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A B S T R A C T   

Model-based predictive signal control is a popular method to pro-actively control traffic and to 
reduce the effects of congestion in urban networks. In combination with structure-free controllers, 
which adapt signal settings in arbitrary order and combination (no imposed cycles), these pre-
dictive control methods have a high potential to increase system performance by adapting to 
individual vehicle patterns, which are increasingly available due to new technology. However, 
most of these control methods assume perfect predictions, while in practice there are prediction 
errors due to various reasons. In this paper, the sensitivity of the system performance to these 
prediction errors is analyzed, for an urban corridor with spillback. 

In a microscopic simulator, first the ideal world is created for the structure-free model-based 
predictive signal controller, in which perfect predictions are made and the controller can reach its 
optimal performance. Then prediction errors are introduced in this perfect world, distinguished in 
aggregation errors that arise using a macroscopic prediction model and biases that represent 
structural errors in the prediction model or in its demand and state input. The effects of these 
prediction errors on the system performance are analyzed, as a function of the prediction horizon 
and update frequency of the control system. 

The results show that, even under errors, longer prediction horizons lead to better perfor-
mance, up to a certain optimal prediction horizon length. A high update frequency dampens the 
influence of prediction errors, enabling the structure-free controller to correct mistakes faster. 
However, there remains a significant performance loss due to aggregation errors and biases in the 
prediction model, indicating a promising performance gain of more reliable predictions and the 
incorporation of information on individual vehicles in future control applications. Moreover, for 
all model quantities one direction of the bias has more impact on the system performance than the 
other direction, indicating guidelines towards a more robust control system that suffers less from 
erroneous predictions.   
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1. Introduction 

Traffic signal control is an important and widely used traffic management instrument to reduce the effects of congestion in urban 
networks, especially in saturated corridors where there is a high risk of spillback. Over the years, many signalized traffic controllers 
have been developed to guide traffic as efficiently as possible through the network (for an overview see (Papageorgiou et al., 2003; van 
Katwijk, 2008; Li et al., 2014)). Model-based predictive signal control is a popular approach, because by predicting the network wide 
traffic state and its evolution, the control decisions can be pro-actively optimized anticipating on future traffic conditions (for an 
overview see (Burger et al., 2013; Ye et al., 2019)). However, most of these predictive signal control methods assume perfect pre-
dictions, while in practice there are prediction errors due to input errors, simplifications, and biases in the prediction models. In this 
paper, the sensitivity to these prediction errors is investigated, analyzing the influence of prediction errors on the system performance 
of a model-based predictive controller in a corridor with spillback. 

Model-based predictive signal control offers many possibilities to control the traffic system in an efficient manner (Burger et al., 
2013; Ye et al., 2019). Since a prediction is made of the traffic state and its evolution, the controller makes pro-active decisions 
anticipating on future traffic conditions. The predictions are made by a traffic model, which makes it possible to calculate the effect of 
different possible control plans. An optimizer is used to select the control plan that is most effective according to the definition of 
performance in the specific control application. A model-based predictive controller uses a rolling horizon approach (as explained in 
(Burger et al., 2013; Ye et al., 2019)). The control plan is optimized for the upcoming prediction horizon, after which the prediction 
horizon is shifted, and a new control decision is made. This assures a reinitialization of the controller to the current traffic state to 
correct for unforeseen situations and to update the prediction regularly. By increasing the prediction horizon of the controller, in-
formation on the states of different intersections is connected. Vehicles that are released at an intersection arrive at a downstream 
intersection later in time, and queues at an intersection propagate backwards causing spillback at upstream intersections. Looking 
ahead over multiple intersections allows to optimize the traffic state for a larger part of the network (network control), instead of 
optimizing each individual intersection separately (local control). Therefore, in theory, the performance of the control system in-
creases by increasing the prediction horizon, especially in saturated networks with a high chance of spillback. 

To reach an adequate performance level, the controller should provide enough control plans to choose from in the optimization. 
Most of the existing model-based predictive control methods use a pre-defined cyclic structure, optimizing cycle times and green splits 
only (Burger et al., 2013; Ye et al., 2019). The more advanced predictive control systems have a larger degree of freedom, i.e., a higher 
adaptivity level (van Katwijk, 2008), adapt signal settings in arbitrary order and combination, and frequently (in seconds) reconsider 
signal settings dependent on arriving vehicles. Compared to the traditional pre-defined cyclic structure-based approaches, these 
structure-free predictive controllers essentially can match the fluctuations in the pattern of arriving vehicles better, improving the 
performance of the control system. However, these highly adaptive controllers require more computation time to find the optimal 
solution. Especially in the light of new technology, i.e., communicating vehicles and traffic lights, and new available data sources, i.e., 
online data on individual vehicles, highly adaptive controllers will be beneficial making full use of the new available data (Li et al., 
2014). Therefore, structure-free (non-cyclic) model-based predictive signal controllers have a high potential controlling the traffic 
system in an efficient manner. 

However, such control systems suffer from prediction errors when applied in real life. Often a macroscopic traffic flow model, for 
example the store-and-forward model (Aboudolas et al., 2009) or a related model (Lin et al., 2012), is used for computational efficiency 
reasons to predict the evolution of the traffic state in the network (Burger et al., 2013; Ye et al., 2019). The individual driving behavior 
is aggregated in the prediction model, assuming equal average driving properties (like speed, acceleration, reaction times) for all 
vehicles. Individual destinations are aggregated as well into average turn fractions, and average demand patterns are assumed instead 
of individual vehicle arrivals, since these individual vehicle data are mostly not available yet. The aggregation process leads to a model 
mismatch between the macroscopic prediction model and how real traffic evolves, resulting in errors in the predicted traffic states. 
Moreover, also biases may be present in the control system (Tettamanti et al., 2014; Tettamanti et al., 2011; Ye et al., 2017). The 
prediction model itself may contain biased assumptions on average driving behavior. The current traffic state, i.e., the initial state and 
basis of the prediction model, may be biased as well, since the traffic state, like queue length, cannot be directly measured, or is 
expensive to measure, and therefore needs to be estimated. The predicted arrivals and route choices, i.e., the demand input to the 
prediction model, can also be biased due to estimation errors. Biases in the input, initial state, and prediction model itself, lead to 
additional errors in the predicted traffic states. The prediction errors may propagate in the prediction model through the network, 
eventually leading to suboptimal control decisions and a decrease in system performance. Especially in a network with saturated traffic 
conditions and a high risk of spillback, small errors may have large consequences. 

Existing work mainly focuses on improving data collection (Wu and Liu, 2014; Astarita et al., 2017) and estimation and prediction 
methods (Vlahogianni et al., 2014; van Lint and Hinsbergen, 2012). With recent technological developments, data collection shifts 
from historical to real-time and from location-based to floating car data (Wu and Liu, 2014; Astarita et al., 2017). Advanced estimation 
and prediction methods are developed using these data to improve prediction accuracy and increase computational efficiency, where 
not only model-based methods but also data-driven approaches are used (Vlahogianni et al., 2014; van Lint and Hinsbergen, 2012). 
However, until now, there has been very little study of the effect of data, estimation, and prediction errors on the performance of the 
signalized control system, as was already indicated for traffic management systems in general (Klunder et al., 2014), and for model- 
based predictive signal control systems in particular (Ye et al., 2019; Tettamanti et al., 2011; Ye et al., 2017). Whereas, when designing 
and implementing these predictive signalized control systems, it is important to know which prediction errors cause the most per-
formance decrease and which improvements in prediction accuracy will lead to the largest performance increase. 

Therefore, this paper studies the effect of prediction errors on the system performance of structure-free model-based predictive 
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signal control by means of a sensitivity analysis. This study looks at the sensitivity to aggregation errors and additional biases in the 
prediction model, initial state, and demand input, that all sum up to prediction errors that may influence system performance. The 
paper focuses on the sensitivity of structure-free model predictive control in a small network, i.e., a corridor with saturated conditions, 
where a small prediction error may have large consequences causing spillback. This study builds on the authors’ earlier work (Poelman 
et al., 2020), where only a single intersection with local predictive control was analyzed. In this paper, the sensitivity analysis is 
extended to a corridor of multiple intersections, considering spillback effects. The dependencies between up- and downstream in-
tersections are considered in the sensitivity analysis, analyzing the effect of propagating prediction errors in the network on the total 
system performance. Moreover, this paper studies the performance benefit of global predictive control with a total network objective 
and analyzes if this performance benefit is preserved under erroneous predictions. In the sensitivity analysis of the local controlled 
single intersection in (Poelman et al., 2020) only biases were considered, i.e., structural errors in the initial state (queues), input 
(arrivals) and output (departures) of the prediction model. However, in a network context, macroscopic prediction models are often 
applied to simplify the traffic propagation modeling for computational efficiency reasons. Therefore, in this paper, the prediction 
errors are separated into aggregation errors and additional biases in the sensitivity analysis, to identify the performance gain of more 
reliable predictions on the one hand and the incorporation of disaggregate individual vehicle information on the other hand. Moreover, 
in this study, not only errors in the initial state (queues) and input (arrivals) and output (departures) of the prediction model are 
analyzed, but also errors in the model itself, i.e., errors in the model parameters (travel speed, turning directions of the vehicles, 
saturation rate, and queue propagation speed), are considered, analyzing the model mismatch of the predicted traffic propagation 
through the network. Note that in authors’ earlier work (Poelman et al., 2020) a comparison is made for a single intersection between 
structure-free and the more traditional cyclic model-based control. Since the structure-free controller outperforms the cyclic controller 
by adapting to individual vehicle patterns, with perfect as well as erroneous predictions (as was the conclusion in (Poelman et al., 
2020)), the focus in this paper lies on the structure-free model-based predictive controller, but now applied in a network context. 

