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Abstract 

The two traffic management stakeholder groups of public road authorities and private mobility 

service providers both need information on and derived from the current and predicted traffic state 

to be able to assess and take appropriate, pro-active actions. Significant improvements of quality and 

availability of data offers the opportunity to provide such information. By combining data science 

and traffic modelling techniques, an application is developed consisting of current and short term 

traffic prediction (typically 10 minutes ahead) and a virtual patrol detecting congestion and incidents 

for urban and non-urban networks. Being able to detect incidents and predict congestion problems, 

providing a consistent and complete common picture, offers the opportunity for both stakeholders 

to cooperate, negotiate and act faster optimizing their objectives. This application is based on four 

key features; data fusion, real-time supply and demand calibration, fuzzy traffic state estimation and 

traffic flow theory. Case studies on the A10 orbital road of Amsterdam and on a secondary road 

network of Almere consisting of ten traffic lights, shows an accuracy of approximately 90% in both 

cases in terms of true positives and negatives in state estimations and predictions. 
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Introduction 

Traffic management, traditionally a task of public road authorities, needs accurate and complete 

information on traffic conditions, especially when non regular traffic conditions occur. Usage of short 

term predictions would increase possible societal benefits, because it opens the opportunity for pro-

active traffic management or at least overcoming the latency in data availability. Traffic Management 

2.0, an Innovation Platform established in 2014 by the ERTICO Partnership (Vlemmings et al. 2017), 

introduced a vision on traffic management enabling interactive traffic management, because of the 

increase of private parties (i.e. private mobility service providers) involvement and influence on 

traffic operations. These private parties will increasingly provide new connectivity and information 

services for vehicles and travelers. This includes developments on bringing ever more information to 

the vehicle itself providing connected and cooperative ITS services and deployment and operation of 

autonomous vehicles. Both stakeholders, public road authorities and private mobility service 

providers, need information on and derived from the current as predicted traffic state to act upon 

the daily urban system and its spatial and temporal dynamics. Vlemmings et al. (2017) conclude that 

these parties need to exchange data to be able to cooperate. Furthermore, when these parties have 

access to a common operational picture, it becomes easier to determine and (automatically) 

negotiate deployment of measures balancing individual driver versus collective societal objectives.  

 

In current practice the focus lies on the upper traffic network (generally highways). Most research on 

state estimation and prediction is done for highway road networks (Wang et al., 2008, Van Lint and 

Van Hinsbergen, 2011 and Seo et al., 2017). Intuitively a high quality traffic state estimation and 

prediction algorithm has more benefits if applicable on the larger and more detailed urban road 

network. These urban networks cover besides the upper network also the important primary and 

secondary urban arterials. This introduces additional challenges compared to highway networks 
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related to data availability, not fully covered by sensor, and urban nature of the traffic network with 

for example lower traffic volumes, density of junctions and varying junction designs (e.g. traffic 

signals, roundabouts and priority junctions). Within the research field of traffic state estimation and 

prediction, a recent shift has occurred altering the scope of research from the relative comfort of 

freeway segments in highway networks to urban road networks. These urban networks cover besides 

the upper network also the important primary and secondary urban arterials (Calvert et al., 2015, 

Nantes et al., 2016 and De Vries et al., 2018). However, in the previous efforts the methods focused 

on high level state indicators (e.g. travel times), were data drive approaches not well capable in 

predicting non-regular traffic conditions (Friso et al., 2017), or only applied on synthesized data sets 

or only one source of data (Nantes et al., 2016). Furthermore, research focusses on either highways 

or urban roads, although an approach being able to cope with the combination of both is relevant 

given the needs formulated for traffic management. 

 

For this purpose we developed an application being able to fuse data sources providing a complete 

and consistent current traffic state, to generate a short term prediction and detection of incidents 

and congestion. The application is a hybrid approach combining data science and traffic modelling 

techniques. This development was supported by the projects CHARM (co-operation between 

Highways England (UK) and Rijkswaterstaat (NL)) and the iCentrale initiative (Dutch Program in which 

local, regional and national authorities work together with private parties on improving traffic 

management operations) and applied and tested for several real life cases. This paper describes the 

theory behind the application and presents the approach and results for two case studies non-urban 

and urban in which application has been implemented. 

