
Department of Science and Technology Institutionen för teknik och naturvetenskap  
Linköping University Linköpings universitet

gnipökrroN 47 106 nedewS ,gnipökrroN 47 106-ES

LiU-ITN-TEK-A--18/025--SE

Estimation of Hourly Origin
Destination Trip Matrices for a

Model of Norrköping
Agnes Lindström

Frida Persson

2018-06-12



LiU-ITN-TEK-A--18/025--SE

Estimation of Hourly Origin
Destination Trip Matrices for a

Model of Norrköping
Examensarbete utfört i Transportsystem

vid Tekniska högskolan vid
Linköpings universitet

Agnes Lindström
Frida Persson

Handledare David Gundlegård
Examinator Clas Rydergren

Norrköping 2018-06-12



Upphovsrätt

Detta dokument hålls tillgängligt på Internet – eller dess framtida ersättare –
under en längre tid från publiceringsdatum under förutsättning att inga extra-
ordinära omständigheter uppstår.

Tillgång till dokumentet innebär tillstånd för var och en att läsa, ladda ner,
skriva ut enstaka kopior för enskilt bruk och att använda det oförändrat för
ickekommersiell forskning och för undervisning. Överföring av upphovsrätten
vid en senare tidpunkt kan inte upphäva detta tillstånd. All annan användning av
dokumentet kräver upphovsmannens medgivande. För att garantera äktheten,
säkerheten och tillgängligheten finns det lösningar av teknisk och administrativ
art.

Upphovsmannens ideella rätt innefattar rätt att bli nämnd som upphovsman i
den omfattning som god sed kräver vid användning av dokumentet på ovan
beskrivna sätt samt skydd mot att dokumentet ändras eller presenteras i sådan
form eller i sådant sammanhang som är kränkande för upphovsmannens litterära
eller konstnärliga anseende eller egenart.

För ytterligare information om Linköping University Electronic Press se
förlagets hemsida http://www.ep.liu.se/

Copyright

The publishers will keep this document online on the Internet - or its possible
replacement - for a considerable time from the date of publication barring
exceptional circumstances.

The online availability of the document implies a permanent permission for
anyone to read, to download, to print out single copies for your own use and to
use it unchanged for any non-commercial research and educational purpose.
Subsequent transfers of copyright cannot revoke this permission. All other uses
of the document are conditional on the consent of the copyright owner. The
publisher has taken technical and administrative measures to assure authenticity,
security and accessibility.

According to intellectual property law the author has the right to be
mentioned when his/her work is accessed as described above and to be protected
against infringement.

For additional information about the Linköping University Electronic Press
and its procedures for publication and for assurance of document integrity,
please refer to its WWW home page: http://www.ep.liu.se/

© Agnes Lindström, Frida Persson



Department of Science and Technology  Institutionen för Teknik och Naturvetenskap 

Linköping University  Linköpings universitet 

SE-601 74 Norrköping, Sweden  601 74 Norrköping 

  

Estimation of Hourly Origin 

Destination Trip Matrices  

for a Model of Norrköping  
 

Agnes Lindström 

Frida Persson 

 

Supervisor: David Gundlegård 

Examiner: Clas Rydergren 

2018-06-15 



  

Estimation of Hourly Origin 

Destination Trip Matrices  

for a Model of Norrköping  
 

Agnes Lindström 

 Frida Persson 

 

Handledare: David Gundlegård 

Examinator: Clas Rydergren 

2018-06-15 

Examensarbete utfört i Transportsystem vid 

Tekniska Högskolan vid Linköpings universitet 



Upphovsrätt 

Detta dokument hålls tillgängligt på Internet – eller dess framtida ersättare – under 25 år från 
publiceringsdatum under förutsättning att inga extraordinära omständigheter uppstår. 
 
Tillgång till dokumentet innebär tillstånd för var och en att läsa, ladda ner, skriva ut enstaka kopior för 
enskilt bruk och att använda det oförändrat för ickekommersiell forskning och för undervisning. 
Överföring av upphovsrätten vid en senare tidpunkt kan inte upphäva detta tillstånd. All annan 
användning av dokumentet kräver upphovsmannens medgivande. För att garantera äktheten, 
säkerheten och tillgängligheten finns lösningar av teknisk och administrativ art. 
 
Upphovsmannens ideella rätt innefattar rätt att bli nämnd som upphovsman i den omfattning som god 
sed kräver vid användning av dokumentet på ovan beskrivna sätt samt skydd mot att dokumentet 
ändras eller presenteras i sådan form eller i sådant sammanhang som är kränkande för 
upphovsmannens litterära eller konstnärliga anseende eller egenart. 
 
För ytterligare information om Linköping University Electronic Press se förlagets hemsida 
http://www.ep.liu.se/. 
 

 

 

Copyright 

The publishers will keep this document online on the Internet – or its possible replacement – for a 
period of 25 years starting from the date of publication barring exceptional circumstances. 
 
The online availability of the document implies permanent permission for anyone to read, to 
download, or to print out single copies for his/hers own use and to use it unchanged for non-
commercial research and educational purpose. Subsequent transfers of copyright cannot revoke this 
permission. All other uses of the document are conditional upon the consent of the copyright owner. 
The publisher has taken technical and administrative measures to assure authenticity, security and 
accessibility. 
 
According to intellectual property law the author has the right to be mentioned when his/her work is 
accessed as described above and to be protected against infringement. 
 
For additional information about the Linköping University Electronic Press and its procedures for 
publication and for assurance of document integrity, please refer to its www home page: 
http://www.ep.liu.se/. 
 

 

 

 

 

 

© Agnes Lindström, Frida Persson 



Abstract 

During the last century, the number of car users has increased as an effect of the increasing population 

growth. To manage the environmental and infrastructural challenges that comes with a more 

congested traffic network, traffic planning has become of higher importance to analyze the current 

traffic state and to predict future capacity challenges and effects of investments. These analysis and 

evaluations are commonly performed in different traffic analysis tools, where updated and realistic 

traffic demand needs to be provided to ensure reasonable results.  

In this thesis, a macroscopic model of Norrköping municipality constructed in the traffic demand 

modelling software Visum and a daily Origin-Destination(OD)-matrix is considered. The goal of this 

thesis is to produce a method that modify the current daily demand matrix into hourly demand 

matrices, called hourly target matrices, that represents a typical weekday. The goal is also to 

implement and evaluate the OD-estimation algorithm Simultaneous Perturbation Stochastic 

Approximation (SPSA) to obtain updated and valid demand matrices for the network model of 

Norrköping.  

The method of dividing the daily demand matrix into hourly target matrices is based on the paper by 

Spiess & Suter (1990). The method makes use of the available daily trip purpose matrices combined 

with hourly link flow observations from 96 links in a multiple linear regression model to obtain 24 

hourly demand matrices. The resulting matrices are compared with the link flow observations and has 

different levels of �態-fit, the maximum fit is 85.79 % and the minimum fit is 55.89 %. The average �態-

value is 72 %.   

The OD-estimation based on SPSA is performed on the AM and PM peak hours. The algorithm is 

implemented in Python scripts that are called from Visum where the traffic assignments is calculated. 

The result is an increase in �態-value since the link flow difference between estimated and observed 

link flow is decreased. In total, the estimated link flows are improved by 7.4 % in the AM peak hour 

and 15.6 % in the PM peak hour. The total absolute change in OD-demand is 3 871 trips for AM peak 

hour and 6 452 trips for the PM peak hour. The estimated OD-matrices are evaluated by qualitatively 

visualizing the difference in heat maps and in the quantitative measure structural similarity index. The 

result is no major structural change from the hourly target matrices which verifies that the information 

used when the target matrices is produced still is considered. The total demand increased in both 

hours, with 505 respectively 2 431 trips and flows in some OD-pairs has a very high percental change. 

This was restricted by adding a penalty term to the SPSA-algorithm on the PM peak hour. The result of 

penalized SPSA is a much less increase of total demand as well as less percental change of the OD-

flows. Though, this to a cost of not decreasing the link flow difference in the same magnitude. 

SPSA is an easy implemented algorithm which is independent on the number of variables included. It 

is flexible since many different types of modifications can be done, like adding different types of 

observation data and adding restrictions like penalty functions. The drawbacks are the computational 

time, 29 hours for evaluating 3 000 iterations, and the difficulties of calibrating the included 

parameters in SPSA. 



Sammanfattning 

Under det senaste århundradet har antalet bilanvändare ökat som en effekt av den ökade 

befolkningsmängden. För att kunna hantera de miljö- och infrastrukturella utmaningar som följer med 

ett mer överbelastat trafiknätverk har trafikplanering blivit allt viktigare. Behovet av att analysera det 

nuvarande trafikläget och att förutspå framtida kapacitetsutmaningar och effekter av olika 

investeringar har ökat. Dessa analyser och utvärderingar sker ofta i olika trafikanalysprogram, där en 

förutsättning är att en matris som beskriver trafikefterfrågan på ett realistiskt vis finns tillgänglig.  

Detta examensarbete utgår från en makroskopisk modell över Norrköping som är konstruerad i 

trafikmodelleringsprogrammet Visum och den Origin-Destination(OD)-matris på dygnsnivå som finns 

tillgänglig. En trafikefterfrågematris på dygnsnivå fångar inte upp hur trafiken förändras under dagen, 

och efterfrågan kan se annorlunda ut beroende på om det är rusningstimmar eller mitt i natten. Målet 

med detta examensarbete är att ta fram en metod som modifierar den nuvarande efterfrågematrisen 

på dygnsnivå för Norrköping till efterfrågematriser på timnivå, som representerar den typiska 

vardagsefterfrågan i trafiken per timme. Målet är också att implementera och utvärdera OD-

estimeringsalgoritmen Simultan Perturbation Stokastisk Approximation (SPSA) för att erhålla 

uppdaterade och giltiga efterfrågematriser. 

Metoden för att dela upp dygnsmatrisen på timnivå är baserad på en metod beskriven av Spiess & 

Suter (1990). Metoden använder sig av de tillgängliga ärendematriserna från Norrköpingsmodellen 

tillsammans med 96 länkar med observerade flöden aggregerade på timnivå i en multipel linjär 

regression för att erhålla 24 efterfrågematriser. De resulterande matriserna jämförs med 

länkflödesobservationerna och har olika anpassningskvalitéer beräknat i �態-värde, där det bästa �態-

värdet är på 85.79 % och det sämsta på 55.89 %. 

OD-estimering baserad på SPSA är utförd på rusningstimmarna som sker på morgonen och på 

eftermiddagen. Algoritmen är implementerad i Python-skript som anropas från Visum där 

trafikutläggningarna sker. Resultatet är en ökning i �態-värde eftersom att skillnaden mellan 

länkflödesobservationerna och de estimerade länkflödena har minskat. Totalt sett har länkflödena 

förbättrats med 7.4 % för morgontimmen och med 15.6 % för eftermiddagstimmen. Den totala 

absoluta förändringen i de estimerade OD-paren är 3 871 resor för morgontimmen och 6 452 resor för 

eftermiddagstimmen. De estimerade efterfrågematriserna är utvärderade genom att kvalitativt 

visualisera skillnaden i diagram och genom det kvantitativa indexmåttet strukturell likhet (SSIM). 

Resultatet visar på att ingen stor strukturell förändring har skett från målmatriserna, vilket betyder att 

informationen som använts för att producera målmatriserna har bibehållits till stor grad. Den totala 

efterfrågan har ökat i båda timmarna, med 505 respektive 2 431 resor och vissa OD-flöden har en hög 

procentuell förändring. I ett försök att begränsa de höga förändringarna infördes restriktioner genom 

strafftillägg i SPSA-algoritmen på eftermiddagstimmen. Resultatet är en mycket mindre ökning av 

totala efterfrågan och förändring av OD-flöden. Detta sker till en kostnad av att 

länkflödesestimeringarna inte kommer lika nära observationerna.  
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1. Introduction 

During the last century, cities were built with respect to the increased usage of car as transport mode. 

The number of cars increased as the population increased, and highways and parking spots became 

essential parts in the city planning. Now, there is more focus on how the existing infrastructure could 

be used as efficient as possible, instead of increasing capacity by building new roads as the only action. 

An important part in traffic planning is to accomplish a sustainable transport system, and thereby 

reduce congestion and emissions by using the available capacity in a more efficient way. Mathematical 

models and computer software are central tools to analyze changes in the infrastructure and in the 

work of trying to predict future capacity problems. Physical changes of the road network mean large 

investments which needs comprehensive consideration before any action. By modelling different 

scenarios of infrastructure changes the outcome could be forecasted without performing any physical 

changes. 

 

It is common that municipalities have a macroscopic model of the traffic network of the most central 

areas of the city. These models are used for analyzing effects of changes in the infrastructure and to 

predict future capacity problems. A macroscopic model is appropriate when modeling changes over a 

long time for a relative large area and when measures such as flow and density are of interest. 