The final aim of this paper is to give guidelines for developing structure-free model predictive control systems in a network. Various 
aspects in the sensitivity analysis are discussed, such as which prediction horizon length is still useful for looking ahead over in-
tersections but not suffering too much from the error propagation, which update frequency is necessary to reduce prediction errors, 
and which quantity is most important to predict accurately in a network. Guidelines are presented towards the design of a more robust 
control system for a network that suffers less from erroneous predictions. 

2. Methods 

2.1. Experimental setup: general approach sensitivity analysis 

In this research, a testbed environment is set-up to analyze the sensitivity to prediction errors for a model predictive control system. 
The testbed environment is outlined in Fig. 1. A microscopic simulator is used to represent the real world. A model predictive controller 

Fig. 1. Model predictive control system in testbed environment. The wavy lines represent quantities that are affected by measurement, estimation, 
or prediction errors ε. 
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is connected to the simulation platform. Based on the current traffic state and the traffic demand as defined for the simulation, the 
controller optimizes the settings of the traffic signals by predicting the future traffic states in the network. The controller contains the 
standard components of a model predictive controller (Burger et al., 2013; Ye et al., 2019). A model is used to predict the future traffic 
state in the network for each candidate control plan. A control optimizer is used to select the optimal control plan, that has the largest 
predicted system performance for the entire network. A rolling horizon approach is applied to assure a reinitialization to the current 
traffic state. The control plan is optimized for the upcoming prediction horizon, after which the prediction horizon is shifted, and a new 
control decision is made. The optimal control plan is sent to the microscopic simulator, where the effects of the control decision are 
simulated. Afterwards, the performance of the control system is analyzed based on the simulation results. 

In contrast to real-life, all demand and state inputs to the model predictive controller are known exactly from the simulator in the 
testbed environment. Moreover, the prediction model can be tuned to reproduce the known and neat traffic behavior in the micro-
scopic simulator as close as possible. Therefore, in the testbed environment, the controller can make the most accurate predictions 
(only a small tuning error remains), leading to an optimal control decision with optimal system performance. This provides us a clear 
reference situation for the sensitivity analysis. Prediction errors that arise in real-life can be systematically introduced in the testbed 
environment. These prediction errors will eventually affect the solution obtained by the controller, resulting in non-optimal decisions. 
The effect of these non-optimal decisions on the system performance can be exactly measured in the microscopic simulation world. In 
the sensitivity analysis the effect of these prediction errors is analyzed and compared to the reference situation. Note that a macro-
scopic prediction model is chosen, which is mostly applied in real-life control applications for performance reasons. This allows us to 
study the effects of model mismatch between the macroscopic prediction and microscopic world that would occur in real life. 

The general approach of the sensitivity analysis is outlined in Fig. 2. The sensitivity analysis consists of three steps. First, the almost 
perfect world is created to use as a reference situation (see step I in Fig. 2). The almost perfect world represents the ideal world without 
prediction errors. In this almost perfect world, the predictions are made as accurate as possible. To this end, deterministic driving 
behavior is considered in the microscopic simulation, assuming all vehicles having equal driving parameters (like accelerations, de-
celerations, desired speeds, and reaction times). Drivers do not overtake and only change lanes at link exits if this is needed to reach 
their destination. The macroscopic prediction model is tuned to match the deterministic microscopic behavior, by measuring the 
values of the macroscopic parameters (like travel times, saturation rates, and queue propagation speeds) in the microscopic simulation. 
Moreover, individual vehicle information on arrivals and destinations is retrieved from the microscopic model and is assumed to be 
known in the macroscopic model as the specific demand pattern (including the turning directions of the vehicles). Also, the current 

Fig. 2. General approach of the sensitivity analysis.  

M.C. Poelman et al.                                                                                                                                                                                                   



Transportation Research Part C 153 (2023) 104174

5

queue state is retrieved from the microscopic simulator and assumed to be known exactly as a starting point for the macroscopic 
prediction. In this way, the macroscopic model can reproduce the microscopic world almost perfectly with its predictions (only a small 
tuning error remains), and the model predictive controller can find the optimal control decisions leading to the optimal system 
performance. 

Second, the almost perfect world is disturbed by introducing stochastics (see step II in Fig. 2). The deterministic driving behavior in 
the microscopic simulation is replaced by stochastic behavior. Vehicles are assumed to have different driving parameters, all varying 
around the original average values. Note that only longitudinal driving behavior is considered, lane change behavior due to overtaking 
is not considered in this study. The tuned macroscopic model no longer represents the exact behavior of all vehicles, but now cor-
responds to the average driving behavior. Moreover, the individual arrivals and destinations of the vehicles are assumed to be un-
known in the macroscopic model and are replaced by the average demand pattern (including average turn fractions to indicate the 
distribution over the different directions). In fact, the stochastic behavior of the individual vehicles is aggregated in the macroscopic 
prediction model, resulting in aggregation errors. This represents the aggregation process in real life, that is inevitable when using a 
macroscopic model to predict microscopic behavior. The effect of these aggregation errors on the performance of the model predictive 
control system is analyzed. 

Third, the aggregated world is disturbed further by introducing biases, i.e., structural asymmetric errors (see step III in Fig. 2). 
These biases are introduced in the different components of the model predictive control system (as indicated by errors ε in Fig. 1). The 
macroscopic prediction model itself is biased, by adding biases to the macroscopic model parameters (like travel times, saturation 
rates, and queue propagation speeds), representing a mismatch in driving behavior between the macroscopic prediction model and the 
microscopic world. The average demand input (including turn fractions) to the macroscopic prediction model is biased as well, 
representing demand prediction errors (and lack of information on vehicle destinations). Moreover, the initial queue state is biased, 
representing a combination of detection and state estimation errors that appear in real-life. The effect of these biases on the system 
performance is analyzed. 

Note that the approach of the sensitivity analysis is top down, disturbances are introduced in the almost perfect world and the 
(negative) effects of these prediction errors on the performance of the control system are analyzed. Bottom up the flow chart can be 
considered as the improvement of the control system, from the current imperfect control system based on biased macroscopic pre-
dictions, to an ‘ideal’ control system with perfect predictions including information on individual vehicles. Instead of analyzing the loss 
in performance by prediction errors, the gain in performance can be indicated of these methodological and technological improve-
ments of the control system. 

In the sensitivity analysis in this paper, the focus lies on the network effects of prediction errors. Prediction errors propagate 
through the network in downstream as well as in upstream directions. Errors in predicted departures at an intersection will result in 
errors in the predicted arrivals at downstream intersections later in time. Errors in predicted queue states will affect the predicted 
departures at upstream intersections due to spillback. The longer the prediction horizon, the more the predicted state may deviate from 
the actual state to a point beyond which prediction may not be beneficial anymore. Therefore, the role of the prediction horizon will be 
considered in the sensitivity analysis. The prediction horizon is increased to look over multiple intersections, as well in downstream 
direction (travel direction of the vehicles) as in upstream direction (spillback direction), and the effect on the system performance is 
analyzed for perfect as well as erroneous conditions. For perfect predictions, it is analyzed how far the controller should look ahead to 
substantially increase performance, as there may be a horizon beyond which system performance does not improve anymore. For 
erroneous predictions, it is analyzed when the performance loss due to the error propagation overrides the benefit of the prediction. 
Note that updating the prediction and control decision more frequently based on (sufficiently accurate) actual queue states will 
probably reduce the effect of the error propagation. Therefore, the role of the update frequency will be considered in the sensitivity 
analysis as well. More specifically, the following aspects will be assessed: 

• Relation between the prediction horizon and the performance of a control system with perfect predictions, to analyze the per-
formance gain of an increasing prediction horizon in a network. And, to find the horizon (if any) beyond which system performance 
does not improve anymore.  

• Relation between the prediction horizon and the performance of a control system with aggregation errors in the predictions, to 
analyze to what extent an increasing prediction horizon still increases system performance in a network. In other words, to analyze 
whether a macroscopic model is accurate enough to benefit from the prediction in the controller.  

• Relation between the prediction horizon and the performance of a control system with biases in the predictions, to analyze to what 
extent an increasing prediction horizon increases the system performance in a network. Or, if not, to analyze to what extent the 
performance loss due to the error propagation in the network overrides the benefit of the prediction.  

• Ranking of quantities to which the control system is most sensitive if not predicted correctly. In other words, ranking of quantities 
in order of importance to make accurate predictions in a network.  

• Relation between the update frequency and the performance of a control system with predictions errors (aggregation errors or 
biases), to analyze to what extent a higher update frequency has a reducing effect on the performance loss due to error propagation 
in the network. 