 

Background 

As previously mentioned, traffic state estimation refers to estimating relevant traffic flow variables 

such as flows, densities, speed and travel times for links in a road network with a certain temporal 

and spatial resolution based on traffic data available (Wang and Papageorgiou, 2005). Traffic state 

prediction refers to predicting the same traffic flow variables using the most current traffic data with 

a predefined prediction horizon (generally up to 30 minutes). Calvert et al. (2015) give an 

inexhaustible list of estimation and prediction model types used in literature being; statistical, 

dynamical, microscopic, macroscopic, offline, online, data driven, model driven and deterministic 

models. Because each type of model has its own advantages and disadvantages there is currently no 

model available which outperforms them all, in every context. Van Lint and Van Hinsbergen (2011) 

add that the key difficulty for traffic state estimation and prediction is therefore to find a balance 

between sophisticated and complex models on one side and smooth, fast, general applicable models 

on the other side, to make valid estimations and forecasts given the data available. For summary 

purposes, the categorization proposed in Van Hinsbergen et al. (2007) is adopted in which four 

categories (naïve, parametric, non-parametric and hybrid) describe the state-of-the-art regarding 

each estimation/prediction model.  

 

The naïve categorization represents the traffic models in which only the traffic data is used and direct 

relations are calculated. No model structure or parameters are inputted, which results in favourable 

low computational complexity and very easy implementation. Examples of naïve methods are based 

on measured instantaneous travel times or historical averages. It can be argued that because of the 

lack of traffic theory, the results are usually illogical and inaccurate (Van Lint and Van Hinsbergen, 

2011).  

 

The parametric categorization represents models in which the principles behind the Lighthill–

Whitham–Richards model (Lighthill & Whitham, 1955) are used (Wismans et al., 2014). The two 

principles of LWR are that traffic behaves conform a fundamental diagram and that the traffic flow 

conservation law holds. These models are therefore based on plausible theoretical assumptions on 

traffic behaviour in time (Van Lint and Van Hinsbergen, 2011). As these models try to incorporate real 
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world car traffic theory such as e.g. queueing theory, car following theory and/or shockwave theory, 

it becomes inevitable that vast calibration of parameters is required to assure that the model results 

comply with the real-world.  

 

The non-parametric categorization represents the traffic models in which relations in traffic data are 

considered, but no traffic flow parameters are estimated (Huisken and Coffa, 2000). They estimate 

the traffic state based on real-time traffic data with some relation abstracted from historical traffic 

data. This relationship can be spatial and/or temporal. The examples of these type of models are 

simple regression approaches, artificial neural networks and various forms of autoregressive–

moving-average (ARMA) models. These models have in common that while their complexity is low 

and therefore they can easily be run in real-time speed, their accuracy tends to be low especially for 

non-regular traffic conditions (Van Lint and Van Hinsbergen, 2011 and Friso et al., 2017).  

 

The hybrid categorization represents the models which take elements from the different categories. 

Examples of popular parametric models which also apply some non-parametric techniques are 

mostly based on Kalman Filtering. These models showed good performance for highway cases (Van 

Lint and van Hinsbergen 2011 and Seo et al., 2017). Their limitations are related to the designed 

complexity as demands, turning rates, route choice patterns, traffic signal cycles and the vast amount 

of parameters to be calibrated. And as this calibration requires the outputted (real) traffic states as 

main ingredient, a vicious circle is potentially designed. Additionally computation complexity 

increases and therefore these models might forfeit the real-time prediction ability (Van Lint and Van 

Hinsbergen, 2011 and Calvert, 2015). 

 

Of all the mentioned models, a parametric or hybrid approach combining parametric and non-

parametric methods seems to be best suitable for state estimation and prediction, when it is possible 

to overcome the vast calibration of parameters. In our approach we combined parametric and non-

parametric methods using traffic flow theory and continuous automated calibration of parameters. 

This results in a complete and consistent (i.e. in terms of traffic flow theory) estimation of the current 

state as well as short term prediction. The method is a further development of Vlist et al. (2016). 