Microscopic models on the other hand are used for more specific measures like behavior of individual 

vehicles. Macroscopic models require an Origin-Destination(OD)-demand matrix, usually based on 

travel surveys and land-use data that indicates the demand between origin points and destination 

points in the network. Changes in the infrastructure and in demand makes it irrelevant to use the same 

demand over a longer period and reproduce an OD-matrix based on surveys and land-use data is costly 

and time consuming. It is therefore preferable to estimate OD-demand based on real traffic counts to 

achieve reasonable reproduction of the actual travel demand instead. In this thesis work, focus is set 

on Norrköping and on improving the demand modelling in their macroscopic model by performing OD-

estimation based on link count data.  

1.1 Background 

The macroscopic model of Norrköping is built in the traffic demand modelling software Visum and is 

used to achieve network data in terms of traffic flow. The output of the given model represents traffic 

from several transport modes, but in this thesis only car and truck demand are considered. The current 

demand matrix is fixed and has annual average daily traffic (AADT) values. This means that there is no 

information about the distribution of the demand over all hours of a day. It would be of interest to 

have hourly demand represented in the model of Norrköping to enable analysis in an hourly level, for 

instance during the morning and afternoon peak hour. In this thesis, the OD-demand with AADT values 

is divided into 24 hourly matrices, denoted hourly target matrices. When dividing the daily demand 

into hourly demand, the relation between the hourly target matrices and the initial OD-matrix with 

AADT values need to be considered. Meaning that the sum of the hourly demand matrices should 

represent the initial daily demand, since this deﾏaﾐd is Ioﾐsidered as the さtrueざ demand. Another 

aspect to consider is the different level of congestion that appears during different hours of the day. 

Since the capacity obviously differ from a daily level to an hourly level, this need to be modified in the 

model of Norrköping. In Visum there is a function called volume delay functions (VDF) defined, which 

can be changed to represent the capacity level of shorter periods of time than a day.  
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To improve the hourly target matrices, OD-estimation can be performed. With link flows from traffic 

assignments performed in Visum and observed link flows, new estimated OD-matrices can be 

achieved. In this thesis, the estimation procedure is performed by minimizing the distance between 

estimated and observed link flows and the difference between estimated demand and target demand, 

together with the gradient approximation algorithm Simultaneous Perturbation Stochastic 

Approximation (SPSA) in Visum. 

1.2 Goal and Purpose 

The goal of the thesis is to produce a method that modify a current demand matrix with AADT values 

into several demand matrices with hourly demand that represents a typical weekday. The goal is also 

to implement and evaluate the OD-estimation algorithm SPSA to obtain updated and valid demand 

matrices for the network model of Norrköping. The purpose is to get knowledge of how to perform 

these modifications, and to evaluate the methods used. 

 

The following questions will be answered in the thesis: 

I) How can a OD-demand matrix with AADT values be divided into hourly OD-demand matrices? 

II) What quantitative methods can be used to evaluate the validity and accuracy of the hourly 

target matrices, and what is the result of the evaluation? 

III) How can the result from the SPSA-algorithm be evaluated according to difference in estimated 

and observed/target data and what is the outcome of the evaluation?  

IV) How can the relation to the total daily OD-demand be considered in the process of time 

dividing demand matrices and also in the OD-estimation process? 

1.3 Methodology 

The thesis begins with a literature review covering five main areas: The four-stage model, VDF and 

impedance functions, OD-estimation, the SPSA algorithm and methods for dividing a daily OD-demand 

into hourly demand. The work is based on quantitative methods. The knowledge earned by the 

literature review is the basis for how to produce hourly OD-demand matrices and how to perform the 

OD-estimation process. The process of dividing into hourly demand matrices requires hourly observed 

link flows. The data is processed and analysed to identify different day types and to eliminate outliers. 

Since a major part of the provided data consists of weekday-data, and the maximum traffic load 

appears on the weekdays, it is the most relevant to model. The resulting 24 OD-matrices are evaluated 

by the relation to the observed data.  

 

The OD-matrices that represents the morning and afternoon peak hour are then re-estimated by an 

implementation of the iterative estimation algorithm SPSA to obtain more accurate OD-matrices, also 

based on hourly observation data. This is done by using Python scripts in Visum. Since SPSA includes 

parameters that needs adjustment for every individual case, a process for calibration of parameter 

values is conducted. The performance of the algorithm is evaluated by the difference in estimated link 

flows from the traffic assignment and observed link flows and by the difference in estimated demand 

from the traffic assignment and the target OD-matrices. The computational efficiency for the 

procedure is also a measure that is evaluated. 
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1.4 Limitations 

The thesis is based and focused on a given macroscopic model of Norrköping that is built in the 

modelling software Visum. Since Visum is a static modelling tool, there is no dynamical modelling 

included in the thesis. The given daily demand is considered as the true demand, which means that 

the sum of the 24 OD-matrices should not deviate from this demand level. To perform the OD-

estimation, the observed link flows provided from Norrköping municipality will be used and no further 

data collection is carried out.  The given model does not include chain trips nor multimodal trips. All 

roads in the real network are not included in the network model and will not be added during this 

thesis. 

1.5 Outline  

The thesis is structured as follows: In Section 2, a literature review of essential topics for the work are 

presented. These topics concerns as earlier described the four-stage-model, VDF and impedance 

functions, the SPSA algorithm, OD-estimation and previous work of how to divide a daily demand-

matrix into hourly demand matrices. Also, some quality measures of how to interpret the resulting OD-

matrices are presented in the literature review. A description of the computer tools used for the 

procedures is presented in Section 3. The method of how the time divided demand matrix is performed 

is also presented in this section together with the procedure of OD-estimation with original SPSA and 

also with a modified SPSA procedure adding a penalty function. In Section 4, the case study is 

presented including the network model that is used through this work and input data to the model. 

Result and analysis are presented in Section 5 followed by a discussion in Section 6. The conclusion of 

the thesis is presented in Section 7 and some ideas of further work are mentioned in Section 8.  
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2. Literature Review 

Since most of strategic traffic planning relies on travel demand forecasting, an essential part of 

transport planning is to model the traffic demand. Usually the method for describing travel demand is 

by using OD-matrices, which describe the expected trips between all origin zones and destination 

zones in a network. A network is divided into zones and consists of nodes and directed links, where 

the links represent the streets between the nodes. There are subsets of nodes in the network that each 

represent a centroid, that also can be explained as a single point located in a zone that have all the 

zone attributes and properties. The accuracy and precision in an OD-matrix depends on the available 

information about the traffic pattern. Information such as socio-economic factors, land-use data and 

population data are required together with information such as distances, transport costs etcetera to 

determine an OD-matrix. A common method used for this is called the four-stage model which is 

described in this chapter, together with a description of volume delay functions, impedance functions, 

the general method of how to improve a demand matrix by OD-estimation, different objective 

functions and the algorithm SPSA that can be used for the OD-estimation process.  

2.1 Four-Stage Model 

The four-stage model is traditionally used for modelling traffic demand and includes the stages trip 

generation, trip distribution, modal split and traffic assignment, shown in Figure 1. 

 

Figure 1 - The four-stage model 

This procedure has been described in various papers; an early structure in Florian, Gaudry & Lardinois 

(1988), an additional description in Lundgren (1989) and newer descriptions in Peterson (2007) and 

McNally (2007). With these papers as a base the four-stage model is described in following sections.   
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2.1.1 Trip Generation 

The first stage in the four-stage model is trip generation. This stage is about defining how many 

produced and attracted trips that occur in every zone. The number of generated and attracted trips 

for each zone obviously depends on the size of the zone, which can be difficult to define and decide. 

The number of generated and attracted trips also depends on how accurate the traffic model is aimed 

to be. This stage requires data about the circumstances that causes the trips, therefore parameters 

like age, sex, income, ownership of a car, trip-rate and land-use data are of interests (Peterson 2007). 

This kind of data are partly collected by using travel surveys and population data. The generated trips 

are commonly divided into three different categories. These are home-based work trips (HBW), home-

based other trips (HBO), where the purpose of the trip can be school, shopping, drop off children 

etcetera, and non-home-based trips (NHB), where the trip neither start or end at home. Most of the 

trips are home-based trips, starting or ending the trip at home (McNally 2007).  

Peterson (2007) states that there are two techniques that frequently are used for trip generation 

analysis. These methods are cross-classification analysis and multiple regression analysis. In cross-

classifications analysis it is assumed that the demand is disaggregated to each household and then the 

generated trips are calculated with a predefined quota that concerns the earlier mentioned 

parameters. In the second technique, multiple regression analysis, values are aggregated for each 

centroid. The benefit with the first mentioned model is that it is easy to compare models between 

cities and that the target matrix can be used for validation. In the second technique, the quota 

parameter depends on the data so the model cannot be compared between cities.  

A mathematical formulation of trip generation is stated in the paper Peterson (2007) where � and � 

represents the origin node and the destination node respectively. The sum of trips starting at all origins ��, � 樺 � and the sum of trips ending at all destinations ��, � 樺 � are the output of this stage. Normally, 

the produced trips are equal to the attracted trips. 

2.1.2 Trip Distribution 

The second stage is trip distribution. In Lundgren (1989) this stage is described as allocation of trips 

among a set of defined zones in a specific area. Since we already have the number of produced and 

attracted trips in each zone from the first stage, the problem of trip distribution can be formulated as 

the following equations ∑ ��� = ����=怠   � 樺 �  (1) ∑ ��� = ����=怠   � 樺 �  (2) 

where ���  represent the demand between origin � and destination �, and  ∑ �� = ∑ �� = ���=怠��=怠  � 樺 �, � 樺 �  (3) 

where � is the total number of trips.  

This formulation of a trip distribution model is usually called a doubly constrained trip distribution. If 

it had been formulated only with the number of produced trips in each zone or only the attracted trips 

it is called a singly constrained trip distribution model.  

The most common procedure of trip distribution is to use gravity models. A functional relationship 

could be established between the cost and the number of trips by having estimates of travel costs 
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associated with each OD-pair (Lundgren 1989). A general formulation of the gravity model is 

formulated as ��� = ������岫���岻   (4) 

Where � is a constant and �岫���岻 is a deterrence function that is decreasing with the cost ���  between 

node � and � (usually distance). The ﾏodel is Ialled gra┗ity ﾏodel HeIause of its siﾏilarity to Ne┘toﾐ’s 
law of gravity. The demand in each OD-pair is directly proportional to the trip production at the origin 

node �� multiplied with the trip attraction at destination node weighted with the deterrence 

function �岫���岻 just like Newtons law of gravity states that the force attraction between two bodies is 

directly proportional to the square of the distance between them. A commonly used form of the 

deterrence function is to use the negative exponential deterrence function, formulated as  �(���) = �−����    (5) 

Where � is a nonnegative parameter that mirrors the influence of the trip cost ���  on the estimated 

trips. Equation (5) is Newtons law of gravity if � = に.  

The model stated in equation (4) can be reformulated so that it includes the consideration for the 

relative accessibility for each destination and the individual socioeconomic deterrence ��� for each 

OD-pair (Peterson 2007). This formulation is stated as ��� = �� ( ���岫���岻���∑ ���岫���岻������ )       (6) 

Equation (6) can be explained as the probability that a produced trip in � is an attracted trip in �.  

2.1.3 Modal Split 

The third stage represent modal split which aims to determine the number of travelers in each OD-

pair that uses each transport mode. From previous steps in the four-stage model the total number of 

trips for all OD-pairs are given. These trips are now supposed to be dispersed to all defined transport 

modes depending on the attractiveness of each transport mode at different purposes. A function that 

describes the attractiveness of a transport mode usually includes socio-economic factors like income 

and car availability and measures of attributes that define the transport mode like travel time and 

travel cost (Lundgren 1989). The different transport modes can for example be divided into car, public 

traﾐsport aﾐd HiIyIle aﾐd ┘alk, Hut it Iaﾐ also He ﾏore speIified like さshariﾐg Iarざ aﾐd さhea┗y truIksざ.  

In order to split the demand into several transport modes, utility functions are common to use. The 

utility functions weight the sum of the attributes that defines the transport mode. The utility function 

for public transport can include parameters like waiting time, in-vehicle time, frequency and walking 

time to and from transit line stop (Peterson 2007). A utility function can be formulated as following  �� = �� + �� = ∑ �ℎ�ℎ� +ℎ樺� ��                    (7) 

Where �ℎ� is the measured value of attribute ℎ 樺 � for travel mode � 樺 �. �ℎ is the corresponding 

weighting parameter. �� is a random error term that represent attributes that are not included in �, 

and other uncertainties of measured values. A utility can be specified for each OD-pair or zone. This 

specification can be used to capture the behavior of an individual traveler that uses public transport 

into a city center because of lack of parking spots, and the car if there is another destination (Peterson 
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2007). From the utility function in equation (7) a multinomial logit model that describes the probability �� that a certain traveler chooses travel mode � 樺 � can be formulated as  ��� = ����∑ �������    (8) 

Where � > 0 is a scaling parameter. From the probability that a certain transport mode is chosen, the 

OD-matrix can be divided into demand matrices for each transport mode respectively. The OD-demand 

for transport mode ��� can then be expressed as ���� = �����     (9) 

2.1.4 Traffic Assignment 

The last stage in the four-stage model is the traffic assignment, which aims at determining routes for 

the travellers in each OD-pair and the traffic flows on the links in the network. The number of trips for 

each OD-pair are known and these trips are now allocated to different routes. From the route 

allocation, link flows and link costs can be estimated. The traffic assignment usually follows Wardrop´s 

first principle (also called user-equilibrium) that states that the travel cost on all used routes are equal 

and that no unused route has a lower travel cost than the used ones (Wardrop 1952). This means that 

no traveller would benefit by choosing another route. Another alternative is to use Wardrop´s second 

principle which states that the average travel cost in the network should be minimum and is also 

assumed to be system optimized condition since it is adopted to be the most efficient approach for 

the society (Lundgren 1989). The last-mentioned approach is not likely to happen in the reality, since 

almost all people chooses the fastest route and do not think about what the best for the society is. 