2.2. Technical setup: model predictive control system 

2.2.1. Modeling framework 
The modeling framework for the sensitivity analysis is an extension of the framework proposed in the authors’ earlier work for a 
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single intersection (Poelman et al., 2020), now being applied to a small network. A microscopic simulation model in Aimsun (Aimsun, 
2017) is used to represent the real world. A model predictive controller is implemented and connected to the Aimsun simulation model. 
The controller is assumed to be structure-free, i.e., no cycles are imposed and the order in which the traffic signals become green 
together with the green duration is determined in the optimization process. The authors have previously shown (Poelman et al., 2020) 
that for a single intersection structure-free control outperforms model-based cyclic control even under erroneous conditions due to its 
high adaptive ability to correct bad decisions quickly. The prediction model in the structure-free controller is an extension of the 
macroscopic store-and-forward model of (Poelman et al., 2020) including simple queue dynamics to predict spillback effects between 
the different intersections in the network. Note that the macroscopic network model is defined in enough detail containing the essential 
quantities to describe the microscopic traffic propagation but simplified enough to maintain a reasonable computational performance. 
The essential macroscopic model quantities are tuned to reproduce the reference and detuned in the sensitivity analysis (Section 2.2.4). 
Moreover, the predictive controller is a network controller, i.e., it optimizes the future traffic situation in the entire network, making a 
control decision for all intersections simultaneously. Since a rolling horizon approach is applied, a series of subsequent optimization 
problems is solved. In each optimization problem, the control optimizer determines the optimal control sequence for the prediction 
horizon that minimizes the total delay in the network based on the predicted traffic states. Each optimization problem can be defined as 
a discrete mathematical programming problem (Section 2.2.2). Note that the problem complexity of the structure-free model-based 
predictive controller rapidly grows with additional intersections, therefore, the exact solution method of (Poelman et al., 2020) is no 
longer sufficient and a heuristic solution method is needed and proposed in this paper (Section 2.2.3). 

2.2.2. Mathematical formulation 
To this end, the continuous time horizon is split into discrete control intervals [(k-1)T, kT), with k the discrete time index referring 

to the kth interval and T [s] the duration of the time interval. At the start of each control interval the signal setting at the intersections 
may change. Let i denote the index of a movement at any of the intersections in the network. Let m denote the index of an intersection. 
Predefine, per single intersection, a movement group with index jm as a group of movements belonging to intersection m that are non- 
conflicting and are given green at the same time. Let I(jm) be the set of movement indices belonging to movement group jm. Introduce 
signal states si(k) ∈ {0(red),1(green) } and movement group states pjm (k) ∈ {0(red),1(green) } for all movements i, movement groups jm 
at intersections m, and time indices k. Exactly one movement group can be active at each intersection m at each time index k, i.e., 
∑

jm pjm (k) = 1. The states of the signals i ∈ I
(
jm
)
, belonging to movement group jm at intersection m, follow the state of this movement 

group at each time index k, i.e., si(k)= pjm (k). There is no all-red movement group defined. Individual movements that are switching 
from state red to green, are assumed to stay red a loss-time TL longer in the next control interval (assuming TL < T) representing 
clearance times. There is a free choice of the active movement group at an intersection, there is no pre-defined order and there are no 
additional constraints concerning minimum or maximum green times. The objective of the controller is to find a control sequence of 
movement group states pjm (k) ∈ {0,1}∀jm∀m, and corresponding signal states si(k) ∈ {0,1}∀i, for the prediction horizon k = k0 + 1, …, 
k0 + K that minimize the total delay over this prediction horizon, with k0 referring to the current time interval the traffic system is in 
and K the number of prediction intervals looked ahead. 

To predict the delay corresponding to a control sequence, a macroscopic store-and-forward model is used. In this model, vertical 
queues are assumed at the downstream end of each dedicated link of a movement. Vehicles are assumed to travel with equal free flow 
speed to the downstream end of the link and enter the queue. Vehicles leave the queue when the signal is green, and if there is enough 
space at the dedicated links of the downstream movements. To determine the available space downstream the queues are assumed to 
be horizontal, and a simple queueing model is applied to determine the occupied space (head and tail) of the queue. According to these 
assumptions, a vehicle is queued and delayed if it arrived at the downstream end of the link according to free flow conditions but has 
not departed yet due to a red signal, or queued earlier arrived vehicles, or a blockage downstream. The number of queued (and 
delayed) vehicles xi(k) [veh] per movement i is defined as: 

xi(k) = xi(k − 1) + ai(k) − di(k) ∀i ∀k (1)  

with arrivals ai(k) [veh] at the queue and departures di(k) [veh] from the queue, and xi(k0) [veh] initialized to the current system state. 
The arrivals at the queues of the external movements at the entrance of the network are equal to the demand. The arrivals at the 

queues of the internal movements are related to the departures of the queues of the upstream movements by: 

ai(k) =
∑

ι̃
(dι̃(k − ni)*πι̃ i ) ∀i ∀k (2)  

where πι̃ i ∈ [0,1] is the turn fraction of the vehicles leaving at upstream movement ̃ι heading for movement i, and ni is the number of 
intervals looking back upstream according to the free flow travel time, i.e., 

ni = ⌈(Li/vi)/T⌉ ∀i (3)  

with Li [m] the length and vi [m/s] the free flow speed of the dedicated link of movement i. 
The departures from the queue are first determined by calculating the desired departures, considering unlimited space down-

stream, and, if necessary, will be restricted afterwards. The desired departures d̄i(k) [veh] from the queue of movement i, are 
approximated by an average saturation flow rate ri [veh/s] multiplied by the time duration T (corrected with the loss time TL ≤ T when 
switching from red to green), i.e., 
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d̄i(k) =

⎧
⎨

⎩

0 if si(k) = 0
min{ri*(T − TL), xi(k − 1) + ai(k) } if si(k) = 1 and si(k − 1) = 0
min{ri*T, xi(k − 1) + ai(k) } if si(k) = 1 and si(k − 1) = 1

∀i ∀k (4)  

These desired departures d̄i(k) [veh] from movement i, are limited by a maximum outflow dMAX
i (k) due to limited space at the 

downstream movements ̂ι, resulting in the real departures di (k) [veh], i.e., 

di(k) = min
{

d̄i(k), dMAX
i (k)

}
∀i ∀k (5)  

with 

dMAX
i (k) = minι̂

{(
Lι̂ − LQ

ι̂ (k − 1)
)/

LVEH −
∑n̂ι

n=1
∑

ι̃(dι̃(k − n)*πι̃ ι̂ )

πi ι̂

}

∀i ∀k (6)  

where πi ι̂ ∈ [0, 1] is the turn fraction of the vehicles leaving movement i, heading for downstream movement ̂ι, and 
(
Lι̂ − LQ

ι̂ (k − 1)
)/

LVEH the available space expressed in vehicles at the downstream link of movement ̂ι, i.e., link length Lι̂ [m] minus the space occupied 
by the queue LQ

ι̂ (k − 1)[m] divided by the space of a single queued vehicle LVEH [m], and 
∑nι̂

n=1
∑

ι̃ (dι̃(k − n)*πι̃ ι̂ ) the number of driving 
vehicles already present on downstream movement ̂ι. Note that di(k) and ai(k) only depend on values of previous time indices, so the 
order in which the links of the different movements i are updated has no influence on the calculation. 

The space occupied by the queue LQ
i (k) [m] in (6) is defined by the tail position of the queue. A simple (first order) queuing model is 

used to keep track of the tail and head position of the queue. The tail LQ
i (k) and head LH

i (k) of the queue are expressed in the positive 
number of meters in upstream direction measured from the downstream end of the link. The tail of the queue moves upstream with the 
arrivals, and remains active until the head of the queue, propagating upstream with constant speed vH

i [m/s] < vi when releasing 
vehicles, meets the tail position, i.e., 

LQ
i (k) =

{
LQ

i (k − 1) + ai(k)*LVEH if LH
i (k − 1) < LQ

i (k − 1)and(si(k) = 0 or si(k − 1) = 1)
xi(k)*LVEH otherwise ((re)initialization)

∀i ∀k (7)  

and 

LH
i (k) =

{
LH

i (k − 1) + vH
i *T if 0 < LH

i (k − 1) < LQ
i (k − 1)and(si(k) = 0 or si(k − 1) = 1)

vH
i *(T − TL)*1[di(k)>0]*1[xi(k)>0] otherwise ((re)initialization)

∀i ∀k (8)  

with 1[di(k)>0 ] and 1[xi(k)>0 ] indicator functions, 1 if the condition holds, 0 otherwise. In the model a standing queue at the stop line is 
assumed the moment the signal turns green, i.e., si(k) = 1 and si(k − 1) = 0. The tail LQ

i (k) of the queue is initialized to the (occupied 
space of the) total number of vehicles in this queue (initialization in (7)). From there the tail moves upstream with the arrivals. The 
head LH

i (k) of the queue is initialized to zero and starts to move when releasing vehicles at green, i.e., if di(k) > 0 and xi(k) > 0 
(initialization in (8)). The head continuous to move upstream with constant speed vH

i while the head is smaller than the tail, i.e., 
LH

i (k − 1) < LQ
i (k − 1). If the head meets the tail, the head and tail are reinitialized. If the queue is dissolved during green (xi(k)= 0), 

then the head and tail will both be reset to zero. If there is a remaining queue (xi(k) > 0) since the traffic signal turns red before the 
head meets the tail, the head will be reset to zero (di(k) = 0) and the tail will be reset to the (occupied space of the) total number of 
vehicles left in the queue. Note that the first order model is only accurate if the head meets the tail before the signal gets green again for 
a second time. Note that (7) and (8) force a reinitialization if this is not the case. In this paper only short distances between intersections 
will be considered, resulting in short queues for which this queueing model is accurate enough. 