Additionally, state-of-the-art techniques related to both incident detection and prediction are 

implemented. The advantage of this approach is fourfold. On the first place the method is able to 

estimate and predict conditions at non-measured location based on theoretically sound traffic 

behaviour. Second the system can be used to assess the deployment of measures and as such can be 

used as part of a decision support system recommending (combination of) measures to deploy or 

used as part of cooperation and negotiation between traffic management stakeholders. Third, 

automated and continuous calibration of supply (and demand) parameters based on measurements, 

minimizes the need of exogenous imported status information on for example weather and activated 

measures (e.g. signal control plans or available lanes), minimizing errors and data needs. Fourth, 

predictions can be made for every needed prediction time interval without the need of training the 

system for this specific prediction horizon which is the case for data driven approaches. In addition 

the combination of these characteristics provide a method well capable coping with non-regular 

traffic conditions.  

 

Methodology 

Following the approach by Vlist et. Al (2016), the core of the developed application is a macroscopic 

dynamic traffic assignment model. Basically, the traffic model is used to process raw traffic data in 

meaningful estimation and prediction of traffic states for an entire network. Complementary to the 

model core, data science methods have been deployed to process raw data, calibrate parameters 

and allow incident detections. The approach has shown to be easily scalable and calculation times 

are more than fast enough for real time application.  
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Framework 

First a network must be made available within a macroscopic dynamic traffic model. For these 

developments it has been chosen to make use of the state-of-art DTA model Streamline, part of the 

Omnitrans transport planning software package. Within the model the complete network for which 

the application has to operate, is included. Subsequently a data processing submodule processes raw 

data. Data is extracted from its sources, fused with other data sources and mapped on the available 

network. This processed data is input for the model environment in which demand and supply are 

calibrated and traffic state predictions are generated. The data can be of various sources. Within the 

cases presented in this paper, loop detector data, floating car data and traffic signal data is used. 

Figure 1 displays the modules and their relations in more detail: 

 

 
Figure 1: Framework of the application 

 

1. Data processing 

The data processing submodule is responsible for extracting and receiving raw real time data from 

various (streaming) sources (i.e. loop detector data, floating car data (FCD) and traffic signal count 

data). Raw data is fused and mapped onto the model network, providing minute averaged speed and 

count measurements for specific segments. The submodule also deals with the differences in latency 

and spatial resolution of the various data sources. Within both use cases in which the application has 

been implemented, it has been observed that data latency can be up to several minutes. Such 

latency does have a serious effect on the response time for prediction and incident detection, which 

means that predictions can also be used to overcome these latency issues. 

 

2. Demand calibration 

The fused measurement data connected with the model network is used for calibration of the model 

demand. Flow measurements are used to scale historic origin-destination(OD) matrices in such way 

that traffic demand fits the demand profiles on predefined locations (typically locations on the 

borders of the network). 

 

3. Supply calibration 

As a result of various internal (e.g. speed limits, number of available lanes set by traffic managers or 

traffic management systems) or external influences (e.g. weather conditions, amount of freight 
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traffic) available supply and traffic behaviour differs over space and time. Note that both free flow 

speed and capacity will decrease in cases of fog or rising freight rates. Due to these dynamics, an 

assumption of fixed fundamental diagrams for the network would result in inaccurate propagation of 

traffic over the model network as well as inaccurate detection of incidents and congestion, which 

affects the quality of traffic state predictions. To avoid the need of various additional data sources 

like weather conditions and settings of measures as well as the translation of their impact on flow 

propagation via behavioural models we use measured traffic data to continuously calibrate the 

fundamental diagrams for each link in the model environment reflecting directly these pre-

mentioned influences. Links are logically clustered to be able to update fundamental diagram 

parameters of unmeasured links as well. Fundamental diagrams are calibrated in three ways 

depending on the actual traffic conditions:  

- unsaturated free flow: under unsaturated free flow conditions flows are relatively low and 

vehicles affect each other driving behaviour to a minimum. Such conditions are helpful to 

determine or update the free flow speed of the particular road segment. 

- saturated free flow: when traffic flow is in (highly) saturated free flow condition, traffic is still 

in free flow conditions, but individual vehicles affect each other’s driving behaviour to a large 

extent. Under such conditions traffic speed has dropped compared to the speed under 

unsaturated conditions and is around the so-called speed-at-capacity. The speed-at-capacity 

describes the transition from the “free flow branch” to the “congested branch” within the 

concave four parameter Van Aerde fundamental diagram (Van Aerde (1995)) used within this 

approach. Therefore, such conditions are helpful to update the speed at capacity of the 

fundamental diagram for the particular road segment. 