This condition can be used as target for traffic planners. The traffic assignment problem includes the 

general cost for each link �, �� , � 樺 �, the link flow volumes � = {��}, � 樺 �, a non-negative route flow 

variable ℎ = {ℎ�}, � 樺 ��� , 岫�, �岻 樺 � × � and a link-route incident binary variable ���, � 樺 �, � 樺��� , 岫�, �岻 樺 � × � which is 1 if link � is included in route � in OD-pair 岫�, �岻 and 0 otherwise. The traffic 

assignment can now be stated as follows  min� �岫�岻 = ∑ ∫ ��岫�岻����待�樺�    (10) 

�. �.     ∑ ℎ� = ��� ,   ∀岫�, �岻 樺 � × ��樺���  

∑ ∑ ����樺���岫�,�岻樺�×� ℎ� = �� ,   ∀� 樺 � 

ℎ� 半 ど,∀� 樺 ���, ∀岫�, �岻 樺 � × � 

From the traffic assignment, routes can assigned for all travellers and link flows for each link in the 

network can be estimated. The general cost in the traffic assignment are determined by Volume Delay 

Functions (VDF) and impedance functions that are explained in chapter 2.2 and 2.3.  

To conclude the four-stage model it can be stated that an OD-matrix and link flows of the network can 

be obtained by performing trip generation, trip distribution, modal split and traffic assignment. 

Validation and further calibration of the demand matrix is essential to achieve accurate result.  
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2.2 Volume Delay Functions 

Since congestion and delay in the traffic network affect the flow on the links and since the travel times 

depends on the traffic flow, it is of importance to have this in consideration when estimating traffic 

flows. VDF gives an average travel time out of a given traffic flow and can be used to achieve this 

correlation of travel time and traffic flow for every link in the network. Since the traffic assignments 

usually are based on Wardrops´s first principle (Wardrop 1952) where every traveler is assumed to 

choose the path with shortest travel time it will in the scenario where the link speed is not affected of 

congestion lead to that every traveler chooses the same path. At higher traffic flows though, the speed 

will be affected by congestion and the travel time will increase unless another path is chosen by some 

travelers. In this case, it is possible that a traveler chooses a longer path that have shorter travel time 

to avoid the congestion, which leads to OD-flows that are distributed over several paths (Matstoms 

2004). 

When performing a traffic assignment in Visum, the prerequisite is that the travel time on a link only 

depends on its own link flows and not from other links in the network. The fact that link flows can be 

affected by high flows in the opposite direction or flows from other approaches in intersections is not 

considered which makes the computations easier and more effective but is an important restriction in 

Visum. On the other hand, the traffic streams can be assumed to be proportional to each other which 

reduces the effect and makes it possible to calculate the travel time as a function of its own flow 

(Matstoms 2004).  

There are several VDF:s that are commonly used and some of these are Spiess conical VDF (Spiess 

1990), Akcelik´s function (Akcelik 1991), Davidson´s function (Davidson 1966) and the Bureau of Public 

Roads (BPR)-function (PTV Visum 2017). The BPR-function is the VDF that is set as default in Visum, 

but there are other types of modified BPR-functions and VDF that can be selected. The travel time of 

a link with the BPR-function is expressed in following equation � = �待 ∙ [な + � ∙ ( �����)�]         (11) 

where � is the travel time per hour, �待  is the travel time at free flow condition (� = ど), ���� is the link 

capacity in veh/h. � and � are parameters that influence how much the travel time increases as the 

flow increases. The values � = ど.なの and � = ね are commonly used (Matstoms 2004), but other 

constellations are possible. In Visum, a parameter � is also included in the BPR. This parameter is 

multiplied with ���� in the travel time function (PTV Visum 2017), which for instance can be used to 

account for that the capacity level is different depending on the modeled time period. One advantage 

of the BPR function which is mentioned by Matstoms (2004) is that the capacity is explicit given and 

can be adjusted if needed.  

2.3 Impedance Functions 

The traffic assignment procedure in Visum is based on a shortest path algorithm that determines low 

impedance routes (PTV Visum 2017). The impedance describes how difficult it is to get from one place 

to another and is dependent on the volume and consists of impedances of used links, turns, connectors 

and main turns. The impedance function can be interpreted as the generalized cost of traveling on a 

link. The route choices of travelers are dependent on both subjective and objective factors. It is 

dependent on, for instance, the anticipated travel time for the route, route length and road tolls. By 

default in Visum, the impedance function is dependent on the transport system-specific travel time in 
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seconds which is obtained from the VDF, link length in meters, transport system-specific road tolls in 

units of money, user-defined parameters and link type factor (PTV Visum 2017). However, these 

factors and different values can be user-defined. Since the variables have different units (seconds, 

meters, money units), the impedance cannot be expressed in a universally unit. In the case where the 

included variables are road toll and travel time, it may be convenient to express the impedance in 

terms of money units. The impedance function � is a linear combination function, formulated as � = �怠�怠 + �態�態 + 橋+ ����  (12) 

Where �� are parameters and �� are variables corresponding to � number of variables used. The 

composing of the impedance summands can be differentiated between two components. The first one 

is summands depending on the traffic volumes, for instance travel time � calculated with a VDF. The 

second one is summands which are not dependent on the network object volume, like road toll or link 

length. Based on the assumption that the travel time (impedance) of the network is increasing as an 

effect of the traffic volume increasing, all assignment procedures are in turn based on the assumption 

that travel times of the network objects are monotone incremental function of traffic volume. By this, 

increased traffic in the network can give an effect of deterrence to alternative routes in the model (PTV 

Visum 2017).  

2.4 Estimation of Origin Destination Matrices 

As previous mentioned, the OD-matrix is obtained from the second stage, trip distribution, in the four-

stage model. This matrix is produced by socioeconomic factors and survey data. However, without 

calibration the result can be misleading from the reality, due to insufficient data and/or that the traffic 

demand needs updating since the traffic environment changes over time. To get a sufficiently good or 

reasonable approximation of the real world represented by an OD-matrix, it needs to be estimated by 

traffic count observations. The problem of estimating OD-matrices is a widely discussed subject with 

several different methods proposed and used. The methods usually have in common the fact that 

some traffic data is available like link counts or speed, and a given target matrix which is used to find 

a calibrated OD-matrix.  

When assigning the matrix ���, � 樺 �, � 樺 �, on the network, a proportion matrix � = {���� },  is used. ����  

is the proportion of the OD-demand ���  that uses the link �. The assignment induces flows � = {��} on 

the links in the network. In the case where available data is observed link flows �̂�  on a subset of links �̂, and a target matrix �̂��  also is available, the OD-estimation problem can be formulated as 

(Abrahamsson 1998) min�,� �岫�, �岻 = �怠�怠岫�, �̂岻 + �態�態岫�, �̂岻                  (13) �. �. ∑ ���� (���)��� = �� , ∀� 樺 �̂�,�樺�×�                               ��� 樺 Ω, i, j 樺 I × J 
Where two different distance measures �怠 and �態 are minimized. The objective can also include other 

types of distance measures, for instance observed speed measures. A formulation with speed included 

can be found in a paper by Cipriani, Florian, Mahut & Nigro (2011). Depending on the reliability and 

accuracy of the target matrix and the observed link flows respectively, �怠 and �態 can be chosen 

differently. A larger value on �怠 compared to �態 will rely more on �̂ and allow larger deviations 
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between � and �̂. A larger value on �態 than on �怠 implicate the opposite, larger certainty on �̂ and less 

on �̂.  
The formulation (13) can be extended to depend on additional constraints, some of the constraints are 

discussed in the paper by Peterson (2007). The set of feasible OD-matrices can be constrained such 

that it only can deviate within a defined interval. Another approach is to set a maximum allowed 

deviation from the link observations. The total travel demand in all OD-pairs that has an origin or a 

destination in a certain zone can be restricted. Yet another extension is to have a total number of trips 

requirement for the whole OD-matrix. However, this is a less good requirement since it could cause 

that some OD-pairs gets too much flow and some OD-pairs too little flow, and the requirement would 

still be satisfied.  

The objective function in (13) can be formulated in different ways, some of them are described in next 

Section.  

Depending on which distance measure that is used in the objective function of the estimation problem 

in (13) the resulting OD-matrix will end up differently. In this Section, some of the objective 

formulations are described.  

The maximum entropy function is one of the potential objective forms and is commonly used for OD-

estimation, for instance by Jörnsten & Nguyen (1979), Bell (1983) and van Zuylen & Willumsen (1980). 

This function excludes the target matrix which is preferable if there are significant uncertainties in the 

target matrix. The formulation for the maximum entropy function is �態岫�, �̂岻 = ∑ ���岫log��� − な岻�,�樺�×�                (14) 

The formulation of the maximum entropy function can be extended to account for a target matrix. If 

no target matrix is available, it can be assumed that all values are equally likely (Peterson 2007). The 

extended formulation is �態岫�, �̂岻 = ∑ ���岫log ����̂�� − な岻�,�樺�×�                 (15) 

The maximum entropy functions can also be formulated with link flows. The extended version with 

link flows is formulated as �怠岫�, �̂岻 = ∑ ��岫log ���̂� − な岻�樺�̂                 (16) 

Another objective function that is commonly used in OD-estimation processes is the least-square 

formulation. The minimum least-square formulation aims at minimizing the squared distance between 

the estimated link flows from traffic assignment and observed link flows and is formulated as �怠岫�, �̂岻 = 怠態 ∑ 岫�� − �̂�岻態�樺�̂           (17) 

The squared deviation to the target matrix as well as to other traffic data counts (for instance observed 

speeds) can be added to the formulation. Cascetta (1984) proposed a generalized least square 

formulation containing both a target matrix and link flow observations. Other authors that uses 

different variants of the generalized least square formulation are Carey, Hendrickson & Siddharthan 

(1981), McNeil & Hendrickson (1985) and Spiess (1990). It is also possible to give the deviation to the 

target matrix and to the different observed traffic counts individual weights depending on how much 
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influence it is preferred to give on the resulting objective value. How much influence that is preferred 

is usually dependent on the reliability of each observation. Since the observations often are mean 

values of several measure occasions, the variance can be computed and considered in the objective. 

The formulation (17) is modified as  �怠岫�, �̂岻 = 怠態 ∑ 怠��鉄 岫�� − �̂�岻態�樺�̂                  (18) 

A third variant of objective function for the OD-estimation process is the maximum likelihood 

formulation. This has been used in various formulations by for instance Spiess (1987), Ben-Akiva (1987) 

and Tamin & Willumsen (1989). The maximum likelihood formulation aims to maximize the likelihood 

of closeness between target matrix and estimated matrix. The distance measure with a Poisson 

distributed system with a sampling factor � used in the distance measure can be formulated as �態岫�, �̂岻 = ∑ 岫������ − �̂�� log ���岻�,�樺�×�                      (19) 

 

To conclude, the maximum entropy function, the least square formulation and the maximum 

likelihood formulation are some of the objectives that can be used in the OD-estimation process, and 

there are several variants of each formulation. Depending on what traffic counts that are available and 

if there is a target matrix available, and also how reliable these data are, the objective of the OD-

estimation problem can be chosen differently.   

 

2.5 The SPSA Algorithm  

A gradient approximation algorithm that can be used for estimation of OD-matrices is the 

Simultaneous Perturbation Stochastic Approximation (SPSA) algorithm, which belongs to a class of 

Stochastic Approximation (SA) methods. SA methods are used to achieve a solution for optimization 

problems with noisy objective functions and is an important class of algorithms for error function 

minimization when the objective function does not have any analytical form (Lu, Xu, Antoniou, & Ben-

Akiva 2015). SA methods are normally used for model fitting and statistical parameter estimation, 

experimental design, adaptive control, pattern classification, simulation-based optimization and 

performance evaluation from test data (Spall 1998).  

The gradient of the objective function that is used in the optimization process in SA methods is in many 

practical settings not available or is difficult to compute. Knowledge of the gradient normally requires 

complete knowledge of the relationship between the parameters being optimized and the objective 

function. Therefore, techniques for optimization that rely on estimates of the objective function only, 

and not on estimates of the gradient of the objective function are of interest and SPSA is one of these 

techniques (Spall 1998).  