According to the complete store-and-forward model, the optimization of delay of the predictive control system can be expressed as: 

min{pjm (k),∀jm∀m∀k}

∑
i
∑k0+K

k=k0+1xi(k)*T (9)  

s.t.
si(k) = pjm (k) ∀i ∈ I(jm) ∀jm∀m ∀k

∑
jm pjm (k) = 1 ∀m ∀k

xi(k)given by (1)-(8) ∀i ∀k  

2.2.3. Solution method 
The discrete mathematical programming problem (9) with the explicit formulation of the store-and-forward model (1)-(8) can be 

solved by searching through a corresponding decision tree. The starting node of the tree is the current state of the control system {xi(k0) 
∀i}, branches are formed by the possible decisions for the next time step k0 + 1, i.e., for all intersections m the choice of the active 
movement group jm for which pjm (k0 + 1) = 1, resulting in nodes at the next time layer with state {xi(k0 + 1) ∀i}, and so on, adding time 
layers for k = k0 + 1, …, k0 + K. The optimal decision sequence is the path in the tree with minimum delay. The problem size, given by 
the number of possible paths (|J|^|M|)^K, rapidly grows with the width of the tree, determined by the combination (|J|^|M|) of the 
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Fig. 3. Branch-and-bound heuristic with greedy tail, with flowchart (a,b) of the heuristic solution algorithm, and convergence (c,d) of the heuristic 
solution approach indexed to the optimal solution level of the full branch-and-bound search method (timed on a computer with an Intel i7- 
6820HQ processor). 
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average number of movement groups |J| per intersection and the number of intersections |M|, together with the depth of the tree, given 
by the number of prediction intervals K. Since the problem size can already be large in a small network, heuristic approaches are 
needed in the search process, to find a near optimal solution in acceptable time. 

The applied heuristic solution approach is outlined in Fig. 3b. The rolling prediction horizon k = k0 + 1, …, k0 + K is split into a 
control horizon k = k0 + 1, …, k0 + KCTR, KCTR ≤ K, where the signal states are fully optimized and (if KCTR < K) a tail k = k0 + KCTR +

1, …, k0 + K, where the search space is limited, and suboptimal signal states are obtained (Fig. 3b). Note that in the rolling horizon 
approach, the solution is updated after a pre-defined period of KUP intervals. The control horizon k = k0 + 1, …, k0 + KCTR is chosen at 
least as large as this update horizon k = k0 + 1, …, k0 + KUP, KUP ≤ KCTR ≤ K. In this way, only the fully optimized signal states are 
implemented, and the suboptimal tail is reconsidered and optimized further in the next solution update. In this paper, for performance 
reasons KCTR is chosen as small as possible, i.e., KCTR = KUP, although not smaller than 2 intervals to assure enough degrees of freedom 
in the decision sequence. 

The optimal solution in the tail of the decision sequence is approximated by the greedy solution, i.e., in each time step the control 
decision is made that provides the most performance gain in this time step, without considering the effects of this decision for the 
remaining horizon. The greedy solution can be calculated efficiently but is typically a suboptimal solution. The head of the decision 
sequence for the control horizon is fully optimized by a branch-and-bound approach. This full optimization is more costly, but an exact 
solution can be obtained. Note that the greedy tail itself is not part of the implemented solution and will be used as a starting point to 
optimize further in the next decision update. The greedy tail is determined by solving subsequent optimization problems, i.e., 
min{pjm (k),∀jm∀m}

∑
ixi(k)*T given state {xi(k-1) ∀i} sequentially for k = k0 + KCTR + 1, …, k0 + K, and is in fact constructed by following 

the greedy branch from a given node in layer k-1 to the next layer k in the tree. Mathematically, the objective of the controller in (9), is 
approximated by: 

min{pk ,k=k0+1,⋯,k0+KCTR}

(∑k0+KCTR

k=k0+1
ck(xk(xk− 1, pk) ) +

∑k0+K

k̃=k0+KCTR+1
minpk̃|xk̃− 1

ck̃
(
xk̃
(
xk̃− 1, pk̃

) ) )
(10)  

with xk the vector of queue states xi(k) ∀i, pk the vector of movement group states pjm (k),∀jm∀m, and ck the cost for time index k as a 
function of the queue state vector xk, i.e., ck(xk) =

∑
ixi(k)*T. Note that xk depends on xk− 1 and pk through (1)-(8), that are defined in 

explicit form. Note that the costs are additive over time, and can be updated cumulatively, Ck = Ck− 1 + ck, with Ck the cumulative 
costs for k = k0 + 1, …, k0 + K and Ck0 = 0. Therefore a branch-and-bound tree search can be followed to find the solution to (10). Note 
that the greedy solution can be used as an initial solution to (10) for the complete horizon, setting the initial cost bound in the search 

process, i.e., Ck0+K =
∑k0+K

k̃=k0+1
minpk̃|xk̃− 1

ck̃

(
xk̃

(
xk̃− 1, pk̃

))
. 

The branch-and-bound algorithm with greedy tail is presented in Fig. 3a. The search process starts at the first layer of the tree, i.e., 
at time index k0 (Step 0). For the active time layer k, the node with the lowest costs Ck is selected. Note that for time layer k0 the start 
node of the tree is selected, i.e., current state xk0 with Ck0 = 0 (Step 1). First the greedy path from the active node to the end of the tree 
is determined (Step 2). The costs along the greedy path, Ck̃ for k̃ = k + 1, ..., k0 + K are used to determine the minimum cumulative 

costs CMIN
k̃ found so far at each layer. These optimal layer costs are used later to limit the search space. Note that for time layer k̃ =

k0 + K the minimum costs CMIN
k̃ corresponds to the best complete solution found so far, that is updated if Ck̃ < CMIN

k̃ (Step 3). Then the 
active node is branched to the next time layer k + 1, by considering all possible decisions pk+1, calculating new states xk+1 with costs 
ck+1 and updating cumulative costs Ck+1 = Ck +ck+1 (Step 4A). The branched nodes are bounded if the costs are larger than the 
complete solution costs found so far, i.e., Ck+1 ≥ CMIN

k0+K or if the costs are too large compared to the minimum cumulative layer costs 

Fig. 3. (continued). 
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CMIN
k+1 , i.e., Ck+1 ≥ a*CMIN

k+1 +b with a and b parameters to restrict the search space. These parameters are chosen large enough to include 
inefficient intermediate solutions that could still lead to the optimal solution, but not too large to find a solution in a reasonable amount 
of time (Step 4B). Accepted nodes are added to a search list. The process is repeated until all accepted nodes are searched through for 
the head of the decision sequence, i.e., for time layer k ≤ k0 + KCTR. The final solution is the last updated optimal solution (result of step 
3). 

In Fig. 3c and d the convergence of the branch-and-bound heuristic with greedy tail is compared to the full branch-and-bound 
search, where not only the head but also the tail is fully optimized. The average convergence is shown for the reference of the 
corridor testcase (Section 2.3), with problem complexity |M| = 4 intersections, |J| = 4 movement groups per intersection, and a 
prediction horizon of K = 10 intervals with length T = 6 s. Both methods start in the greedy solution and use the same search space (a, b 
values). The heuristic method optimizes only the first two intervals, KCTR = 2, assumes a greedy tail and reconsiders part of the greedy 
tail in the next solution update, whereas the full search method optimizes all intervals at once (KCTR = K = 10). The full search method 
converges steadily, reaching its optimal solution level after 240 s (see Fig. 3d), however, takes too much time (slower than real-time) if 
an update interval of KUP = 1 (6 s) is considered. The heuristic with greedy tail converges much faster (see Fig. 3c), within 2 s (2/12 of 
the available update time if KUP = 2, and 2/6 if KUP = 1), reaching a suboptimal solution that lies close (<1%) to the optimal solution of 
the full search method (see Fig. 3d). Therefore, the heuristic solution approach is efficient and accurate enough for the problem 
analyzed in this paper. 

2.2.4. Tuning and detuning 
To create the “almost perfect world” in the first step of the sensitivity analysis, the macroscopic prediction model is tuned to be 

equal to the deterministic microscopic driving behavior (step I in Fig. 2). This is done by measuring the values of the macroscopic 
parameters of model (1)-(8) in the microscopic simulation. The free-flow speed vi [m/s] in (3) is tuned by measuring the travel time of 
the vehicles from link exit to link exit under free-flow conditions (and green signals). Note that an intersection has no space in the 
macroscopic model, and travel times on the intersection surface need to be incorporated in the (therefore slightly slower) macroscopic 
link speed. The saturation flow rate ri [veh/s] in (4) is tuned by measuring the individual passage times at the link exit of vehicles 
leaving a queue from the moment the signal becomes green. The individual passages are averaged into the saturation flow rate ri [veh/ 
s]. Note that the tuned value of the saturation flow rate is slightly lower for the first intervals after turning green compared to the 
subsequent intervals, caused by the reaction times when switching signal states. The maximum storage capacity Li/LVEH at a link in (6) 
is tuned by measuring the distance headway LVEH [m] in a standing queue. Note that the actual available space follows from the 
queueing model (7)-(8). The queue head propagation speed vH

i [m/s] in (8) is tuned by measuring the times the vehicles start to move 
in the queue from the moment the signal turns green. The individual time headways are averaged and translated into a constant 
propagation speed (using the tuned distance headway LVEH [m]). In addition to the tuning of the macroscopic model parameters, the 
demand input to the macroscopic prediction model is exactly known and is directly retrieved from the microscopic simulator. The 
individual demand pattern is recorded in advance for the entire simulation. The arrivals ai(k) [veh] in (1) at the external movements at 
the entrance links of the network are set equal to the (aggregated) recorded arrivals. Moreover, the turn fractions πi ι̂ ∈ [0,1] in (2) and 
(6) are replaced by the recorded real destinations of the vehicles and become time dependent. The initial state input to the prediction 
model is exactly known as well and is derived from the simulation data. During the simulation, the individual vehicle passages at the 
link exits are measured and aggregated into the macroscopic departures di(k), known up to time index k0. Based on these simulation 
data, the initial macroscopic state of the queues xi(k0) [veh] is calculated accordingly (1)-(3). With the perfect state initialization, exact 
demand pattern, and tuned model parameters, the macroscopic model can reproduce the microscopic world close enough to function 
as a reference in the sensitivity analysis (as will be shown in Section 3.1). 