- congested flow: as described in the theoretical background, traffic behaves very non-

heterogeneous under congested conditions. This means traffic measurements are widely 

scattered around the theoretical congested branch as described by the fundamental 

diagram. Therefore, fundamental diagram calibration is very complex under such conditions. 

However, if measured data implies congested conditions, while previous model predictions 

did not foresee so, road capacity within the model environment is likely to be overestimated. 

Under such circumstances capacity can be calibrated in such way that model capacities 

reflect “real” capacities better. As congested conditions within (in the middle of) a queue are 

not the result of local lack of capacity, but of a downstream bottleneck, calibration of road 

capacity is solely done for the downstream road segment of a queue. For urban road 

networks this approach is also used to calibrate the averaged effect of traffic lights into the 

model parameters. Capacity of the downstream link of each branch of the intersection is 

continuously updated in order to include the effect of traffic lights.  

 

4. Traffic state estimation and prediction 

Within the model environment StreamLine::Madam is used for traffic estimation and prediction. 

StreamLine::Madam is a macroscopic dynamic traffic assignment model that translates traffic 

demand on OD-level over time into traffic flows, speeds and densities on a link level for each time-

period. It reproduces the actual traffic situation (combined with the previously described calibration 

processes) and calculates traffic states for the short term prediction horizon which is typically 1 to 10 

minutes. This submodule is used in four steps that together estimate the current traffic state and 

perform the short term prediction as illustrated in Figure 2. 

 

The first step is to set initial traffic conditions so that traffic states for the full network matches traffic 

states based on measurements. Compared to the traditional network loading process of dynamic 

models an alternative approach is used for this step to save valuable calculation time. With a so-

called warm start the product of step 3 of a previous simulation run is placed directly on the network 

as starting point of the simulation. After this process the model propagates traffic for a ten minute 

calibration process in step 2. Note that the calibration step is done using previous minutes for which 

measurements are known. After each minute of propagation the supply calibration submodule as 
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described before updates supply parameters. Consecutively, after all supply parameters have been 

optimally updated as explained in step 3, traffic states on the network are updated using most recent 

measurements. At last, the model propagates traffic starting from the current state for typically a ten 

minute prediction horizon.   

 

 
Figure 2: The process of traffic state estimation and prediction 

 

 

5. Incident detection/virtual patrolling 

Besides a traffic state prediction the application does also assess predictions and measurement data 

in order to detect congestion and incidents on the network. This module can be seen as a virtual 

patrolling deriving relevant information from the estimations and predictions and can be easily 

extended deriving other relevant information for traffic management stakeholders as well (e.g. travel 

times or delays). The detection of incidents is primarily done by comparing live measurement data 

with previously predicted traffic states. For this comparison first a fuzzy classification of the data is 

made. Each road segment is classified using a likelihood of being congested. If traffic flow is clearly 

within the congested branch of the fundamental diagram this likelihood is set to 1. On the other 

hand, if traffic flow is clearly uncongested the likelihood is set to 0. As traffic behaves non-

heterogeneous around capacity fuzzy rules including speed and flow are needed to classify the 

likelihood of road segments on which traffic is around capacity. 

 

Using this qualification incident detection is performed for any road segment. For each road segment 

the (estimated) current state likelihood is compared with the earlier predicted likelihood for this 

current state. The predicted likelihood is a weighted aggregation of all previously predicted 

likelihoods for this current time interval. These previous predicted likelihoods are derived from 

previous model runs (i.e. all predictions made between 10 minutes and 1 minute ago) in which older 

estimates of these predicted likelihoods are weighted less then more recent estimates. The 

comparison between the two likelihoods results in a probability that an incident has happened. This 

means that when the current state likelihood of congestion does not sufficiently match the weighted 

average predicted likelihood, a higher probability is calculated that an incident has occurred on this 

location. For example: If predictions did only show free flow traffic on a particular road segment 



7 

 

while recent state estimates definitely show a congested situation, the road segment is flagged with 

a high probability that an incident occurred on that location. 