SPSA is based on a gradient approximation and is described in Spall (1998) with a step-by-step 

implementation of the algorithm together with some general information of the algorithm. In another 

paper of Spall (1992) it is shown that the objective function of SPSA converges to its optimal value and 

also some advice on how to determine values of the gain sequence parameters are given. This 

algorithm contrasts with other stochastic optimization problems since it is only based on two function 

measurements, independent of how many parameters being optimized while the number of 

measurements in other approaches increases with the number of parameters. This require less 

number of assignments and thereby lower computation time. 
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Limitations and drawbacks with SPSA stated in Tympakianaki, Koutsopoulos & Jenelius (2015) is that 

the performance of the algorithm is sensitive to the selection of initial parameters of the algorithm, 

the scale of the variables and the shape of the objective function. The authors also claim that, 

depending on the choice of the step size for updating the solution and parameters, the algorithm can 

be very slow or even diverge if the objective function is steep.  

2.5.1 Structure of the SPSA Algorithm 

The structure of SPSA based on the paper of Lu, Xu, Antoniou, & Ben-Akiva (2015) and Spall (1998) is 

presented here. The SPSA algorithm aims at minimizing an objective function �岫�岻, that is a scalar-

valued さperforﾏaﾐIe ﾏeasureざ aﾐd � is a continuous-valued �-dimensional vector of parameters to 

be adjusted. The algorithm starts iterating from an initial guess of �, where the iterative process 

depends on the さsiﾏultaﾐeous perturHatioﾐざ-approximation to the gradient 椛岫�岻. It is assumed that 

measurements �岫�岻 of the objective function are available at any value of �. 

The general form of SA is as follows �̂�+怠 = �̂� − ��椛̂�岫�̂�岻   (20) 

where  �̂� is the estimate of parameters in iteration �, 椛̂�岫�̂�岻 is the estimated gradient at �̂� and �� 

is a gain sequence that gets smaller as � gets larger, see following formulation �� = �岫�+�+怠岻�    (21) 

where �, � and � are nonnegative parameters. SPSA perturbs all parameters at the same time and 

the approximation of the gradient can be obtained from the following  

椛̂�(�̂�) = �(�̂�+��∆�)−�(�̂�−��∆�)態�� [   
 ∆�怠−怠∆�態−怠教∆��−怠]   

 
                         (22) 

where ∆�� is the component of the ∆� vector in iteration � and the gain sequence �� is computed with 

equation (24). The common numerator in all � components of 椛̂�(�̂�) reflects Simultaneous 

Perturbation(SP) of all components in �̂�. �� = �岫�+怠岻�                  (23) 

where � and � are nonnegative parameters. The parameter values for the gain sequences �� and �� is 

presented in Section 2.5.2. 

The generated random perturbation vector ∆�, where each of the components of ∆� are 

independently generated from a zero-mean probability distribution. Spall (1992) states some 

conditions that must be satisfied for the probability distribution. A simple and theoretically valid choice 

for each component of ∆� is to use a Bernoulli な−+  distribution with probability of 0.5 for each な−+  

element. 

To avoid that changes of the gradient will be too large and have a more stable search direction, it is 

beneficial to calculate an average gradient. In a paper by Antoniou, Gentile & Kostic (2017), five 

different cases were tested with different number of gradient computations �� to calculate the 

average 椛̂�(�̂�) on. The average is computed as 
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椛̂�(�̂�) = 怠�� ∑ 椛̂��(�̂�)���=怠    (24) 

The tested number of replications were 1, 2, 3, 5 and 10. The result showed that 10 replications 

returned the best objective value. The withdrawal with this approach is the increasing running time 

due to a larger computational effort. In the same study by Antoniou, Gentile & Kostic (2017), two other 

approaches to restrict the gradient besides averaging were investigated. One was the gradient bounds, 

which sets upper and lower limits on the gradient and does not require any more computations. The 

result was resembling to the gradient averaging approach, with the best result obtained with the most 

restricted bounds, setting upper bound to 25 and lower bound to 2. The third approach was gradient 

smoothing, where the current gradient was averaged with one previous respectively two previous 

gradient computations. However, this approach was neglected due to no meaningful benefit of the 

convergence compared to not having the gradient smoothing.  

2.5.2 Parameter Values in SPSA 

The performance of SPSA is highly dependent and sensitive on the choice of the gain sequences �� 

and ��. A guideline regarding the choice of the gain sequence parameters stated in Spall (1998) is that 

it is reasonable to choose a smaller value on � and a larger value at � in a high-noise setting than in a 

low-noise setting. �� defines the area where the objective function is evaluated to calculate the 

gradient. If �� is too large, the algorithm may never converge and if it is too small the algorithm will 

maybe stay in the current position regardless of whether it is optimal or not (Gellenbeck 2016). In Spall 

(1998) it is recommended to have a �-value that is approximately the same level as the standard 

deviation of the measurement noise in �岫�岻 to prevent too large magnitude of �-elements of the 

gradient. The parameters � and � can be chosen together and the guideline regarding this is to choose 

a value of � that is much less than the maximum number of iterations, for instance 10% of the number 

of expected or allowed iterations. � should be chosen such that �� times the magnitude of elements 

in the initial gradient is approximately equal to the minimum of the desired change magnitudes among 

the elements in � early iterations but this may require several replications of the initial gradient. 

Spall (1998) further recommends setting the parameters � and � to 0.602 respectively 0.101 since 

these values are practically effective and theoretically valid for these parameters. If the setting has a 

large amount of data available, it can be to advantage to converge � and � to the asymptotically 

optimal values of 1.0 and 1/6 at some point in the iteration process. 

These guidelines may not be the best fit for every application and another way to determine the 

parameters values for the gain sequences is to determine some kind of calibration procedure, by 

having some initial values as a reference case, and then having the parameters investigated one-by-

one. In Gellenbeck (2016) this kind of performance of determine parameters is presented. 

2.5.3 Convergence Criteria 

To determine when the procedure reach a solution so that the computations can stop, a convergence 

criterion is required. There are several ways of setting this condition and a common approach is to 

stop when the objective function of the algorithm converges to a predetermined small value. Other 

approaches mentioned in Gellenbeck (2016), is to stop when the number of iterations exceeds a 

predetermined number of iterations: � > ����, or to define the convergence criterion so that the 

algorithm will stop when there is no significant change in the objective function values: |�岫��岻 − �岫�� − �岻| < �, where � 樺 �. This means that if the function value is not changed by at least 
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� after � iterations, the convergence criterion is satisfied. These criteria can either be used individually 

or as combination of several criteria. 

2.5.4 Penalized SPSA  

The OD-estimation process with SPSA could lead to large differences in total estimated demand and 

total target demand. If the target demand is what is desired to reproduce, it is not wishful that the 

estimated demand deviates too much and to overcome this problem a penalty function can be added 

to the objective function. The idea is to add a penalty to the objective if the difference between 

estimated and target demand exceeds predefined limit that forces the estimated demand closer to the 

target demand. Since the penalty function is implemented in the objective function, it is also affecting 

the gradient calculation. Penalty functions are described in several literatures and in Wang & Spall 

(2003) different penalty functions are described together with the SPSA algorithm. An optimization 

problem with penalty function included can be stated as follows min� ��岫�岻 = �岫�岻 + ��岫�岻   (25) 

Where �岫�岻 半 ど is the penalty function and � is the penalty parameter. �岫�岻 is only larger than 0 if � 鞄 G where � is the constraint set. The constraint set can be formulated as follows � = {� 樺 ℝ�: ��岫�岻 判 ど, � = な, . . � }  (26) 

where �� 判 ど are continuously differentiable real valued constraints. Wang & Spall (2003) present 

following three penalty functions. 

Augmented Lagrangian function: �岫�岻 = 怠態�鉄 ∑ {{���{ど, �� + ���岫�岻}}態 − ��態}��=怠   (27) 

where � 樺 ℝ�. The penalty function will change along the iterations depending on which value that 

are selected for ��� and ��. If � = ど, the augmented lagrangian function is reduced to the Standard 

Quadratic penalty function:  

 �岫�岻 = � ∑ {{���{ど, ��岫�岻}}態}��=怠   (28) 

The absolute value penalty function: �岫�岻 = max�=怠,.,�{���{ど, ��岫�岻}}  (29) 

Wang & Spall (2003) recommend adding a penalty parameter �� to the penalty function to ensure 

convergence, defined as follows �� = � ∙ 岫� + な岻待.怠 

Where � is a positive parameter that is calibrated so that �� gives a desirable penalization. The 

sequence decreases as the iterations proceeds.  

2.6 Methods to Time Divide OD-Matrices 

Modelling OD-demand often means daily traffic demand or demand during a peak-hour and these 

models do not consider the different patterns during a day. When only considering the peak-hour, the 

traffic planner tries to estimate the "worst" case, when the traffic network is the most congested. If 
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the purpose is to plan new facilities for instance, this is a valid approach since peak performance 

scenarios with different reconstructions can be investigated. These models were typical to produce 

during the sixties and seventies, when the main challenge was how and where to extend the traffic 

network to cope with the population growth (Spiess & Suter 1990). The last decades, the focus is on 

how to use the network more efficiently and in a more sustainable way. Modelling the demand over a 

whole day is beneficial when computing pollutants, noise levels and energy consumptions.  

To see the changes of the traffic flow that occurs during a day, many approaches that model the 

dynamics has been presented. These approaches need departure and arrival times for each individual 

trip instead of an OD-matrix. Since modelling a static OD-matrix is difficult already, a dynamic OD-

matrix is even a bigger challenge to model due to the need of the input data arrival and departure time 

for each individual trip. In the paper by Fujita, Yamada & Murakami (2017) a time coefficient estimation 

(TCoE) model is proposed to estimate time coefficients of a day-long OD demand, which in that turn is 

used to estimate hourly OD demands. The time coefficients are calculated as follows ���� = �������,                                (30) ∑ ���� = な態替�=怠     (31)              

Where ����  is the time coefficient of the OD-pair �� for the period � = な,に. . ,にね, ����  is the hourly demand 

and ���  is the daily demand. The method predicts hourly traffic for urban transportation planning for 

large-scale network that lacks rich discrete time data. The input used to estimate the hourly time 

coefficients are observed link flows and a daily demand matrix. The daily matrix is obtained using a 

bilevel formulation of the generalized least square and a semi-dynamic traffic assignment. Fujita, 

Yamada & Murakami (2017) further explain that the semi-dynamic traffic assignment is based on static 

user equilibrium assignment with elastic demand to account for residual demand in the end of each 

period. The benefit of the proposed method is that it does not require many different parameter 

settings. The result of the paper is an improved estimation accuracy, since the initial OD demand by 

survey had some bias due to many data missing during night time that is cancelled by the TCoE model.  

In several other papers, for instance by Boyles, Ukkusuri, Waller & Kockelman (2006) and in Spiess & 

Suter (1990), problem descriptions of dividing a daily matrix into several states of the day like AM-

peak, inter-peak, PM-peak and off-peak are presented. In Spiess and Suter (1990), a method is 

proposed that results in estimates of traffic volumes for every link in the network and every hour of 

the day. Like in the TCoE model proposed by Fujita, Yamada & Murakami (2017), the input data needed 

are observed link flows and a demand matrix or several demand matrices corresponding to basic states ���� , where � 樺 � denotes the set of basic states. The link counts on a link does not need to cover all 

hours of the day, and the basic state/states does not need to cover all different travel patterns of a 

day, but each state � should correspond to a typical or different travel pattern and the set � should be 

such that the entire demand of a day is represented. For each of the basic states, an assignment is 

performed to obtain link flows, see the shorthand formulation  �� − �������岫��岻, � 樺 �   (32) 

Each basic state is assumed to give some contribution to each hour of the day. That is why the 

corresponding link flows ��� from the assignment are multiplied with an hourly contribution coefficient 
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��� to get the estimated link flows in each hour ���, and also the hourly demand ���� , see the following 

formulations ��� = ∑ ������,   � 樺 �,   � 樺 ��樺�   (33) ���� = ∑ ������� ,   �, � 樺 � × �, � 樺 ��樺�   (34) 

The hourly contribution coefficient is estimated by a multiple linear regression where the dependent 

variables are the observed flows and the independent variables are the assigned flows of the basic 

states, formulated as �̂�� = ��������樺�̂岫�̂�, ��岻,   � 樺 �  (35) 

The approach combines an assignment and regression analysis in a simple manner. Spiess & Suter 

(1990) means that it is not a guarantee of a successful result. The authors further explain that the main 

problem is the choice of basic states � and the availability of demand matrices from the beginning. 

This assignment and regression procedure was applied on the city of Basel, with three basic states as 

input, and the result was predicted hourly flows with a high level of precision, around a �態 value of 90 

% (Spiess & Suter 1990). 

2.7 Quality Measures 

When analysing and comparing total flow from an estimated demand matrix to the original demand 

matrix, quality measures such as least square error which is presented in Section 2.4.1 can be used. 