In the second step of the sensitivity analysis, the effect on the system performance of aggregation errors in the prediction model is 
analyzed (step II in Fig. 2). To this end, the deterministic driving behavior in the microscopic simulator is replaced by stochastic 
behavior (with parameters around the original average values). So, the tuned macroscopic prediction model now corresponds to the 
aggregated average driving behavior. Moreover, the individual demand pattern is replaced by the average demand pattern as input for 
the macroscopic prediction model. The arrivals ai(k) [veh] in (1) at the external movements at the entrance links of the network are set 
back to the average demand values. The turn fractions πi ι̂ ∈ [0,1] in (2) and (6) are set back to the average fractional values instead of 
considering real destinations of the vehicles. The effects on the system performance of all these aggregation errors are measured. 

In the third step of the sensitivity analysis, the effect of biases in the different components of the macroscopic model predictive 
control system on the system performance are analyzed (step III in Fig. 2). To this end, the tuned macroscopic model parameters, i.e., 
free-flow speed vi [m/s] in (3), saturation flow rate ri [veh/s] in (4), queue head propagation speed vH

i [m/s] in (8), are biased by 
introducing structural errors, i.e., ̃ri = (1 + er)*ri ∀i, ṽi = (1 + ev)*vi ∀i, ṽH

i = (1 + evH )*vH
i ∀i, with er, ev, evH ∈ [ − 1,1]. Additionally, 

the average demand pattern is biased by introducing a structural error in the average arrivals ai(k) [veh] in (1) at the network en-
trances, i.e., ãi(k) = (1 + ea)*ai(k) ∀k∀i, with ea ∈ [ − 1,1]. Biased turn fractions πi ι̂ ∈ [0,1] in (2) and (6) are considered as well, 
including a structural error in the main direction from movement i to downstream movement ι̂, i.e., π̃i ι̂ = (1 + eπ)*πi ι̂, with 
eπ ∈ [ − 1, (1 − πi ι̂)/πi ι̂ ], and correcting the other directions to downstream movements ̄ι, i.e., ̃πi ῑ = (1 − (πi ι̂/(1 − πi ι̂) )*eπ )*πi ῑ ∀ ῑ ∕=
ι̂, such that 

∑
ῑ π̃i ῑ = 1. Finally, the initial queue states xi(k0) [veh] in (1) are biased by introducing structural errors, i.e., x̃i(k0) =

(1 + ex)*xi(k0) ∀i, with ex ∈ [ − 1,1]. The effects on the system performance of these biases are measured. 
Note that the performance of the control system in the microscopic world can always be measured exactly. To preserve compa-

rability between both worlds, the microscopic system performance is expressed in macroscopic quantities, according to the macro-
scopic definition of queues and delay (Equations (1)-(3), with measured departures di(k), recorded arrivals ai(k), and real destinations 
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for the turn fractions πι̃ i ∈ [0,1]). 

2.3. Traffic Scenario: Corridor with spillback 

2.3.1. Network configuration 
The sensitivity analysis is performed on a corridor of four intersections, where queues can cause spillback and block traffic at 

upstream intersections (see Fig. 4b). The intersections are connected by short low-speed links (<50 km/h), representing urban settings. 
The distance between the intersections is small (smaller than in real-life) to cause spillback in less simulation time and needing fewer 
vehicles, where a similar process will arise in real-life covering more time and involving more vehicles. Each intersection consists of the 
full twelve movements and considers only cars. Each movement has a separate lane, where only vehicles for this direction are allowed. 
Lane changes only take place at the intersections and are not allowed in the links. Vehicles only cross the intersection if there is enough 
space downstream and if they do not block the intersection surface. These assumptions are a simplification of reality, in which different 
vehicle types are mixed and driving behavior is less neat causing more incidental and severe peaks of spillback. These simplifications 
were done to reduce the stochastics in the sensitivity analysis experiments to create a solid reference situation (“the almost perfect 
world”) and to isolate and focus on the effects of prediction errors. 

2.3.2. Controller 
The corridor is controlled by a structure-free model predictive signal controller as defined by (9). At each intersection each 

movement has its own signal and can be controlled separately. Signal states may switch every 6 s (T = 6), considering a loss time of 3 s 
(TL = 3). At each intersection there are 4 movement groups defined of non-conflicting movements that have green at the same time (see 
Fig. 4c). The controller has a free choice among those 4 movement groups at each intersection, and there is no predefined order and no 
imposed cycle (and no other constraint on maximum waiting or green times). Moreover, the decision for a specific movement group at 
one intersection is independent from the choice at the other intersections, resulting in 44 = 256 possible decisions in each time step of 
the prediction horizon (and 256 K possible decision sequences for the entire prediction horizon of K intervals). Note that in theory there 
are 8 possible movement groups per intersection (and even more when considering public transport, bikes, and pedestrians), resulting 
in an increasing amount of possible decision sequences. To reduce problem complexity, only the 4 most common movement groups are 
considered, without losing the principle of a structure-free controller. 

To analyze the benefit of the prediction, the prediction horizon of the controller is increased from 6 to 120 s in the experiments (K =
1,2, …,20). Note that 2 min seems enough to capture most of the traffic dynamics for this size of corridor. The controller in principle 
updates the decision sequence after each 12 s (KUP = 2). However, a higher update frequency of each 6 s (KUP = 1) is considered as well 

Fig. 4. Traffic scenario with demand (a), network configuration (b), and controller (c).  
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to analyze the possible reduction of prediction errors, and lower update frequencies (KUP = 5 or 10) are analyzed for possible opposite 
effects. The role of the prediction horizon and the update frequency of the controller is analyzed in the sensitivity analysis under 
perfect as well as erroneous predictions. 

2.3.3. Demand pattern 
The demand pattern of the traffic entering the corridor combines different crossing traffic flows to construct spillback effects (see 

Fig. 4a and b). The links on the main direction consist of traffic heading in the main direction as well as traffic heading for the side 
directions, which can be blocked by spillback on the main direction. The intersections are equally loaded. The underlying average 
traffic flows are given in the OD matrix [veh/h] (Fig. 4a), and the resulting average loads [veh/h] and turn fractions are shown in the 
network (Fig. 4b). A total demand period of 25 min is simulated (with an additional 20 min to assure the network empties). The total 
demand period is split into 5 periods of 5 min each, starting in the 1st period with a demand below average, increasing in the 2nd 
period to the average demand level, peaking in the 3rd period at a demand above average, decreasing again in the 4th period to the 
average demand level, and ending in the 5th period at a demand below average (Fig. 4a). In this way, the overall demand follows a 
clock shape, starting at undersaturated conditions where queues easily dissolve, increasing to (over)saturated conditions where queues 
are building up and may cause spillback, decreasing to undersaturated conditions again where the traffic situation can recover. 

In the simulation vehicle realizations are randomly generated. Each simulation is repeated 10 times with different random seeds to 
generalize results. These 10 random seeds remain the same for all the experiments to compare results for equal vehicle realizations. 
The random vehicle generation considers generation times as well as vehicle properties. The generation times between vehicles are 
exponentially distributed, with an average equivalent to the flow indicated in the OD matrix. The vehicle properties follow truncated 
normal distributions specified by the mean, standard deviation, and min–max values as given in Table 1a. Note that these vehicle 
properties are temporarily fixed (by setting the standard deviation to zero) in the reference situation to tune the parameters of the 
prediction model and to create the almost perfect world without prediction errors. The tuned parameter values of the macroscopic 
prediction model that correspond to the microscopic parameters of Table 1a are listed in Table 1b. 

3. Results 

3.1. Reference: perfect world 

Before looking into the behavior of the system performance in the (almost) perfect world (step I in Fig. 2), the model match between 
the prediction model and the simulation model is addressed. Fig. 5a shows the simulated and predicted delay over the simulation 
horizon for the 10 different demand realizations. The simulation horizon of 30 min is split into intervals of 1 min, for each of which a 
prediction is made (K = KUP = 10). Note that a 60-seconds prediction horizon is representative for the values used in this study and 
therefore long enough to check the model match. The total predicted delay for the prediction horizon (in fact the objective of the 
control system (9)) is compared to the total simulated delay over this 1-minute period. In this way, for each demand realization 30 
predictions are made, and the model match is checked over the entire simulation period, looking into undersaturated as well as (over) 
saturated conditions. Fig. 5a clearly shows that the simulated delays follow the predicted delays. For each demand realization, the line 
of the simulated delay overlaps with the line of the predicted delay. To quantify the model match, in Fig. 5b the simulated delays are 
plotted against the predicted delays and the R2-value is calculated. The points almost perfectly lie on the diagonal with an R2-value of 
0.9996, indicating an almost perfect model match. 