 

 
Figure 3: The likelihood framework used for incident detection 

 

 

6. Online monitoring environment 

Both traffic state predictions and incident detections are communicated using an online monitoring 

environment. In this environment speeds and flows are visualized for current and near future time 

steps for the full network. Figure 4 shows visualizations of this monitoring environment for both use 

cases in which the application is implemented. Complementary to this online monitoring 

environment traffic state predictions and incident detections can be communicated to traffic 

management centers in which they can be helpful for interactive traffic management and its decision 

making processes related to scenario deployment. 

 

  
 

Figure 4: Examples of the online demonstration tool for traffic predictions 

 

Case Study 

The application has been implemented in several use cases. These use cases come forward from two 

projects in which this application has been developed and implemented. In this paper we will focus 

on two real life cases. Supported by the CHARM-project (co-operation between Highways England 

(UK) and Rijkswaterstaat (NL)) a highway use case has been set up. Besides, within the iCentrale 

initiative (Dutch Program in which local, regional and national authorities work together with private 
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parties to improve traffic management services) the application has been implemented within an 

urban road environment. Both use cases differ on scaling and complexity. Where on highways road 

capacities are the major cause for delays and congestion, congestion on urban road networks is 

primarily caused by the impact of (signalized) intersections. With the presence of intersections, lower 

data availability as well as data quality (e.g. as a result of penetration rates of floating car data and 

smaller absolute numbers of vehicles), larger routing options, the presence of actual origins and 

destinations (e.g. vehicles parking or departing on road segments) and mixture with various types of 

road users on urban road networks, such environments are more complex than highway 

environments. 

 

The highway use case includes a network of highways around the city of Amsterdam in the 

Netherlands: the A10 orbital road. For functional reasons the network includes not only the highway 

sections itself, but also all on- and off ramps and connections to connecting highways. The highway 

use case has been implemented in a live environment. Both streaming loop detector data as floating 

car data has been processed in real-time and traffic has been monitored in a live environment. Figure 

5, visualizes the selected network. 

 

  

Figure 5: Use case network (left: the Amsterdam A10 orbital road highway use case, right: the Almere 

urban road corridor use case 

 

The urban road use case consists of a corridor including multiple intersections of which 10 are 

signalized. The network describes a major corridor from the A6 highway towards the city centre of 

the Dutch town Almere. In contrary to the highway use case, the urban road use case has been 

implemented in an offline environment. No live data is processed within this use case. However, for 

simulation purposes a live environment is imitated in which no live but historic data is processed 

resulting in streaming loop detector data, floating car data and traffic light data. 

 

Results 

In both use cases similar evaluation indicators have been used to assess the quality of the output of 

the application. These indicators combined give a good qualification of the module performance on 

its predictive ability. 

 

Evaluation framework 

The evaluation framework consists of two indicators. A global network indicator based on the 

number of kilometres of congestion in the complete network and a network link indicator assessing 

the accuracy in estimating and predicting the correct locations of congestion as well as non-

congestion. The first indicator does not reckon with erroneous locations of congestion, but only 

analyses whether the total kilometres of congestion within the complete network is correct. As a 

result it is insensitive for differences in link lengths. The second indicator is also an aggregated 

network indicator, but explicitly focusses on the extend in which the application is able of estimating 
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and predicting the correct location of congestion. The evaluation focusses on the extent in which the 

predictions made for a specific time interval match the actual measurements for that same time 

interval, assuming that the measurements are the ground truth. Furthermore we only focus on 

performance during peak hour periods, to avoid incorporating low demand periods with no 

congestion blurring the performances (i.e. relatively high performance possible although system 

never correctly predicts congestion). Complementary to these assessment indicators the quality of 

the incident detections is assessed, focusing on the current traffic conditions.  

 

The assessment of accuracy of the model is calculated by comparing the predicted states for single 

road segments with measurements for that specific time interval. Road segments of typically 50-300 

meter are used for the calculation of the accuracy. Because in the system a single road segment can 

either be congested or non-congested, the comparison of the results of the application with 

measurement can result in four possible combinations. A congested prediction can either be true or 

false and so can a non-congested prediction be, resulting in four quadrants: 

 

Q1: True Positive  

Q2: False Positive 

Q3: False Negative 

Q4: True Negative 

 

For every link segment within the network the indicator determines for each modelled minute to 

what quadrant it belongs. From these segment results an overall evaluation of the accuracy of the 

model can be calculated: 

 

Accuracy = (Q1+Q4)/(Q1+Q2+Q3+Q4) 

 

Highway use case 

The application has proven to be successful in reproducing and predicting network traffic states. 

