figure 75. Queue tail propagation results applying the queue model with predicted demand (a) and 
predicted duration (b). Other variables are known (measured or calibrated).  

 
(a) (b) 

Figure 76. Queue tail propagation results applying predicted capacity. Predicted capacity with 
fundamental diagram 75% in (a) and 95% in (b). Other variables are knonw (measured or 
calibrated). Estimations conducted using the queue model 

 
(a) (b) 

Figure 77. Queue tail propagation results with all variables unknown. The capacity is assumed to be 
predicted with the lower bound (low capacity), and fundamental diagram 75%. Results using the 
queue model in (a) and results using the CTM in (b). 
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(a) (b) 

Figure 78. Queue tail propagation results with all variables unknown. The capacity is assumed to be 
predicted with the medium fundamental diagram 75%. Results using the queue model in (a) and 
results using the CTM in (b). 

 
(a) (b) 

Figure 79. Queue tail propagation results with all variables unknown. The capacity is assumed to be 
predicted the upper bound (high capacity), fundamental diagram 75%. Results using the queue model 
in (a) and results using the CTM in (b). 

 
(a) (b) 

Figure 80. Queue tail propagation results with all variables unknown. The capacity is assumed to be 
predicted the lower bound (low capacity), fundamental diagram 95%. Results using the queue model 
in (a) and results using the CTM in (b). 
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(a) (b) 

Figure 81. Queue tail propagation results with all variables unknown. The capacity is assumed to be 
predicted with the medium fundamental diagram 95%. Results using the queue model in (a) and 
results using the CTM in (b). 

 
(a) (b) 

Figure 82. Queue tail propagation results with all variables unknown. The capacity is assumed to be 
predicted with the upper bound (high capacity), fundamental diagram 95%. Results using the queue 
model in (a) and results using the CTM in (b). 

Incident 130 26 

This section includes results from the traffic model runs for incident 130 26. Initially only one variable 
is assumed to be unknown (predicted demand, duration or capacity is applied in the model) and traffic 
model estimations conducted using the queue model. The capacity is predicted using two fundamental 
diagrams estimated on different probability of breakdown (75% and 95%).  

In the next step, all three variables are assumed to be unknown in the same scenario, traffic model runs 
are then conducted using both the queue model and CTM. Predicted capacity is modelled using both 
versions of fundamental diagrams (75% and 95% probability of breakdown). Results are presented in 
Figure 83 to Figure 90. 
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(a) (b) 

Figure 83. Queue tail propagation results applying the queue model with predicted demand (a) and 
predicted duration (b). Other variables are known (measured or calibrated).  

 
(a) (b) 

Figure 84. Queue tail propagation results applying predicted capacity. Predicted capacity with 
fundamental diagram 75% in (a) and 95% in (b). Other variables are knonw (measured or 
calibrated). Estimations conducted using the queue model 

 
(a) (b) 

Figure 85. Queue tail propagation results with all variables unknown. The capacity is assumed to be 
predicted with the lower bound (low capacity), and fundamental diagram 75%. Results using the 
queue model in (a) and results using the CTM in (b). 



86  VTI rapport 1078A 

 
(a) (b) 

Figure 86. Queue tail propagation results with all variables unknown. The capacity is assumed to be 
predicted with the medium fundamental diagram 75%. Results using the queue model in (a) and 
results using the CTM in (b). 

 
(a) (b) 

Figure 87. Queue tail propagation results with all variables unknown. The capacity is assumed to be 
predicted the upper bound (high capacity), fundamental diagram 75%. Results using the queue model 
in (a) and results using the CTM in (b). 

 
(a) (b) 

Figure 88. Queue tail propagation results with all variables unknown. The capacity is assumed to be 
predicted the lower bound (low capacity), fundamental diagram 95%. Results using the queue model 
in (a) and results using the CTM in (b). 
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(a) (b) 

Figure 89. Queue tail propagation results with all variables unknown. The capacity is assumed to be 
predicted with the medium fundamental diagram 95%. Results using the queue model in (a) and 
results using the CTM in (b). 