In this almost perfect world, where accurate predictions are made, the control system can reach its optimal performance. In Fig. 6a, 
the system performance is presented as a function of the prediction horizon varying from 6 to 120 s (with a fixed update horizon of 12 
s), and in Fig. 6b, as a function of the update horizon, varying from 6 to 60 s (with a fixed prediction horizon of 60 s). The system 
performance, or in fact the system cost, is expressed as the average delay per vehicle on the corridor, a more intuitive representation of 
the total delay objective of the controller. The average delay is obtained by dividing the total delay of the entire simulation by the total 
number of vehicles in the simulation, i.e., a division by a constant number, since the simulation starts and ends in an empty network, 
affecting only the representation scale. Note that the average delay per vehicle is presented using a log-scale to focus on the lower delay 

Table 1a 
Microscopic vehicle properties.  

Microscopic quantity* Mean Standard deviation [Min, Max] 

Simulation time step [s]  0.1  – – 
Reaction time [s]  0.8  0.1 [0.6, 1.0] 
Reaction time at stop/traffic light [s]  1.6  0.2 [1.2, 2.0] 
Maximum acceleration [m/s2]  3.0  0.5 [2.0, 4.0] 
Normal deceleration [m/s2]  4.0  0.5 [3.0, 5.0] 
Maximum deceleration [m/s2]  6.0  0.5 [5.0, 7.0] 
Maximum speed at link [m/s]  11.1  – – 
Speed acceptance factor  1.1  0.1 [0.9, 1.3] 
Clearance in queue [m]  2.0  0.5 [1.0, 3.0] 
Car length [m]  4.0  0.5 [3.0, 5.0]  

* The microscopic parameters follow truncated normal distributions specified by the mean, standard deviation, and min–max values. 
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values. The results of the 10 different simulation realizations are averaged, and the 95% confidence intervals are calculated to indicate 
the variation in the simulation results (together with min–max bandwidths that are presented on the background). Pairwise t-tests are 
performed to indicate whether the system costs are significantly changing for an increasing prediction horizon or update horizon, 
where a probability below 5% indicates a significant increase or decrease. 

Fig. 6a shows that increasing the prediction horizon improves the system performance in the corridor when perfect predictions are 
available. A short prediction horizon (6 s) considers only local traffic information nearby each individual intersection. This causes 
spillback and results in a high average delay of 313 [s] per vehicle. Increasing the prediction horizon allows looking ahead over 
multiple intersections, reduces spillback effects and decreases system costs up to an average delay of 85 [s] per vehicle. Note that the 
delay is not a smooth and strictly decreasing function. Fig. 6a shows that there is a considerable bandwidth around the average results. 
The delay curve for each of the simulated realizations is fluctuating over the prediction horizons, particularly at the beginning of the 
curve for short horizons. Due to the finite nature of the prediction horizon and the inability of too short horizons to capture the whole 
process dynamics, each prediction horizon length results in a different sequence of optimization problems, a different sequence of 
optimal control plans and traffic states, and therefore in a different system performance. Moreover, the delay also varies considerably 
over the different demand realizations, causing spillback at different moments and with different severity. This is inherent to the (over) 
saturated traffic scenario with a high probability for spillback and due to the stochastic generation of individual vehicles. Averaging 
the realizations leads to less fluctuation in the system costs and a smoother curve. Pairwise t-tests indicate that the delay is a 
(piecewise) decreasing function (see Fig. 6a). The delay significantly decreases with a large amount up to a horizon of 24 s, i.e., looking 
ahead 2 intersections considering a travel time of 12 s between intersections (Table 1b). The delay remains almost equal for a horizon 
of 30 s, and significantly decreases again, however with a smaller amount, for a horizon of 36 s, looking ahead 3 intersections. The 
system performance does not significantly improve anymore beyond this horizon for this corridor of 4 intersections. 

Fig. 6b shows that updating the decision more frequently using a shorter update horizon improves system performance only slightly 
when almost perfect predictions are available. A shorter update horizon results in more overlap in the subsequent decision sequences, 
shifting the prediction horizon more frequently with smaller steps, and gives more steady predictions and a better performing control 
system. When there is no overlap at all and the update horizon equals the prediction horizon of 60 s, consequences of decisions at the 
end of the update horizon are no longer considered, and the system costs significantly increase, however only gradually in absolute 
sense (increase in average delay from 85 [s] to 97 [s] per vehicle). The predictions are (almost) perfect and do reproduce the traffic 
situation well enough for longer prediction horizons, keeping the system performance steady, also for longer update horizons. 

3.2. Aggregation errors 

Aggregating individual behavior in the prediction model (step II in Fig. 2) introduces a model mismatch. Fig. 5c shows that the line 
of the simulated delay no longer overlaps with the predicted delay, but that simulated delays deviate from predicted delays. However, 
the pair of lines that belong to the same run of prediction and simulation still lie close to each other and can be visually matched. The R2 

analysis in Fig. 5d shows that the points no longer lie on the diagonal but are more scattered and lie slightly skew to the diagonal (the 
R2 value decreases to 0.9846). The prediction model slightly underestimates the delay by assuming aggregated and uniformly 
distributed behavior and makes control decisions accordingly. In the simulation (as in real-life) platoons of vehicles are formed, 
consisting of clustered vehicles heading for the same direction or arriving at the same time. These platoons do not match the control 
decisions based on aggregated uniform behavior and therefore lead to a higher and more varied delay than predicted. 

Despite the aggregation error in the prediction model, the predictive properties of the control system remain preserved. Fig. 6c 
shows that the system costs still decrease, i.e., system performance still increases, for increasing prediction horizon. However, there is a 
significant performance loss compared to the reference situation with perfect predictions (see t-values in Fig. 6c). The system cost 
increase from an average delay of 85 [s] to 105 [s] per vehicle. From a more detailed analysis it appears that 85% of the performance 
loss is caused by aggregating the individual destinations of vehicles into turn fractions, 10% is caused by aggregating individual ar-
rivals into average demand, and 5% is caused by aggregating individual driving behavior. The aggregation into turn fractions is 

Table 1b 
Tuned macroscopic quantities.  

Macroscopic quantity Tuned value 

T Time step [s] 6.0 
TL Loss time [s] 3.0 
ri Saturation flow rate [veh/s] * 0.5 
vi Speed at dedicated lane [m/s] ** 8.3 
Li Length of dedicated lane [m] 100.0 
LVEH Distance headway in queue [m] 6.0 
Li/LVEH Storage capacity of lane [veh] 16.0 
vH

i Propagation speed queue head [m/s] 4.0  

* Note that the saturation rate is adjusted to 0,33 veh/s for the first two time steps after green, including the 
effect of reaction times. 

** Note that the tuned macroscopic free-flow speed is lower than the maximum speed in the micro simu-
lation, incorporating the travel time on the intersection surface. Note that a vehicle needs 12 s, i.e., ni =(Li/vi)/ 
T = 2 intervals, to travel from one intersection to the next in free-flow conditions. 
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dominant for the simulated corridor, where many platoons are formed consisting of vehicles heading for the same direction. Platoons 
caused by clustered arriving vehicles (demand), or slower vehicles (driving behavior) play a lesser role in the simulated corridor, since 
the intersections lie close to each other. Moreover, these platoons affect the arriving times of vehicles in undersaturated conditions, and 
therefore have less influence in the simulated corridor with its many queues. Aggregated turn fractions cause the largest performance 
loss in saturated conditions. Accurate predictions of the individual turning directions of vehicles are most important in situations 
where the system is close to spillback from downstream movements. In these critical moments the aggregated prediction model with 
turn fractions is not accurate enough and causes significant performance loss. 

The performance loss due to aggregation errors is clearly visible at large update horizons (see Fig. 6d). For an update (and pre-
diction) horizon of 60 s the system costs increase from an average delay of 97 [s] to 142 [s]. Note that for these settings the model 
mismatch is displayed in Fig. 5. The performance loss can partly be compensated by decreasing the update horizon and reinitializing to 
the current state more often. However, a significant performance loss remains (see t-values in Fig. 6d), leading to an increase in the 
average delay of 85 [s] to 105 [s] per vehicle. So, aggregating individual vehicle behavior in the prediction model results in a sig-
nificant performance loss, or reasoning the other way around, including individual vehicle information in the predictive controller 
results in a considerable performance gain (provided that accurate predictions are available for individual vehicles, their destinations 
in particular). 