Where congestion is varying over time and space during the day, the application is able to follow and 

predict these patterns. Figure 6 visualizes the +6 minutes predictions of the application against the 

measured data in terms of congestion kilometres per minute. As it can be seen, the module is well 

able to predict fluctuation in congestion over the day. 

 

 
Figure 6: Measured versus predicted (+6 minutes) congestion kilometres on the modelled network 
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Figure 7: Accuracy figures for morning peaks on weekdays 

 

Besides a successful reproduction of traffic patterns, the application has also proven to do so with a 

relatively high accuracy. The accuracy of the model has been determined for each morning peak for a 

one-week period for both three and six minute predictions. These evaluation results are presented in 

figure 7. Overall, it can be seen that the accuracy of the module is reasonably high with an average 

accuracy of over 90% for both three and six minute predictions: 95% for three minutes prediction 

and 93% for six minute predictions in the morning peak and 92% for three minute and 91% for six 

minute predictions in the evening peak. 

 

 
Figure 8: Detailed visualization of accuracy figures for 11th may morning peak (t+3) 

 

For one of these morning peaks a more detailed analysis of the accuracy is visualized in Figure 8 for 

three minute predictions. The sum of the true positive and true negative is the accuracy level as 

presented before. Although the combination of true positives and false negatives seems a low 

percentage, it still means that approximately 20 percent of the complete network is in congestion 

during the morning peak which is a high level of congestion. Furthermore, the number of false 

positives and false negatives are reasonably equally distributed over time, which means that the 

accuracy of the system does not differ depending on the level of congestion within the network. 

Although the congestion was not always predicted on the exact correct position, the total number of 

congestion kilometres shows an accurate match. Further analysis shows that in some cases the 
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model predicts congestion to occur a few segments downstream of its actual location and in some 

cases the model slightly under- or overestimates the shockwave speed of a queue. 

 

Urban road use case 

Just as for the highway use case application has proven to be able to reproduce actual traffic 

situations in the urban case reasonably well. The accuracy on an average morning peak has been 

calculated to be 96% for the current situation. This fairly good reproduction of the actual traffic 

situation offers an excellent starting point for the prediction horizon. Here it is seen, that accuracy 

decreases proportionally to the prediction period. For 10 minute predictions the accuracy level is still 

88%. This faster decrease in accuracy compared to the highway case is best to be explained as a 

result of uncertainties in intersection delay. Intersection capacity is to be calibrated by the supply 

calibration, but due to varying green light distributions in the prediction horizon it might differ more 

for upcoming minutes than is the case for capacities calibrated for highway segments. Furthermore, 

the variation in local demand in urban networks is larger as a result of the influence of intersections 

on the propagation of traffic, more routing options and smaller absolute numbers of cars on specific 

segments resulting in larger relative deviations (which was already addressed earlier in this paper).  

 

 
Figure 9: Detailed visualization of accuracy figures for an average morning (t+3) 

 

Discussion and Conclusions 

Implementation of a model based state estimation and prediction application in two use cases has 

proven to be successful in traffic state estimation and prediction for non-urban and urban cases. 

From various data sources the application successfully provides a complete and consistent snapshot 

over space and time for a complete network offering the opportunity to serve as the common 

operational picture for traffic management purposes and as a basis for cooperation between traffic 

management stakeholders. The model-based approach handles both regular and irregular events 

affecting the supply parameters of the network and the network demand. Furthermore, it allows the 

possibility to not only detect and predict near future traffic states based on actual situation, but as 

well to calculate the effects of multiple what-if scenarios (i.e. traffic management scenarios). Further 

work will be on deployment and further testing for other situations and longer time periods 

providing the opportunity to further improve the application 

 

With an accuracy of around 90% (and higher) the application has now been implemented in both a 

highway as an urban environment. To improve performance of the module significantly there are 

two domains of interest. On the one hand, experience within these two use cases has shown, that 

although supply calibration has been given major attention, the quality of traffic demand is a crucial 

element that can affect prediction quality. More advanced (dynamic) demand calibration algorithms 

have however showed, also in literature, to require too much computational effort within a live 

performing algorithm. Therefore, further research and developments on this application will 
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definitely take this issue into account. Furthermore, the parameter calibration can probably further 

improved by incorporating optimization techniques instead of the current techniques which needs 

case specific tuning of parameters during setting up this application.  