 
(a) (b) 

Figure 90. Queue tail propagation results with all variables unknown. The capacity is assumed to be 
predicted with the upper bound (high capacity), fundamental diagram 95%. Results using the queue 
model in (a) and results using the CTM in (b). 

Incident 130 30 

This section includes results from the traffic model runs for incident 130 30. Initially only one variable 
is assumed to be unknown (predicted demand, duration or capacity is applied in the model) and traffic 
model estimations conducted using the queue model. The capacity is predicted using two fundamental 
diagrams estimated on different probability of breakdown (75% and 95%).  

In the next step, all three variables are assumed to be unknown in the same scenario, traffic model runs 
are then conducted using both the queue model and CTM. Predicted capacity is modelled using both 
versions of fundamental diagrams (75% and 95% probability of breakdown). Results are presented in 
Figure 91 to Figure 98. 
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(a) (b) 

Figure 91. Queue tail propagation results applying the queue model with predicted demand (a) and 
predicted duration (b). Other variables are known (measured or calibrated).  

 
(a) (b) 

Figure 92. Queue tail propagation results applying predicted capacity. Predicted capacity with 
fundamental diagram 75% in (a) and 95% in (b). Other variables are knonw (measured or 
calibrated). Estimations conducted using the queue model 

 
(a) (b) 

Figure 93. Queue tail propagation results with all variables unknown. The capacity is assumed to be 
predicted with the lower bound (low capacity), and fundamental diagram 75%. Results using the 
queue model in (a) and results using the CTM in (b). 
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(a) (b) 

Figure 94. Queue tail propagation results with all variables unknown. The capacity is assumed to be 
predicted with the medium fundamental diagram 75%. Results using the queue model in (a) and 
results using the CTM in (b). 

 
(a) (b) 

Figure 95. Queue tail propagation results with all variables unknown. The capacity is assumed to be 
predicted the upper bound (high capacity), fundamental diagram 75%. Results using the queue model 
in (a) and results using the CTM in (b). 

 
(a) (b) 

Figure 96. Queue tail propagation results with all variables unknown. The capacity is assumed to be 
predicted the lower bound (low capacity), fundamental diagram 95%. Results using the queue model 
in (a) and results using the CTM in (b). 
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(a) (b) 

Figure 97. Queue tail propagation results with all variables unknown. The capacity is assumed to be 
predicted with the medium fundamental diagram 95%. Results using the queue model in (a) and 
results using the CTM in (b). 

 
(a) (b) 

Figure 98. Queue tail propagation results with all variables unknown. The capacity is assumed to be 
predicted with the upper bound (high capacity), fundamental diagram 95%. Results using the queue 
model in (a) and results using the CTM in (b). 

Incident 130 33 

This section includes results from the traffic model runs for incident 130 33. Initially only one variable 
is assumed to be unknown (predicted demand, duration or capacity is applied in the model) and traffic 
model estimations conducted using the queue model. The capacity is predicted using two fundamental 
diagrams estimated on different probability of breakdown (75% and 95%).  

In the next step, all three variables are assumed to be unknown in the same scenario, traffic model runs 
are then conducted using both the queue model and CTM. Predicted capacity is modelled using both 
versions of fundamental diagrams (75% and 95% probability of breakdown). Results are presented in 
Figure 99 to Figure 106. 
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(a) (b) 

Figure 99. Queue tail propagation results applying the queue model with predicted demand (a) and 
predicted duration (b). Other variables are known (measured or calibrated).  