Least square error shows a generalized distance with a global view, but it is not considering the quality 

of the matrix. It does not tell you if the structure of the estimated matrix represents the historical 

matrix. Since the target matrix usually are produced from a four-stage model with knowledge of the 

circumstances in the traffic network it is preferable to have the same structure in the OD-matrix after 

the estimation process as before. A qualitative way to visualize the structural change could for instance 

be to use a heat map, but to confirm this in a quantitative way a measure of similarity can be used, 

just to confirm that the structure of the matrix has not change drastically. 

In the paper by Wang, Bovik, Sheik & Simoncelli (2004), they are using three different measures to 

compare the similarity of a picture; luminance, contrast and structure. These measures are used for 

the pixels in a picture which in case of OD-estimation can be represented by the cells in an OD-matrix. 

The three components are combined in an overall structural similarity measure (SSIM) �(��� , �̂��) = �岫�(��� , �̂��) , �(��� , �̂��) , �(��� , �̂��) 岻  (36) 

where ���  is the estimated matrix and �̂��  is the target matrix. When comparing quality of pictures, ���  

and �̂��  are representing two image signals where one of them represent a signal with perfect quality. 

The luminance comparison function �岫��� , �̂��岻 is a function of ����  and ��̂��, which are estimated as 

the mean intensity. To compute the contrast comparison �岫���, �̂��岻 the standard deviations ����  and ��̂��  is used and the structure comparison �岫��� , �̂��岻 is conducted by the correlation coefficient ����,�̂��, 

which is computed with following formula ����,�̂�� = 怠�−怠 ∑ 岫���� − ����岻��=怠 岫�̂��� − ��̂��岻  (37) 

where � is the number of cells in the defined area. The three different measures are calculated as 

follows  
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�(��� , �̂��) = 態������̂��+�迭����鉄 +��̂��鉄 +�迭   (38) 

�(��� , �̂��) = 態����,�̂��+�鉄����鉄 +��̂��鉄 +�鉄   (39) 

�(��� , �̂��) = ����,�̂��+�典����+�鉄    (40) 

where �怠, �態 and �戴 are constants. Finally, the SSIM index can be calculated as a combination of 

equation (39) – (41).  

 ����(���, �̂��) = |�(���, �̂��)|�怠 ∙ |�(��� , �̂��)|�態 ∙ |�(��� , �̂��)|�戴
 (41) 

where �な, �に and �ぬ are positive parameters that are used to weight the importance of the 

components. The SSIM value is normalized with values from 0 to 1, where 0 means that there is very 

low similarity between the signals and 1 means that the two signals are identical. A mean SSIM 

(MSSIM) can be calculated to evaluate the overall quality of the OD-matrices. 
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3. Method 

This Section begins with a brief description of the computer tools used and their interaction in the 

procedures. This is followed by the methodology of how to divide the daily demand matrix by multiple 

linear regression and traffic assignments. Furthermore, this Section presents the procedure of the OD-

estimation process with the original SPSA, how the gain sequences evaluates with different 

combinations of parameter values and the chosen objective function. The last part presents the SPSA 

algorithm when adding penalty functions to the problem. An overview of the system and how the 

computer tools are used in the different procedures is illustrated in Figure 2.  

 

Figure 2 - System overview of how the computer tools are interacted in the different procedures of 

dividing the OD-matrices and the OD-estimation based on SPSA with and without penalty 

3.1 Computer Tools Used  

In this Section, the computer software tools used in the thesis work are described together with an 

explanation of how they are used in the work.  

3.1.1 Visum 

Visum is a traffic network modelling tool developed by PTV group (PTV Visum 2017). It can be used for 

traffic analyses, model traffic demand, traffic flows forecasts, plan public transport services, GIS-based 

data management etcetera. It can model private transport, public transport, bicycling as well as 

walking. The software includes many functions related to network modelling, demand calculations 

(four-stage model), private and public transport assignment procedures, traffic engineering and 

analyses. A traffic model requires information about demand, road network and what methods to be 

used for producing results. In this thesis work, a network model of Norrköping is used with a four-stage 
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model implemented using external Python scripts, instead of using the previous mentioned function 

for the four-stage model, that is called from the procedure sequence in Visum. Visum is then used to 

assign traffic flows and route flows on to the network. More about the already implemented four-

stage model in Visum is described in chapter 4.1. The OD-estimation is performed with help of Visum, 

see a general visualization of the interaction with Visum in this thesis in Figure 2. It is mainly connected 

to the procedure sequence, where Python scripts that contains the OD-estimation algorithm is called, 

and together with traffic assignments in an iterative process will try to find a convergence. 

3.1.2 Matlab 

Matlab is short for matrix laboratory and is a multi-paradigm numerical computing environment. It has 

a proprietary programming language developed by MathWorks. Matlab allows matrix manipulations, 

plotting of functions and data, implementation of algorithms, creation of user interfaces and enables 

interfacing with other languages as C, C++, Java and Python. It is mainly intended for numerical 

computing but it has an optional toolbox for symbolic computing and an additional package called 

Simulink that enables graphical simulation (MathWorks 2018). For this thesis, Matlab is used for matrix 

computations and for sorting the provided link flow data and detect outlying values in the process of 

dividing the OD-matrix with AADT values, see Figure 2. 

3.1.3 R 

R is a language and environment used mostly for statistical computing, graphics and analysis. It 

provides a wide variety of statistical techniques like linear and nonlinear modelling, classical statistical 

tests, time-series analysis, classification, clustering etcetera and graphical techniques and is highly 

extensible (R-project 2018). A nice feature is how easy well-designed plots can be produced that 

includes mathematical formulas and symbols, that also can be user-defined if wanted. The software 

enables effective data handling and storage facility, a suite of operators for calculations on arrays, a 

large and coherent collections of intermediate tools for data analysis, graphical facilities for data 

analysis and a programming language which includes conditionals, loops, user-defined recursive 

functions and input and output facilities (Venables, W.N., Smith, D.M. & the R Core Team 2018). The 

software R is used in this thesis to estimate regression coefficients for the hourly demand matrices, 

see the interaction in the system overview in Figure 2. It provides information about collinearity, �態-

fit, significance, redundant variables and outlying values, which are served as a decision-base for the 

model selection.  

3.1.4 Python 

Python is a programming language that is on an interpreted high level and is purposed for general 

programming (Python 2018). It was designed in the purpose to have an easy readability and to 

shortening the space needed for writing codes. It uses whitespace to end statements and advancing 

of the cursor to differentiate blocks from each other, in comparison to programming languages like 

C++ and Java that requires end-statements. These programming languages also require semi-colons in 

the end of a line which Python does not need. The attached large standard library is comprehensive 

and has automatic memory management and dynamic features. In this thesis, the OD-estimation 

algorithm is written in scripts with Python language which is called from the procedure list in Visum. A 

script is a small piece of code that executes something and that is rather interpreted than compiled. 

The Python language was not developed to be a script language, but it can without problem be used 

as one. Python scripts can for instance be used to edit matrices in Visum, implement the four-stage 
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model or as done in this project, implement an OD-estimation algorithm, see the interaction of Python 

in the system overview in Figure 2.  

3.2 Time Divided Demand Matrices  

The method used for dividing the daily matrix into hourly matrices is inspired by the method by Spiess 

& Suter (1990). As mentioned in Section 2.6, this method is based on a combination of traffic 

assignments and multiple linear regression. A flow chart of the method is illustrated in Figure 3. 

 

Figure 3 – The process of dividing daily demand matrix to hourly demand matrices 

The procedure is presented in the following steps 1-5. 

Step 1 – Initialization 

There are � trip purposes available and the trip purpose matrices are denoted as ��,��  with daily 

demand, where origin � 樺 �, destination � 樺 � and � 樺 �. ��,��  corresponds to trips from home to each 

purpose: work, school, pick up/drop off, spare time, shopping, other, external private and commercial 

trips. These matrices are transposed to get the return trips ��,��=9.  

The total number of trips with car and trucks for all OD-pairs is assumed to be available as � =∑ ��,��,�樺�×� . 

Step 2 – Scaling the purpose matrices 

The daily matrix for purpose � is scaled so that the total number of trips by purpose � are equal to the 

total number of trips � (total daily trips for all purposes). This is performed by using a scaling 

factor ��� = ���   where �� = ∑ ��,���,�樺�×� . The new matrices scaled by ��� are defined as �̃�,�� .  

Step 3 – Traffic assignments 

Now � assignments are performed, one for each matrix �̃�,�� . The link flows obtained after the user 

equilibrium from the links where there is a link flow observation � 樺 �̂ available, are defined as ���. 

Step 4 – Multiple Linear Regression and Analysis 

The hourly demand matrices �̂�,�� , � 樺 �, � 樺 �, � 樺 �,� = {な,に…にね} are estimated by using multiple 

linear regression. The link flows ��� obtained from the assignments and the observed link flows �̂�� are 

used in the regression procedure to estimate the hourly contribution coefficients: �̂� = �待� + �怠��怠 + �態��態 + 橋+ �����   (42) 



 33 

The multiple linear regression is performed in the programming language R and requires an analysis of 

the regression coefficients for every hour �. Which regression coefficients to use in every hour depends 

on how well the purposes can describe the relation to every hour. This is decided by investigating the 

results of the evaluation measures presented in Table 1.  

Table 1 – Analysis measures for determination of which purpose variables to include in every hour 

Measures Description Accepted value  �� Is the proportion of the variance in the dependent variable that is 
predictable from the independent variable. The �態-value is 

computed by formula �態 = ∑岫Ϝ̂�−Ϝ̅岻鉄∑岫Ϝ�−Ϝ̅岻鉄, Where Ϝ�  is the observed 

values of the dependent variable, Ϝ̂�  is its mean value and Ϝ̅ is the 
fitted value.  

�態 with a value over 
80% is decided to be 
enough to represent a 
good fit.  

Akaike 

Information 

Criteria(AIC) 

Is used to remove redundant variables. AIC is a generic function that 
for one or several model objects obtains a log-likelihood value. The 
formula for AIC is  ��� = −に ∙ ���������ℎ��� + � ∙ ���� 

Where ���� is the number of parameters in the fitted model and � = に for the usual AIC. When comparing models fitted by 
maximum likelihood to the same data, the smaller AIC, the better 
fit.  

The model with the 
lowest AIC is used as a 
starting point when 
trying to find the best 
fitted variables. 

Studentized 

residuals 

Is used to find outliers. This measure is the result from dividing a 
residual by an estimate of its standard deviation. Studentized 
residuals are normalized to unit variance and is fitted ignoring the 
current data point. 

The values that are 
visible outliers are 
removed.  

Significance 

based on t-

value 

To decide the significance of the estimated regression coefficients, 
the t-value is checked. It is a common measure in statistics which 
are used to determine whether the means of two groups are 
equal. The t-value is the ratio of the departure of the estimated 
value of a parameter from its hypothesized value to its standard 

error. If �̂ is the estimator of the parameter �, then the t-value is ��̂ = �̂−�轍�.�.�̂ , where �待 is a non-random, known constant which may 

or may not match the actual unknown parameter of �, and �. � is 
the standard error. By default, in R, statistical packages report t-
statistics with �待 = ど (which are used to test the significance of 
corresponding regressor). However, when t-statistics is needed 
test a hypothesis a non-zero value may be used.  

Only variables with 
significance larger 
than 0.1 is used. This 
is one of the lowest 
level of significance in 
R, which is chosen to 
include as many 
variables as possible 
when estimating the �-coefficients for the 
hourly target matrices.  

Variance 

Inflation 

Factors (VIF) 

This measure is used to avoid collinearity between the variables. 
VIF is calculated from the result of the multiple regression analysis 
to evaluate multicollinearity and quantifies how much the variance 

is inflated. It is calculated as ���� = 怠怠−��鉄, where ��態 is the �態-

value obtained from regressing predictor � on the remaining 
predictors. The VIF exist for each of the predictors in a multiple 
linear regression model. VIF=1 means that there is no correlation 
among predictor � and the remaining predictor variables. A 
general rule of thumb is that VIF>4 may require further 
investigation.  

VIF lower than 3 is 
acceptable with the 
data size used and 
according to previous 
experience. 

Step 5 – Obtained target matrices 

The obtained regression coefficients are now multiplied with the daily matrices by purpose. The 

result is an OD-matrix for every hour �.  �̂�,�� = �待� + �怠��̃�,�怠 + �態��̃�,�態 + 橋+ ��� �̃�,�� , � 樺 �, ��� ��� � 樺 �, � 樺 �         (43) 
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3.3 OD-Estimation Based on SPSA 

The SPSA algorithm is implemented in Visum using scripts written in Python language. The procedure 

is executed in the procedure sequence in Visum with the steps 0 to 11 that are described in this 

chapter. The same procedure will be performed for AM peak hour and PM peak hour to achieve 

estimated OD-matrices for the hours that sets the required capacity in the network. In Figure 4, a flow 

chart of the OD-estimation procedure is illustrated. 