 

A second domain which needs further attention, is data availability and latency. For both use cases 

calculation of traffic state estimation and prediction was very fast and convenient for live 

applications. However, latency on traffic measurement data has showed to be a serious aspect. 

Depending on the data source, latency of up to several minutes have been observed. As such 

measurement data forms the basis for any approach (model-based or data-driven) for traffic state 

estimation or incident detection, such high latencies significantly affect the response time within 

incidents are noticed and measures can be taken. Therefore it is advised that more effort is 

committed towards making data available faster.  

 

References 

Calvert, S.C., Snelder, M., Bakri, T., Heijliger, B., Knoop, V. (2015), Real-Time Travel Time Prediction 

Framework for Departure Time and Route Advice, In Proceedings Transportation Research 

Board, Annual Conference, Washington, D.C., United States. 

Huisken, G. and Coffa, A. (2000). Short-Term Congestion Prediction: comparing time series with 

neural networks, IEE Conference Publication 472, pp. 60 – 63. 

Kerner, B. S. (2003). "Three-phase traffic theory and highway capacity." Physica A 333: 379-440. 

Lighthill, M. J. and Whitham, G. B. (1955). On kinematic waves. II. A theory of traffic flow on long 

crowded roads, Proceedings of the Royal Society of London. Series A. Mathematical and Physical 

Sciences, Vol. 229, No. 1178, pp. 317–345, 1955. 

Nantes, A., D. Ngoduy, A. Bashkar, M. Miska & E. Chung (2016). Real-time traffic state estimation in 

urban corridors from heterogeneous data. Transportation Research C, 66, 99-118.   

Seo, T., A.M. Bayen, T. Kusakabe & Y. Asakura (2017). Traffic state estimation on highway: A 

comprehensive survey. Annual reviews in Control, 43, 128-151. 

Van Aerde, M., 1995, “Single regime speed-flow-density relationship for congested and uncongested 

highways”, In proceedings 74th Transportation Research Board Annual Conference, Washington, 

D.C., Paper No. 95080 

Van Hinsbergen, C., J. Van Lint & F. Sanders (2007). Short-Term Traffic Prediction Models. In 

Proceedings 14th World Congress on Intelligent Transport Systems: ITS for a Better Life, Beijing: 

Research Institute of Highway, Chinese Ministry of Communications, 2007. 

Van Lint, J. and C. van Hinsbergen (2011). Short-Term Traffic and Travel Time prediction models. 

Transportation Research Number E-C169 November 2012. 

Vlemmings T., O. Vroom, J. Tzanidaki, J. Vreeswijk, P. Hofman, J. Spoelstra & N. Rodriguez (2017). 

Contractual agreements in interactive traffic management – looking for the optimal cooperation 

of stakeholders within the TM2.0 concept. In proceedings ITS European Congress 2017, 

Strassbourg, France.  

Vlist, M. van der, L.J.J. Wismans, P. van Beek & L.C.W. Suijs (2016). Virtual patrolling. Transportation 

Research Procedia, 14 (2016), 3370-3379. doi:10.1016/j.trpro.2016.05.289 

Vries, L.O. de, L.J.J.Wismans & E.C. van Berkum (2018). Real-time urban state estimation and 

prediction using data-fusion framework based on link neighbors. In Proceedings of 7th Transport 

Research Arena TRA 2018, April 16-19, 2018, Vienna, Austria 

Wang, Y., Papageorgiou, M. (2005). Real-time freeway traffic state estimation based on extended 

Kalman filter: a general approach. Transportation Research. Part B, 39, 141–167 

Wismans, L.J.J., E. de Romph, K. Friso, & J. Zantema (2014). Real-time traffic models, decisions 

support for traffic management. Procedia Environmental Sciences, 22, pp. 220-235, 

doi:10.1016/j.proenv.2014.11.022 