3.3. Biases 

Table 2 presents the system performance of the controller when there are additional biases in the aggregated prediction model (step 
III in Fig. 2). For the different model quantities, the effect on the system costs of a range of relative biases is shown, i.e., e = − 0.5, − 0.2, 

Fig. 5. Model match between the microscopic simulation model and macroscopic prediction model for the reference ‘almost perfect world’ (top) 
and the presence of aggregation errors (bottom). The model match for all 10 simulation realizations is presented, in total as a quantitative R2 

analysis (right), and per realization as a function over the simulation horizon (left) where 3 realizations are highlighted. 
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− 0.1, 0.1, 0.2, 0.5. Note that for each bias (table row) the average delay per vehicle can be graphically displayed as a function of the 
prediction horizon and as a function of the update horizon, in a similar way as for the reference and aggregation error in Fig. 6. To get a 
total overview of the effect of all the biases, the essential points of the delay curves are listed in the table instead and the cell of each 
delay is colored according to its value. For comparison purposes also the system costs for the reference and aggregation error are listed 
(as displayed in Fig. 6). 

3.3.1. Role of the prediction horizon 
Although there is an added bias in the aggregated prediction model, the predictive properties of the control system remain pre-

served. The system costs still decrease for increasing prediction horizon (colors change from dark to light for increasing prediction 
horizon in Table 2). However, for some quantities, like turn fractions and saturation rate, for the larger biases of 50%, the prediction 
horizon needs to be increased to 60 s instead of 30 s to fully benefit from the lookahead capability. Note that in the experiments only 
one quantity is biased at a time and the other quantities contain accurate information. Apparently, despite the biases, there is enough 
structure in the predictions left to be beneficial for the control system. Overall, looking ahead and exchanging information from 
multiple intersections, even if the information contains biases that propagate through the network, leads to a better performance than 
considering only local information. Connecting intersections is of major importance at near saturated conditions to reduce the chance 
of spillback and improve the dissolving of queues. 

3.3.2. Role of the update horizon 
The update frequency plays an important role in reducing the performance loss caused by biases. Shortening the update horizon 

decreases the system costs (colors change from dark to light for shorter update horizons in Table 2). More frequently reinitializing to 

Fig. 6. Performance of the controller with almost perfect predictions (top) and aggregation errors (bottom) for an increasing prediction horizon 
(left) and update horizon (right). Average values over 10 simulation realizations are presented, together with 95% confidence intervals (and 
min–max bandwidths on the background) to indicate variation, and t-values to indicate significant changes. 
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the actual state reduces the performance loss caused by biases. The reducing effect differs per quantity and error level. However, the 
performance loss is not compensated completely, i.e., if there is a performance loss due to the bias at an update horizon of 60 s, then 
there remains a performance loss at an update horizon of 12 s. Moreover, if the state itself is biased too much, the reinitialization to the 
state has no compensating effect anymore and/or the biased state itself causes an additional performance loss (see the − 50% state bias 
in Table 2 where the performance loss due to aggregation errors is no longer reduced by shorter update horizons and the 50% state bias 
where an additional performance loss is measured due to the state bias on top of the performance loss due to aggregation errors). 

3.3.3. Effect of a bias on system performance 
In general, the biases in the prediction model result in a loss of system performance. The average delay per vehicle for the control 

system with biased predictions is mostly higher than for the control system with aggregation errors only (see Table 2, column for 
prediction horizon 60 s and update horizon 12 s). Sometimes there is no significant performance loss for the smaller error levels of ±
10% and ± 20%. Sometimes part of the performance loss caused by the aggregation error can even be compensated by introducing an 

Table 2 
System costs expressed in average delay per vehicle [s] for the predictive controller with biases, as a function of the 
prediction horizon (with fixed update horizon of 12 s) (left) and as a function of the update horizon (with fixed prediction 
horizon of 60 s) (right).  
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additional bias, resulting in lower average delays. For example, an overestimation of the travel time partly compensates the aggre-
gation error (see + 50% travel time bias in Table 2). By aggregating the individual vehicle behavior, all vehicles are assumed to have 
the same speed in the prediction model. Consequently, the slowest vehicles miss the predicted green window and need to be given 
green twice, resulting in a performance loss caused by the aggregation error. By overestimating the travel time in the prediction, all 
vehicles become slower in the prediction model, and fewer vehicles will miss the predicted green window, re-gaining some of the 
performance. (Note that in this way there will be more vehicles that arrive slightly before the green window, but this delay is much 
smaller than when the window is missed.) Similar compensating effects of the performance loss due to aggregation errors can be 
noticed for other quantities. However, note that the average delays remain always higher than that for the reference situation, hence 
there is always a performance loss by introducing a bias compared to the almost perfect world without prediction errors. 

For all quantities, a bias in one direction has a larger negative effect on the system performance than a bias in the opposite direction 
(colors are darker in one bias direction than in the opposite direction in Table 2). For example, an underestimation of the saturation 
rate causes a large performance loss, since the controller predicts too long and superfluous green periods to serve the traffic, reducing 
the capacity of the system. An overestimation of the saturation rate has less impact on the system performance. Since too short green 
periods are predicted, no predicted green is really wasted but given to other movements (and there is only a small capacity reduction by 
switching between movements more often). A small overestimation of the saturation rate may even be beneficial for the control system 
in (over)saturated conditions, since shorter green periods will be given to crossing movements, and the main direction on the corridor 
will get more gaps to dissolve its queues and reduce its spillback, compared to the control system with aggregated demands. Note that 
in undersaturated conditions this benefit disappears and there is a performance loss due to too short green periods and switching too 
often between movements. Similar effects can be noticed for the other quantities: the bias direction that clearly reduces the capacity of 
the control system causes the largest performance loss, and the other bias direction has less impact and may even be beneficial 
(compensate aggregation errors) for the control system in saturated conditions. 

3.3.4. Ranking of quantities 
Comparing all quantities, the saturation rate has the largest effect on the system performance in the simulated saturated corridor. 

For the smaller biases (up to − 20%) the saturation rate already causes a significant performance loss, that cannot be compensated that 
well by reinitialization to the state more frequently. For larger biases (-50%) in the saturation rate the performance loss is clearly 
higher than for the other quantities. The high sensitivity for the saturation rate was also found in the authors’ earlier work (Poelman 
et al., 2020) for a single intersection. In a saturated corridor, inaccurate turn fractions also have a large effect on the system per-
formance (note it was already the dominant factor for the performance loss due to aggregation). For a small additional bias (up to 
20%), there already is a significant performance loss, however, the performance loss can be reduced quite well by reinitialization to the 
actual state. Accurate turn fractions are important at critical situations where the system is close to spillback from downstream 
movements. Reinitializing to the actual queue state more often, helps in predicting the available space downstream in these critical 
moments. For large biases (+100%) in the turn fractions, i.e., almost all traffic (twice the original 45% resulting in 90% of the traffic) 
heads for the main direction in the prediction (not an unrealistic assumption if direction information is missing), the prediction errors 
are too large to compensate and cause a huge performance loss. The biased demand, a structural error in the number of arriving 
vehicles, has less impact in the saturated corridor, since there are many queues in the network. The effect only becomes noticeable for 
larger biases (50%), when the predicted amount of crossing traffic becomes too large to find enough possibilities for the main direction 
of the corridor to dissolve its queues and reduce its spillback. Moreover, the demand bias can be compensated quite well by reiniti-
alization to the actual queue state. The compensation between demand and queue information was also noticed in the authors’ earlier 
work (Poelman et al., 2020) for a single intersection. The travel time (or speed) has a relatively small effect in the saturated corridor. It 
becomes a more relevant quantity in undersaturated conditions in a network with larger distances between the intersections. The 
queue propagation speed has the smallest effect. Biases in the queue propagation speed cause temporary errors in the predicted storage 
space, that can be corrected well by reinitializing to the actual queue states. Only larger biases lead to a significant capacity reduction 
and performance loss. Considering this ranking, note that the state is still the most important quantity of them all, since it is needed to 
reduce the effect of the biases of the other quantities. 

4. Discussion 

The results of the sensitivity analysis show that predicting, by looking ahead over a horizon that corresponds to the propagation of 
traffic over multiple intersections, improves the system performance of the analyzed structure-free model predictive controller. This 
happens not only when perfect predictions are available but also when there are aggregation errors and biases in the system. This 
demonstrates the advantage of a global predictive network controller compared to local control in saturated networks. However, the 
sensitivity analysis also shows that there are conditions and guidelines that should be considered to take full advantage of the systems 
benefits. These will be discussed below. 

The sensitivity analysis results show that increasing the prediction horizon increases system performance, in perfect conditions 
without prediction errors as well as in erroneous conditions with aggregation errors and biased predictions. There is an optimal ho-
rizon beyond which system performance does not improve anymore. This optimal horizon may be larger for a system containing biases, 
to fully benefit from the lookahead capability. In predictive control applications, a prediction horizon should be chosen that is large 
enough to look ahead in downstream (and upstream) direction over at least two intersections of a corridor, since connecting infor-
mation on intersections is essential to improve system performance in saturated networks with spillback. The prediction horizon does 
not necessarily have to include (the traffic propagation over) all intersections on a corridor, since the performance gain becomes 
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relatively smaller with the addition of each extra intersection. The exact choice of the prediction horizon can be expected to depend on 
the network configuration and should be larger if the distance between intersections is larger. However, a similar relation between 
system performance and increasing prediction horizon is expected as for the studied corridor. 