 

Figure 4 – Flow chart of the OD-estimation procedure 

Step 0 – Hour t=1, � 樺 �, � = {�� ���� ℎ���, �� ���� ℎ���}  

Step 1 – Iteration � = ど. A network assignment is performed with the generated target matrix �̂� for 

hour �. The assigned link flows �� are saved and the estimated demand matrix is initially set equal to 

the target matrix, that is, �� = �̂�. The objective function ��岫�岻岫��岫�岻, ��岫�岻岻 is calculated. 

Step 2 – Iteration � = な, where � = な. . . �椛̂ and �椛̂ is the number of replications of the gradient 椛̂ 

calculation. 

Step 3 – A Bernoulli distributed perturbation matrix Δ�岫�岻 is created, with the same dimension as OD-

matrix ��.  

Step 4 – Two new matrices are created, one with perturbation added and one with perturbation 

extracted from the OD-matrix. ��,+岫�岻 = ��岫�−怠岻 + ��岫�岻Δ�岫�岻 and ��,−岫�岻 = ��岫�−怠岻 − ��岫�岻Δ�岫�岻, where ��岫�岻 = �岫�+怠岻�  and � and � are constants.  

Step 5 – Network assignments are performed with OD-matrix ��,+岫�岻
 respectively OD-matrix ��,−岫�岻

. The 

assigned link flows are saved as ��,+岫�岻
 and ��,−岫�岻

. The value of the objective function is calculated for both ��,+岫�岻 岾��,+岫�岻, ��,+岫�岻峇 and ��,−岫�岻 岾��,−岫�岻, ��,−岫�岻峇. 

Step 6 – The gradient approximation  椛̂�,�岫�岻 = ��,+岫�岻岾��,+岫�岻,��,+岫�岻峇−��,−岫�岻岾��,−岫�岻,��,−岫�岻峇  態��岫�岻Δ�岫�岻  is calculated. If � = �椛̂ continue 

to step 7, else set � = � + な and return to step 3. 

Step 7 - Calculate an average gradient: 椛̂�岫�岻= 怠�椛̂ ∑ 椛̂�,�岫�岻�椛�=怠 . 

Step 8 – OD-matrix ��岫�岻
 is updated: ��岫�岻 = ��岫�−怠岻 − ��岫�岻椛̂�岫�岻

, where ��岫�岻 = �岫�+�+怠岻� and �, � and � 

are constants. 
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Step 9 – A network assignment is performed for the updated OD-matrix ��岫�岻
. ��岫�岻

 and the assigned 

values ��岫�岻
 are used to calculate the value of the objective function ��岫�岻岫��岫�岻, ��岫�岻岻. 

Step 10 – Check termination criteria. If the criterion is satisfied, return the estimated OD-matrix ��岫�岻
and continue to step 11, else set � = � + な and return to step 2. 

Step 11 – If all hours in � are processed, stop, else set � = � + な and return to step 1. 

Before starting the SPSA procedure, the gain sequences and the parameter values need to be decided. 

To better understand the effect on the gain sequences when using different values on �, �, � and �, a 

graphical example of the evolution during iterations are shown in Figure 5. As mentioned in Section 

2.5.2, the recommended value on � and � is 0.602 and 0.101 which are the values chosen as a start. If 

faster convergence is wanted, one can change � to 1. �� will then head to zero faster which lead to 

that there will not be any more changes of the demand matrix. The parameter � can also be changed 

to 0.167 which also leads the �� sequence towards zero faster and the function will be less perturbated. 

When performing this change, the objective function value will head to an asymptotical value faster. 

The values on �, � and � are calibrated with the aim to find the set of parameters that leads to the 

lowest objective value.  

The estimated OD-matrices are evaluated first by looking at the distance from the target matrices and 

by looking at the distance between observed link flows and the estimated link flows in terms of least 

square error. As mentioned in the literature review in Section 2.7, this only shows a generalized 

distance and do not consider the quality in terms of structure of the matrix. The structural difference 

in demand is evaluated first in a qualitative way by illustrating the actual difference with a heat map, 

and then in a quantitative way by calculate the structural similarity measure described in Section 2.7.  

3.3.1 The Objective Function 

The selected objective function that is used in the SPSA-procedure is the least-square formulation. The 

formulation consists of �怠岫�, �̂岻 which aims at minimizing the distance between observed link flow and 

estimated link flow, and of �態岫�, �̂岻 which aims at minimizing the distance between the target demand 

matrix and the estimated demand matrix, see formulation as follows min� =�怠 ∑ 岫�� − �̂�岻� + �態 ∑ 岫��� − �̂��岻��,�樺�×��樺�̂   (44) 

The exponent � is equal 2 in the original least-square formula. �怠 = �怠 ∙ �怠 and �態 = �態 ∙ �態 where �怠 and �態 are factors that are included to even out the magnitude difference in �怠岫�, �̂岻 and  �態岫�, �̂岻 

and �怠 and �態 are weighting factors that are regulated depending on how much the objective function 

should depend on �怠岫�, �̂岻 relative �態岫�, �̂岻.  

3.4 OD-Estimation Based on SPSA Including Penalty Functions 

As mentioned in the literature review in Section 2, the estimated demand often differs too much from 

the target demand and one approach to restrict the deviations is to introduce a penalty function in the 

objective function. In this case the quadratic penalty function is selected. If the flow in an OD-pair is 

exceeding the upper bound ��� or is lower than the lower bound ���, see the constraints in (45), a 

penalty is added to the objective function according to (46). If the flow is still within the interval, no 

penalty will be added.  
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�� = { ��� − ��� 判 ど ��� − ��� 判 ど   �, � 樺 � × �           (45) 

 � = 怠態 ∙ �� ∑ {{���{ど, ��}}態}��=怠   (46) �� is set to �� = � ∙ 岫� + な岻待.怠 as recommended by Spall & Wang (2003). The parameter � is calibrated 

such that a wishful size of the penalty is given. The gradient calculation in SPSA is also affected by the 

penalty and the updated matrix �� in step 8 in the SPSA procedure is modified as �� = ��−怠 − ��椛̂� − ����椛̂��         (47) 

where the gradient of the penalty is calculated as follows  椛̂�� = ∑ {���{ど, ��}}��=怠 ∙ 椛��  (48) 
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4. Case study 

In this Section, the implemented four-stage model of the network of Norrköping and the output data 

of interest from the model in the thesis are described. This is followed by a description of the given 

observation data from Norrköping municipality and how it is sorted.  

4.1 The Network Model of Norrköping 

There are approximately 141 000 inhabitants in Norrköping municipality year 2018, where around 

90 000 people lives in the central parts. The inner city is defined by four road segments, named Norra 

Promenaden, Östra Promenaden, Södra Promenaden and Kungsgatan. One of the most important road 

segment is the international E4 route, which passes north-west of the city. E4 stretches from 

Helsingborg, Jönköping and Linköping in the south to Stockholm, Sundsvall and Haparanda in the 

north. There is another international route, E22, that starts in Norrköping and stretches south along 

the east coast. There are three regional road segments, R51, R55 and R56. R51 stretch towards 

Finspång and Örebro north-west of Norrköping, R55 and R56 stretched north through Katrineholm, 

Mälardalen and connects to E4 in Uppsala and Gävle respectively. These regional road segments 

connect with E4 in the north, and E22 is connecting with E4 in the south. Travellers that are passing 

through the city can either choose Söderleden or the road segments in the more central parts: Östra 

Promenaden, Hamnbron and Ståthögaleden. 

The network model of Norrköping used in this thesis is received from the municipality of Norrköping 

and is produced in the modelling software Visum. The model is based on data from Norrköping 

municipality and Östgötatrafiken. Two different travel surveys have also been used as basis when 

producing the model, one from year 2010 and one from year 2014. Statistics of the land use data are 

from 2014 and the network corresponds to the infrastructure from year 2016. The network of 

Norrköping does not represent the real network ideally. There are minor roads in the real network that 

are not included in the model. The network consists of 189 origins and 189 destinations which means 

35 721 different OD-pairs, with intra-zonal trips included. The unit in the elements in the OD-matrix is 

number of vehicles per day. There are 1 188 defined links in the network.  

The model consists of three version files corresponding to trips by car, public transport and 

walk/bicycle, eight python scripts and ten distance and travel time matrices. The methodology of the 

produced model is based on the four-stage model which is described in Section 2.1. The estimation of 

the parameters related to trip generation, choice of trip destination and travel mode is done in the 

statistical software Stata. These parameter values are based on raw data from travel surveys in 

combination with travel time data and travel distances for the different travel modes. In Figure 5, the 

traffic network of Norrköping is shown.  
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Figure 5 – Map of norrköping and the modelled traffic network. note that the outer parts of the 

network are not shown in the figure. 

In the first stage, trip generation, in the four-stage model the generated trips have been divided into 

several internal (within the municipality) trip purposes. The internal trip purposes are work, school, 

pick up/drop off, shopping, leisure and other. The traffic also consists of private trips to neighboring 

municipalities and internal commercial trips which can be considered as two other purposes. This 

traffic data is given from the Swedish Transport Administration and their official traffic forecasting 

model Sampers. These are, unlike the internal trips, not divided in trip-to-destination and return trips. 

The choice of trip purpose is dependent on age, gender, education level, active worker or not, driving 

license or not and car owner or not. The distribution to different trip purposes is computed by a 

multinomial logit model with a utility function corresponding to each purpose. The attracted trips are 

described by a linear regression model and are dependent of number of job opportunities, education 

places and if there is a zone with a shopping center or a lot of leisure time activities. The number of 

internal trips per individual and per day in Norrköping is estimated as 1.29. In Figure 6, the percentage 

of each purpose including external private and working trips is shown.  
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Figure 6 – Percentage of each trip purpose 

In the second stage, trip distribution, the generated and attracted trips are connected using the gravity 

model. The choice of destination is based on real trip distance distributions from a travel survey. Chain 

trips are not considered, which means that all trips from home entails a return trip back home. 

There are four different travel modes included in the model, car, public transport, walk and bicycle. In 

the modal split stage, similar information that is used in the trip generation are used, like accessibility 

of the transport modes car, public transport and walk/cycling. The model does not include multimodal 

trips, which mean that it is assumed that the traveler only uses one transport mode, with an exception 

of some connection trips to public transport with bike or walk. 

The last stage, traffic assignment, is performed of each of the version files, where walk and bicycle are 

assumed to be independent of the capacity. The route choice is performed by a user equilibrium 

assignment in Visum, which generates the shortest possible trip out of the current circumstances for 

every traveler. For car trips, the impedance for a route is computed with respect to travel time and 

distance and is expressed in time units. The distance unit is transformed to time units by multiplying 

distance with a distance cost, which is the quote resulting from dividing the monetary cost (SEK/km) 

with the value of time (SEK/min). This means that increased value of time gives a decreased distance 

cost expressed in time units. The distance cost represents in this case the cost of gas, by that meaning 

it is not worth to travel a longer path if it is marginal shorter in time. The distance cost for cars is 

assumed to be 60 seconds/km. When computing the impedance for trucks, the value of time is 

assumed to be three times higher than for cars, which means that the travel cost is 20 seconds/km for 

trucks. To represent the areas where heavy traffic is forbidden, but still make it possible for delivery 

trucks to enter, an extra cost of three minutes is added for trucks that are travelling in these areas. 

The travel time in the impedance function is the resulting travel time from the VDF which is in form of 

a BPR function. The corresponding parameter values �, � and � are set to 1, 2 respectively 8. Since 

the BPR function in Visum is defined for hourly volumes, the maximum capacity on a link is multiplied 

with � to represent the daily capacity. This parameter is changed to 1 when traffic assignments on 
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hourly level are performed. The values of � and � are chosen according to an example presented in 

the manual of Visum (PTV Visum 2017). 

4.2 Input Data 

The outcome of the model that are of interest in this thesis are the purpose matrices (the internal 

trips), internal commercial trips, external private trip matrix, truck trip matrix and the total car trip 

matrix. The total car trip matrix consists of all the internal trips (car and truck), and the private external 

trips by car. The internal trips are divided by 1.20 to represent that some travelers are sharing car. 

Since trucks are a part of the traffic flow and are affecting the congestion level, these trips are also of 

interest in the thesis. The internal commercial trips and external private trips are, as mentioned earlier, 

not divided to one-way trips. A simplification is made here, and the matrices are divided by two to 

obtain a one-way trip matrix. The transpose of these matrices is considered as the return trips.  

4.2.1 Link Flow Observations 

Traffic data counts that are available from the municipality of Norrköping has been collected between 

year 1992 to 2017. Since the data is preferred to be as recent as possible, the oldest data that are used 

in this thesis are from 2010. The provided data contains of different detail levels where some link 

measures are divided in hours, some in days and some only in weeks. Since the estimation is performed 

on hourly basis only data with hourly link flows were picked out. From these measurements, including 

hourly measurements for every 24 hours and every day in a week, days that corresponds to a "normal" 

weekday are picked out, meaning Tuesday to Thursday and weeks without any holidays. For some 

links, there are available measurements from several occasions between 1992 and 2017, and some 

links were only measured once. For the links with several occasions of measurements, average flow 

per hour are calculated. An average is also calculated for the different weekdays Tuesday to Thursday, 

meaning that for every hour of the day an average link flow is calculated from the different types of 

weekdays and for the different measurement occasions. 