 
(a) (b) 

Figure 100. Queue tail propagation results applying predicted capacity. Predicted capacity with 
fundamental diagram 75% in (a) and 95% in (b). Other variables are knonw (measured or 
calibrated). Estimations conducted using the queue model 

 
(a) (b) 

Figure 101. Queue tail propagation results with all variables unknown. The capacity is assumed to be 
predicted with the lower bound (low capacity), and fundamental diagram 75%. Results using the 
queue model in (a) and results using the CTM in (b). 
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(a) (b) 

Figure 102. Queue tail propagation results with all variables unknown. The capacity is assumed to be 
predicted with the medium fundamental diagram 75%. Results using the queue model in (a) and 
results using the CTM in (b). 

 
(a) (b) 

Figure 103. Queue tail propagation results with all variables unknown. The capacity is assumed to be 
predicted the upper bound (high capacity), fundamental diagram 75%. Results using the queue model 
in (a) and results using the CTM in (b). 

 
(a) (b) 

Figure 104. Queue tail propagation results with all variables unknown. The capacity is assumed to be 
predicted the lower bound (low capacity), fundamental diagram 95%. Results using the queue model 
in (a) and results using the CTM in (b). 
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(a) (b) 

Figure 105. Queue tail propagation results with all variables unknown. The capacity is assumed to be 
predicted with the medium fundamental diagram 95%. Results using the queue model in (a) and 
results using the CTM in (b). 

 
(a) (b) 

Figure 106. Queue tail propagation results with all variables unknown. The capacity is assumed to be 
predicted with the upper bound (high capacity), fundamental diagram 95%. Results using the queue 
model in (a) and results using the CTM in (b). 

Incident 130 45 

 This section includes results from the traffic model runs for incident 130 45. Initially only one 
variable is assumed to be unknown (predicted demand, duration or capacity is applied in the model) 
and traffic model estimations conducted using the queue model. The capacity is predicted using two 
fundamental diagrams estimated on different probability of breakdown (75% and 95%).  

In the next step, all three variables are assumed to be unknown in the same scenario, traffic model runs 
are then conducted using both the queue model and CTM. Predicted capacity is modelled using the 
both versions of fundamental diagrams (75% and 95% probability of breakdown). Results are 
presented in Figure 107 to Figure 114. 
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(a) (b) 

Figure 107. Queue tail propagation results applying the queue model with predicted demand (a) and 
predicted duration (b). Other variables are known (measured or calibrated).  

 
(a) (b) 

Figure 108. Queue tail propagation results applying predicted capacity. Predicted capacity with 
fundamental diagram 75% in (a) and 95% in (b). Other variables are knonw (measured or 
calibrated). Estimations conducted using the queue model 

 
(a) (b) 

Figure 109. Queue tail propagation results with all variables unknown. The capacity is assumed to be 
predicted with the lower bound (low capacity), and fundamental diagram 75%. Results using the 
queue model in (a) and results using the CTM in (b). 
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(a) (b) 

Figure 110. Queue tail propagation results with all variables unknown. The capacity is assumed to be 
predicted with the medium fundamental diagram 75%. Results using the queue model in (a) and 
results using the CTM in (b). 

 
(a) (b) 

Figure 111. Queue tail propagation results with all variables unknown. The capacity is assumed to be 
predicted the upper bound (high capacity), fundamental diagram 75%. Results using the queue model 
in (a) and results using the CTM in (b). 

 
(a) (b) 

Figure 112. Queue tail propagation results with all variables unknown. The capacity is assumed to be 
predicted the lower bound (low capacity), fundamental diagram 95%. Results using the queue model 
in (a) and results using the CTM in (b). 
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(a) (b) 

Figure 113. Queue tail propagation results with all variables unknown. The capacity is assumed to be 
predicted with the medium fundamental diagram 95%. Results using the queue model in (a) and 
results using the CTM in (b). 

 
(a) (b) 

Figure 114. Queue tail propagation results with all variables unknown. The capacity is assumed to be 
predicted with the upper bound (high capacity), fundamental diagram 95%. Results using the queue 
model in (a) and results using the CTM in (b). 
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