The sensitivity analysis also shows that increasing the update frequency, which is the same as reinitializing to the current state more 
often, increases system performance and significantly reduces the effect of aggregation errors and biases in the control system. In 
structure-free predictive control applications, the update horizon should be set as small as possible (in units of seconds) to benefit from 
the highly adaptive property of the structure-free controller to correct mistakes quickly. Moreover, the accuracy of the initial state is 
essential to reduce the effect of prediction errors. If the initial state is biased too much, the performance gain of reinitializing to the 
state may be lost, and the effect of prediction errors may no longer be counteracted, as shown in the sensitivity analysis where ag-
gregation errors are no longer compensated by reinitialization to a biased state. Therefore, the initial state is most important to predict 
accurately in the structure-free predictive control system. 

In real life applications there is always a trade-off between the choice of the update horizon and the choice of the prediction 
horizon. If the update horizon is shortened to improve system performance by reinitializing to the current state more often, less 
calculation time is available to find an optimal control plan for the upcoming prediction horizon, for real-time operation. The pre-
diction horizon should be decreased to limit the search space and to find an optimal solution in time, which may reduce the perfor-
mance gain of the shortened update horizon. Or stated the other way around, if the prediction horizon is increased to improve system 
performance, more calculation time is needed to find an optimal control plan. So, the update horizon should be set larger, which may 
reduce the performance gain of the increased prediction horizon. This trade-off should be considered in the control application, 
depending on the available computational resources, particularly in large networks. In the studied corridor, however, this was not a 
dominant factor yet. 

From the sensitivity analysis it turns out that aggregation errors in the prediction model cause a significant performance loss. The 
performance loss is expected to be even higher in real life, since there is more randomness in real life than in the simulation envi-
ronment considered in this study. Note that the performance loss may be less for the more traditional cycle-based controllers, 
compared to the structure-free controller considered in this study, since cycle-based controllers make more aggregated decisions based 
on proportions of traffic. If a structure-free controller is used, individual information should be used, to fully benefit from the adaptive 
potential of the structure-free controller and significantly increase system performance. However, this individual vehicle information 
should be predicted carefully, otherwise biases can decrease performance again below the level of an aggregated system. The per-
formance of future control applications can be improved significantly by using a structure-free controller and including individual 
vehicle information, in particular individual destinations, if the individual information is predicted accurately. 

The sensitivity analysis shows that in general biases cause a significant additional performance loss (on top of the performance loss 
due to aggregation errors). Smaller biases (up to 20%) cause a proportional performance loss (up to 25%), which can partly be 
compensated by reinitializing to the actual state. Larger biases (50%) may result in a non-proportional performance loss (up to 150%), 
which can hardly be compensated by reinitializing to the actual state more frequently. Such large biases are not common in practice, 
except for quantities that are difficult to predict and are based on rough assumptions. An example that could occur is a lack of in-
formation on individual vehicle destinations or turn fractions for which it is assumed that all traffic is heading for the main direction. 
These rough assumptions resulting in large biases should be avoided. Note that in the sensitivity analysis the quantities have been 
disturbed one by one. In real life, biases of different quantities appear simultaneously and may amplify each other, resulting in more 
performance loss than indicated in this study. In the sensitivity analysis, a small bias could already cause significant performance loss 
for quantities that cannot be corrected by the initial state (for smaller update horizons) or by information on other quantities in the 
system (for larger prediction horizons). These model quantities are most important to predict accurately. 

From the sensitivity analysis results, the saturation rate and the turn fractions appear to be the most sensitive quantities in the 
predictive control system and need to be predicted most accurately. However, these quantities are also most difficult to predict in real 
life, by lack of information and due to platooning (for example a slow vehicle decreasing the saturation rate for a whole platoon of 
following vehicles, or a platoon of vehicles with the same destination disturbing the average turn fractions). In the design of the control 
system, the prediction methods for these quantities, i.e., saturation rate and turn fractions, need to be improved and need to be made 
time-dependent, particularly in combination with individual vehicle information. Note that the quantities addressed in the sensitivity 
analysis in this paper are the major components in a prediction model. A different macroscopic traffic flow model will change the exact 
results of the experiments but is expected to identify comparable model components as the most sensitive quantities in the control 
system. Note that some of the quantities, like travel time and queue head propagation speed may have more influence in network 
configurations with longer distances between intersections and other demand patterns. However, the saturation rate and the turn 
fractions are expected to remain the most sensitive quantities in saturated conditions since these quantities are essential in critical 
situations where the system is close to spillback. 

For all quantities investigated in the sensitivity analysis, a bias in one direction has a larger negative effect on the system per-
formance than a bias in the opposite direction. The bias direction that reduces the capacity of the intersections has the largest effect on 
the system performance in (over)saturated conditions. This bias direction should be avoided for all quantities, particularly if biases in 
different quantities amplify each other. In the design towards a more robust controller, one should slightly over/underestimate each 
quantity to the direction with the least impact on system performance. Moreover, adding a small deliberate bias in the least impact 
direction may even be beneficial for the control system, partly regaining some of the performance loss due to aggregation errors. As 
shown in the sensitivity analysis, adding a small bias to some of the quantities (such as the saturation flow) leads to a better per-
formance than just taking the measured average. In (over)saturated conditions a small bias in a quantity in the right direction helps 
dissolving queues and reducing spillback, however, such a preventive bias may introduce an additional performance loss in 
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undersaturated conditions. In the design of the control system, it should be considered how much performance loss is acceptable in 
many common situations compared to the huge amount of performance loss in fewer exceptional situations. This consideration de-
serves further research. 

5. Conclusion 

In this paper a sensitivity analysis was set up and performed for a structure-free model-based predictive signal controller in a 
saturated urban corridor with spillback. In a simulation environment, the influence of prediction errors was studied on the system 
performance of the controller, as a function of the prediction horizon (lookahead capability) and update frequency (damping ability) of 
the control system. The results of the sensitivity analysis were translated into guidelines for the design of a structure-free model-based 
predictive controller, such that the highly adaptive and predictive system can better handle the effects of prediction errors in an (over) 
saturated network. 

From the sensitivity analysis it can be concluded that the predictive property of the control system is strong and remains preserved 
under erroneous conditions. Increasing the prediction horizon from 0 to 60 s increases system performance up to 75% in the corridor 
when perfect predictions are available, but also when there are aggregation errors or even biases in the system, leaving enough 
remaining structure in the prediction model to rely on. This demonstrates the advantage of a global predictive network controller 
compared to local control in saturated networks. Looking ahead connects information of multiple intersections on arriving traffic 
(forward) and spillback (backward). The performance gain increases but flattens out with an increasing number of connected in-
tersections. The gain is 40%, 70%, and 75% when looking ahead 1, 2, and 3 intersections in the simulated corridor. There is an optimal 
prediction horizon, beyond which the system performance does not improve anymore, however this horizon is not always easy to 
recognize due to the highly stochastic traffic process and may be longer for a system containing biases. This optimal choice of the 
prediction horizon is network dependent, but the behavior of the prediction horizon is expected to be similar as in the simulated 
corridor. 

The update frequency plays an important role to reduce the effect of aggregation errors and biases. Decreasing the update horizon 
from 60 to 12 s in the corridor increases system performance up to 30%. Due to the highly adaptive property of the structure-free 
controller, mistakes can be quickly corrected by reinitializing to the actual traffic state more often. The sensitivity analysis has 
shown that this correcting ability can disappear if the initial state estimate contains biases, therefore the initial state is most important 
to estimate accurately in the structure-free predictive control system. 

Although partly reduced, there remains a significant performance loss due to aggregation errors and biases. Aggregating individual 
vehicle behavior leads to a significant performance loss of 20% in the corridor, mainly caused by aggregating individual destinations 
into turn fractions, in a lesser extent also by aggregating individual arrivals and driving behavior. The latter may be larger in real-life 
due to more stochastics and larger intersectional distances. A structure-free controller can adapt the control decision to closely match 
fluctuating arrival pattens and platooning. Therefore, there is a large benefit by including more detailed information on individual 
vehicle arrivals, in particular individual destinations, into the prediction model, provided that this type of information is available in 
real-life and can be predicted accurately enough. 

Additional performance losses due to biases were detected for all model quantities in the sensitivity analyses. Smaller biases (up to 
20%) in the model quantities lead to proportional performance losses (up to 25%) in the corridor. Larger biases (of 50%) may result in 
an unproportioned performance loss (up to 150%) in the corridor and should therefore be avoided. The saturation rate is the most 
sensitive quantity in the control system in the saturated corridor, followed by the turn fractions already indicated as the dominant 
factor in the aggregation process. A bias in the saturation rate already causes a significant performance loss at the lower error levels 
that is difficult to compensate by reinitialization to the actual state. Therefore, the saturation rate is the most important model quantity 
to predict accurately. 

The sensitivity analysis also shows that for all model quantities one direction of the bias has more impact on the system perfor-
mance than the other direction. The bias direction that reduces the capacity of the intersections has a large effect on the system 
performance in (over)saturated conditions and should be avoided for all quantities. A bias in the other direction is less severe and (in 
small amount) may even be beneficial to the system, regaining some (up to 10%) of the performance loss due to aggregation errors. In 
(over)saturated conditions a small bias in a quantity in the right direction helps dissolving queues and reducing spillback, however, 
may introduce an additional performance loss in undersaturated conditions. This consideration is left for further research towards 
more robust control systems. 

Overall, considering these insights and guidelines, a structure-free model-based predictive controller can be designed to function 
adequately under erroneous conditions. Moreover, the adaptive ability makes the structure-free predictive controller promising for 
future applications, where information on individual vehicles becomes available. 
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