To ensure that no link flows is included that deviates from a normal weekday, for instance because of 

special days off from work/school or other unknown reasons, another sorting process is conducted 

before calculating the average. The median absolute deviation (MAD) value of the observed flows for 

each hour and each link is calculated, using the equation: ���� = ������岫|��� − ������岫��岻|岻   (49) 

For � = な,に,… ,�, � = な,に, … ,にね and where � is the vector with the observed link flows for each hour � and � is the number of observations. The observation is counted as an outlier value if the distance 

from the median is larger than three, multiplied with the MAD-value. The detected outlier values are 

removed from the data before calculating a mean value of the flow for each hour. These mean values 

are then used as observed link flow values when estimating the OD-demand matrices. In Figure 7, four 

different links with link counts is shown as an example of how outliers (red dots) are detected.  
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Figure 7 - Example of link flow observations (blue circles) from 4 links in the network, red line 

represents the median, yellow and light blue lines represents lower and upper bounds and red circles 

represents outliers 

The data sorting results in data from 96 links that are used in the estimation processes, these are shown 

with a red dot in Figure 8. In Appendix A, Table 1, more detailed information about the links with link 

counts is presented. 

 

Figure 8 - Map of Norrköping, the red dots representing link count stations 
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In figure 9, the average link flow of the 96 observations for each hour is shown. The morning traffic 

begins around 5 and has its peak at 8, which represent the AM peak hour. The afternoon traffic begins 

around 15 and has its peak at 17. The increased flow during lunch hours (around 12) is explained by 

many workers travelling home or to a restaurant to have lunch. 

 

Figure 9 – Average flow per hour from observed data 
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5. Results and analysis 

In this Section, the results from implementing the methods, described in Section 3, on the case study 

that is described in Section 4, is presented together with analysis of the results. Firstly, the results and 

analysis from dividing the daily demand matrix into hourly matrices is presented. This is followed by 

results and analysis from implementing the OD-estimation algorithm SPSA on the peak hours. Lastly, 

results and analysis from the restricted OD-estimation, SPSA with penalty function, on the PM peak 

hour is presented. 

5.1 Time Divided Demand Matrices 

The scaling factor ��� used for accounting daily demand for every purpose � 樺 �, where � = なは, is 

presented in Table 2 together with the total trips �� for every purpose. The different trip purposes 

are work, school, pick up/drop off, spare time, shopping, other, external private and commercial trips, 

and their transposes to get the return trip. The total trips are available as �=254 377, where 237 352 

trips are car trips and 17 025 trips are truck trips. 

Table 2 – The trip purposes and corresponding demand volume and scaling factor to achieve daily 

demand volume � Trip purpose ��
 (trips/day) ���

 

1 Home – work 29 277.153 8.689 

2 Home – school 8 316.358 30.588 

3 Home - pickup/drop off 6 977.175 36.458 

4 Home - leisure time location 19 364.790 10.607 

5 Home – shopping 23 981.058 13.136 

6 Home – other 4 888.241 52.039 

7 Home - External private trips  28 107.100 9.050 

8 Commercial trips 13 231.760 19.225 

9 Work – home 29 277.153 8.689 

10 School – home 8 316.358 30.588 

11 Pickup/Drop off – home 6 977.175 36.458 

12 Leisure time location – home 19 364.790 10.607 

13 Shopping – home 23 981.058 13.136 

14 Other – home 4 888.241 52.039 

15 External private trips - home 28 107.100 9.050 

16 Commercial trips  13 231.760 19.225 

 

First, 16 traffic assignments are performed, one for each purpose matrix. The link flows obtained on 

the links where there is a link count observation are saved and used in the regression. There are �̂ =9は link flow observations available. 

In Table 3, the purposes that are included for every hour when estimating the �-coefficients and the �態-values are shown. In Appendix B, Table 2, all decimals for the coefficients are included. All hours 

have �態-values larger than 80 %. The interception coefficient is not included in any of the hours, even 

though it had significance in some cases. The reason is since the value of the interceptions are very 

high in relation to the other regression coefficients which causes unreasonable high flows. Therefore, 

the interception coefficients are excluded, still having the criteria described in Table 1 in Section 3.2 

fulfilled. 
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Table 3 – Purposes included in the regression coefficient estimation for each hour � Work Scho. Shop. Pi/dr. Leis. Oth. Ext.pri Com. Workt Scho.t Shop.t Pi/dr.t Leis.t Oth.t Ext.pri.t Com.t �� 
(%) 

1 0.002        0.002        87.30 

2 0.001        0.001         81.66 

3 0.001        0.001         83.30 

4 0.001        0.001         80.11 

5 0.002        0.002         80.44 

6 0.003        0.012           81.90 

7 0.014      0.029       0.010    87.05 

8 0.029   0.009   0.047           90.29 

9 0.011   0.022   0.045           90.52 

10 0.005 0.010      0.037          91.66 

11    0.007   0.008  0.030      0.008    93.97 

12           0.011   0.004  0.042  91.83 

13 0.027        0.031         95.25 

14        0.049 0.010   0.012      92.16 

15    0.017   0.007       0.023   0.026  95.97 

16      0.026     0.017     0.051   90.13 

17          0.028      0.070   87.65 

18          0.016   0.014   0.061   89.95 

19    0.031   0.007       0.027     92.93 

20    0.019   0.005       0.023     91.56 

21      0.017      0.014   0.004    92.18 

22  0.010            0.134     90.81 

23  0.006            0.007     87.12 

24 0.004        0.003         83.04 

 

The night hours, from hour 24 to hour 5, the purposes included are work trips and transposed work 

trips. Other purposes that could be reasonable are other, commercial, leisure and external trips and 

their transposes, but with these purposes the �態-values were too low. In hour 6, work trips and 

external private trips are included, since it is more common that people are going to work at this hour 

than going back from work and since some of these travellers may be workers going to areas outside 

the municipality. In hour 7, work and external private trips are included but also transposed other trips 

since it gives better �態-value. People starts to wake up and there is not unreasonable that transposed 

other trips is happening. In the morning peak hours, 8 and 9, work, external private and pick up/drop 

off are included. What would be preferable to add in this two hours are school trips. However, school 

and pick up/drop off purposes are too collinear to be in the same hour. School trips are included in 

hour 10 instead, together with work and commercial trips which could be different types of deliveries, 

taxi and craftsmen travelling to customers for instance. In hour 11, the purposes shopping, other and 

commercial trips are included. In hour 12, the transposes of the purposes in hour 11 are included to 

model the return trips. During the lunch hour, many workers are going for lunch either at restaurants 

or at home, that is the reason for including work and transposed work trips in hour 13. After lunch, in 

the afternoon there are more trips related to leisure, shopping, other and there are also people 

travelling back from work, school and picking up children from kinder garden. The hours 14, 15, 16, 17 

and 18 includes purposes such as transposed work, school, pick up/drop off and external private trips 

are included and also leisure, shopping, other, commercial trips and their transposes. The hours 19, 20 

and 21 includes shopping, other and leisure trips and their transposes since there are mostly these 

activities happening during the evenings. Hour 22 and 23 includes the purposes work and transposed 

leisure since some are working during night time and some are returning home from leisure activities. 

In some hours, there are several different sets of purposes that gives a good fit. In those cases, the one 

with highest value on �態 is chosen. In some cases, like in hour 10, school trips needed to be included 

even though it was not the most significant and good-fitted combination, since school trips is not 

included in any other morning hour. Commercial trips and its transpose are trips that can occur in 
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almost every hour, but since it always resulted in insignificance, worse �態 and collinearity, it is only 

included in hour 10, 11, 12, 14 and 15.  

The demand of the hourly target matrices obtained from the multiple linear regression are slightly 

higher than the actual total demand. A reason for this might be that the observed link flows are higher 

than the estimated link flows which forces the total demand to increase. However, the total demand 

of � = にのね ぬばば is seen as the さtrueざ value and therefore, the new demands are scaled with a factor 

of 0.925711. The resulting demand for each hour are shown in Table 4.  

Table 4 – The trip demand in every hour 

Hour 1 2 3 4 5 6 7 8 9 10 11 12 

Demand 890 489 383 382 801 3 545 12 562 20 032 18 575 12 206 12 391 13 664 

Hour 13 14 15 16 17 18 19 20 21 22 23 24 

Demand 13 583 16 581 17 052 22 258 22 994 21 246 15 240 10 969 8 281 5 528 3 124 1 603 

 

The flow pattern during the day is shown in Figure 10, which has similar characteristics as the pattern 

of the observed link flow, see Figure 6 in Section 4.2.1, with the AM peak at 8 and the PM peak at 17. 

 

Figure 10 – Total demand during every hour obtained by the multiple linear regression 

Analysis are made to explore the quality and the structure of the hourly OD-demand data obtained 

when performing the multiple linear regression. It was found that here are eight distinct OD-pairs 

which has outlying flows. After stating that four of these corresponds to external trips from one 

external zone to another, using the motorway E4 and highway 210, these values are consistent with 

the real flow since there are much higher throughput flows on these roads. The four other OD-pairs 

corresponds to trips within the zones Skärblacka, Krokek, Vikbolandet and Svärtinge, which are relative 

large zones compared to those in the most central parts. Vikbolandet is on the countryside and has a 

population just over 2 000, while Skärblacka, Krokek and Svärtinge is smaller urban areas with 

populations of approximately 4 000, 4 400 respectively 3 150. Within the zones there are shopping 

areas, school, sport centres etcetera situated which together with the population sizes explains the 

number of intra-zonal trips. 



 46 

The magnitude of different OD-flows for the afternoon peak hour (the hour between 4 PM and 5 PM) 

is shown in Figure 11. There are 6 OD-pairs with flows larger than 100 which are excluded since these 

are trips from one external zone to another and are not affected by the link count stations. In the top-

left histogram the flows between 0 and 100 are shown. Most of the OD-pairs have flows below 10, but 

if only looking at the interval between 10 and 100, one can see that there are OD-pairs with flow here 

too, even though only 0.01 % of all OD-pairs. The histogram at the lower left corner shows flows 

between 1 and 10, 8.2 % of all OD-pairs, and the lower right corner shows flows between 0 and 1, 90.7 

% of all OD-pairs.  

 

Figure 11 – Top left: histogram showing the frequency of flows between 0 and 100. Top right: 

histogram showing the frequency of flows between 10 and 100. Lower lower left: histogram showing 

the frequency of flows between 1 and 10. Lower right: histogram showing the frequency of flows 

between 0 and 1. 

The magnitude of different OD-flows for the morning peak hour (the hour between 7 AM and 8 AM) is 

shown in Figure 12. Like in the PM peak hour, there are 6 OD-pairs with flows larger than 100 which 

are excluded since these are trips from one external zone to another and are not affected by the link 

count stations. The histograms are similar to the histograms of the PM peak hour. In the top-left 

histogram the flows between 0 and 100 are shown. In the top-right histogram flows between 10 and 

100 is shown, including 0.7 % of all OD-pairs. The histogram at the lower left corner shows flows 

between 1 and 10, 9.7% of all OD-pairs, and the lower right corner shows flows between 0 and 1, 89.6% 

of all OD-pairs.  
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Figure 12 – Top left: histogram showing the frequency of flows between 0 and 100. Top right: 

histogram showing the frequency of flows between 10 and 100. Lower Lower left: histogram 

showing the frequency of flows between 1 and 10. Lower right: histogram showing the frequency of 

flows between 0 and 1. 

Figure 13 shows the �態-values for the resulted hourly target matrices out of estimated link flows and 

observed link flows. There are six hours with a fit higher than 80 %. The late evening hours and 

especially the night hours have less good �態-fit compared to the day hours. It is more difficult to know 

the purpose of the trips during the night since no typical pattern like travelling to school or to the 

shopping centre occurs. 

 

Figure 13 – The �態-values for the hourly target matrices 

 

67
,0

3

55
,8

9

58
,8

3

61
,4

63
,5

4

64
,6

1

70
,9

82
,1

5

77
,3

6

77
,6

85
,7

9

78
,1

9

82
,4

3

78
,8 85

,7
3

73
,7

9 81
,8

4

81
,2

1

70
,8

6

72
,6

9

65
,9

9

59
,6

2 66
,4

8

65
,2

5

1 2 3 4 5 6 7 8 9 1 0 1 1 1 2 1 3 1 4 1 5 1 6 1 7 1 8 1 9 2 0 2 1 2 2 2 3 2 4

R
2-

V
A

LU
E 

(%
)

HOUR



 48 

5.2 OD-Estimation Based on SPSA  

5.2.1 PM peak hour 

Of the 96 link flow observations, 80 links have observed link flows higher than the link flows from the 

target matrix. The link flows from the target matrix will from now on be denoted original link flows. 

The magnitude in each OD-pair excluding the outliers is between 0 and 166 trips. When determine the 

parameters included in SPSA, the magnitude of how much to change the OD-pairs is affected, and since 

there is a large difference in magnitude of the OD-pairs, different OD-pairs will get more or less 

affected. Only OD-pairs with flows higher than one are changed to avoid big changes of the small 

volumes. Intra-zonal trips (the diagonal in the OD-matrix) are not changed in the OD-estimation 

process. This since intra-zonal trips originate and has its destination in the same centroid and never 

use any of the links that are defined within the zone in Visum. These restrictions result in permitted 

changes of 9.3 % of all OD-pairs. The parameters � and � are set to 0.602 and 0.101 as recommended 

by Spall (1998). � is recommended to be 10 % of the total number of iterations. This is tested initially 

but results from different experiments showed that � = など works well even though more iterations 

than 100 is evaluated. The parameters � and � are tested in several different scenarios to find a set 

that hopefully leads the objective function to a fast convergence. In the end, both � and � are set to 

0.02. To avoid too large oscillations of the gradient, an average of three gradient calculations are 

computed. More replications for the averaging gradient may lead to a faster convergence, but to 

shorten the computation time only three replications are used. The convergence criterion is reached 

when the change of the objective function is sufficiently small, see criterion (50), or when a maximum 

number of 3 000 iterations is reached. |�(��, ��) − �(��−怠待, ��−怠待)| < ど.どどな   (50) 

Having the exponent � = に in the objective function leads to extreme values. The OD-flows are 

changing too much which in that turn leads to unreasonable high link flows. To avoid these high 

perturbations, � is changed to 1.1. Another action to avoid large numbers in Visum that makes it hard 

to find equilibrium is to multiply the objective function, both  �怠 and �態, with 0.1. Several experiments 

are performed with different set of parameters of �, � and � before finding sufficiently good values. 

The result is only presented for two of the experiments, where the best set of parameters found is 

used. The first experiment is with unweighted objective function to show how this affect the outcome, 

and the second is with weighted objective function. The magnitudes of the difference in link flows � 

and �̂, and the difference in OD-flows � and �̂ differ, and to not let this affect the outcome of the 

objective function this difference is decreased by having a lower weighting factor �怠 than �態, ど.はの 

respectively な. The hourly target matrices estimated from multiple linear regression has an average fit 

of �態~ばに %, and therefore a lower weighting factor �態 than �怠 is more suitable to depend more on 

the link flows, which also is reasonable since these are observed traffic counts. The weighting factors �怠 and �態 are chosen to 0.85 and 0.15. The objective function becomes as follows min� =ど.どののにの ∙ ∑ ���岫�� − �̂�岻怠.怠 + ど.どなの ∙ ∑ ���岫��� − �̂��岻怠.怠�,�樺�×��樺�̂  (51) 
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The results from the different experiments are shown in Table 5. The difference in estimated and 

observed link flow before performing the OD-estimation is 15 631 trips and the difference in demand 

is, obviously, zero initially. The objective value is initially 1 475.  

Table 5 – Different scenarios for PM peak hour 

Exp No. of 

iterations 

�� �� � � c a A Abs. 

diff. in 

link 

flow 

Total 

abs. 

change 

in OD-

flow 

z Diff. in 

total 

demand 

�� 

1 1 000 0.1 0.1 0.602 0.101 0.02 0.02 10 13 528 10 632 3 597 6 200 86.91 

2 3 000 0.05525 0.015 0.602 0.101 0.02 0.02 10 12 695 6 452 1 310 2 431 84.54 

 

Experiment 1 is performed through 1 000 iterations, only to show what happens without any 

weighting. The absolute difference in link flow decreased with 2 103 trips, total absolute change in OD-

flow is 10 632 and the objective is 3 597. The total demand increased with 6 200 trips and �態 is 86.91 

%.  

In experiment 2, where the weighting factors are included, 3 000 iterations are evaluated even though 

the stopping criteria, see the criterion in (50), is fulfilled earlier. It is found that the criterion is fulfilled 

due to randomness rather than convergence and therefore, this criterion is neglected. The result 

shows that the total demand did not increase as much as in experiment 1, only with 2 431 trips, and 

the objective value decreased to 1 310. The absolute difference in link flow is decreased with 2 936 

trips, an improvement of 15.6 % in total, and the absolute change in OD-flow is 6 452 trips. The �態-

value is 84.54 % and is not as high as for the unweighted experiment. This is explained by the fact that 

the unweighted experiment estimated link flows such that the difference to the observed values are 

slightly better for most of the links, while in the weighted experiment, some estimated link flows are 

well fitted to the observed values and some has a much less good fit to the observed values. This results 

in a lower �態-value for the weighted experiment. However, the �態-value increased with 2.7 % 

compared to the target matrix.  

Experiment 2 results in changes of all OD-pairs that is permitted to be changed. Of these OD-pairs, 58 

% are positive changes and 42 % are negative changes. However, the total demand increased with 

10.60 %, from 22 993 to 25 424 trips, that is, the positive change is larger than the negative.  

In Figure 14, the results are illustrated graphically for experiment 2. Decreasing trends are seen in both 

link flow difference and in the objective value, and there is a tendency of convergence even though a 

declination still is spottable. The absolute difference in OD-flow is increased rapidly the first 200 

iterations and then it continues increasing more slowly. No convergence is spotted but the inclination 

is smaller the more iterations are performed. 
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Figure 14 - Results from od-estimation of PM peak hour. top left: abs. difference in link flows, top 

right: abs. difference in od-flows, bottom: evolution of the objective value 

The OD-estimation results in better link flows relative the observed link flows in total. In Figure 15, the 

percental difference to observed link flows are shown for both original link flows and for estimated 

link flows. 

 

Figure 15 – PM peak hour. Percental link flow difference between link flows from target matrix (blue 

bars) to observed link flows, and percental link flow difference between the estimated link flows with 

original SPSA (orange bars) to observed link flows.  

There are 80 links that have higher observed flow than the original flow. Most of the estimated link 

flows on these links are closer to the observed flows than before the estimation. There are six 
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exceptions and two of these six went from lower than the observed flow to even lower than the original 

flow, while the other four links went from lower than the observed flow to higher. On the 16 links were 

the original flow are higher than the observed flow, the estimated link flows got worse on most of the 

links. Only two of these decreased in the estimation. It seems that the estimation process increases 

the flow, regardless if the original flow is higher or lower than the observed link flow.  

Figure 16 shows the traffic network of Norrköping and how all the estimated link flows are changed 

from the original flows. The green lines correspond to increased flows and red lines correspond to 

decreased flows. The wider the line is, the larger is the change. The link flows have increased at most 

of the links. There are some links that slightly decreased but not enough to be visualized clearly in the 

figure. The links that increased the most are also the links that had high original flows. 

 

Figure 16 - Change in in link flow from target demand to estimated demand for PM peak hour. The 

thicker green line, the higher flow increase and the thicker red line the larger flow decrease. 

While Figure 16 shows how all link flows change from target demand to estimated demand, Figure 17 

shows how the link flow difference has changed on the links with a sensor after the estimation. The 

green links in Figure 17 illustrate a decrease in link flow difference, meaning that the distance to 

observed link flows are shorter after the estimation. The red links illustrate an increase of link flow 

difference after the estimation. The flow out of the city centre at some links got larger distance from 

the observed flows but most of the links toward the city centre got improved. The red links in the 

north, with larger distance to the observed link flows, are some of the links that goes from too high 

link flows in comparison to the observed link flows to even higher estimated link flows. 
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Figure 17 – Change in link flow difference for PM peak hour. The thicker green line, the larger 

decrease in link flow difference and the thicker red line, the larger increase in link flow difference. 

In Figure 18, the flow in the target matrix and the estimated matrix are shown in heat maps with a 

logarithm scale. A close look shows that there are more OD-pairs with red colour in the heat map of 

estimated demand instead of orange colour, that is, OD-flows that has slightly increased, but there are 

also more OD-pairs with yellow colour, that is, OD flows that has slightly decreased. However, the 

difference is quite hard to see by eye. In Figure 19, a heat map of the actual change in each OD-pair 

from the target matrix to the estimated matrix is shown. There are a lot of OD-pairs that are not 

changed at all due to the added restrictions, that is, that OD-pairs lower than one, intra-zonal OD-pairs 

and identified outliers are not changed in the estimation. This explains the large area of light blue 

colour in Figure 19 that represent that there is no actual change from target to estimated demand. 

 

Figure 18 – To the left: heat map of target OD-matrix, to the right: heat map of estimated OD-matrix 
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Figure 19  - Heat map of the actual change between target and estimated OD-matrix for PM peak 

hour, 189x189 zones 

It can be seen from Figure 19 that there are more OD-pairs that have increased than decreased and it 

is clear that OD-pairs in certain zones are changed after the estimation. These zones are especially 

Ingelsta, Gamla Staden, Nordantill and the external zones. Ingelsta has a large shopping centre that 

attract a lot of travellers, Gamla staden is one zone in the inner city with many shops, restaurants and 

working places, Nordantill has a University and the external zones are very large with many attracted 

and generated trips. It is reasonable that there are changes in these zones since they have high demand 

already in the target matrix and are allowed to be changed. 

The heat maps in Figure 18 and 19 shows that the estimated OD-matrix changed slightly but the 

structure does not seem to be changed that much. To verify this in a quantitative way, the mean SSIM 

(MSSIM) value are calculated for every iteration and the evolution is illustrated in Figure 20. The MSSIM 

value starts at 1, meaning that the estimated matrix in the first iteration are exactly the same as the 

target matrix, and then the MSSIM value iteratively decrease. In the final estimated matrix, the MSSIM 

value results in 0.92. This means that the structure of the matrix is not changed that much from the 

target matrix, which verify that the information that are used when the target matrix is produced still 

is considered. The reason for the small change in the structure could be that there is not a high change 

in total, mainly since there are only 9.3 % of the OD-pair that are changed. 
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Figure 20 – The evolution of the MSSIM index during 3 000 iterations for the PM peak hour 

Some OD-flows increased with a very high percentage after the OD-estimation. Three of them are 

presented here. When presenting zone numbers in the following paragraphs, it is referring to the zone 

numbers that are defined in Visum. For more information about the link ID:s that are referred to see 

Table 1 in Appendix A.  

The OD-pair from zone number 1124, north-west Marielund, to zone number 9921, south-east 

external zone, is increased with 580 %, from 1.05 to 7.13 trips. It is a high percental change but the 

actual change is only 6 travellers. However, the route of the OD-pair is investigated further, and it was 

found that the route is passing by three link count stations, see Figure 21. On these link count stations, 

the observed link flows are higher than the original link flows, and after the OD-estimation, all link 

flows have increased and are closer to the observed values, see Table 6.   

 

Figure 21 – Path of the od-pair from north-west marielund to south-east external zone 
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Table 6 - The link ID:s of the link count stations included in the route from north-west marielund to 

south-east external zone, and the corresponding original flow, estimated link flow and observed link 

flow 

Link ID Original link flow 

 (trips/hour) 

Estimated link flow 

(trips/hour) 

Observed link flow 

(trips/hour) 

21 1 062 1 177 1 193 
29 331 394 629 

30 331 379 372 

 

The same is found for the OD-pair that origins in zone number 2172, Tegelängen and has its destination 

in zone number 4221, north Vilbergen. The OD-flow is increased with 574 %, from 1.02 to 6.90 trips. 

The route is passing by five link count stations, see Figure 22, and as in the previous case, the observed 

link flows on all links are higher than the original link flows, and after the estimation the difference is 

smaller. See Table 7 for details about the links. 

 

Figure 22 – Path of the od-pair from tegelängen to north Vilbergen 

Table 7 - The link ID:s of the link count stations included in the route from tegelängen to north 

vilbergen, and the corresponding original flow, estimated link flow and observed link flow 

Link ID Original link flow 

(trips/hour) 

Estimated link flow 

(trips/hour) 

Observed link flow 

(trips/hour) 

15 766 829 820 
9 423 487 531 
7 391 449 490 

44 472 520 660 
49 613 749 991 

 

The OD-pair from zone number 9904, north external zone, to zone number 4213, south Ektorp, is 

increased with 564 %, from 1.15 to 7.64 trips. The route is passing by six link count stations, see Figure 

23. The observed flow on link ID 76 is lower than the original flow, but still this flow is increased after 

the OD-estimation. Link ID 74, 64, 61, 60 and 47 has an increased demand that is closer to the observed 

link flow after the OD-estimation, see Table 8.  
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Figure 23 - Path of the od-pair from north external zone to south ektorp 

Table 8 – The link ID:s of the link count stations included in the route from north external zone to 

south ektorp, and the corresponding original flow, estimated link flow and observed link flow 

Link ID Original link flow 

(trips/hour) 

Estimated link flow 

(trips/hour) 

Observed link flow 

(trips/hour) 

76 1 008 1 136 871 

74 1 064 1 195 1 238 
64 703 887 1 063 

61 542 662 839 
60 1 367 1 650 1 826 

47 56 82 88 

 

From this three OD-pairs, it seems like the flows are increased to match the observed link flows. The 

first impression might be that the percental increase is extremely large but looking at the actual 

magnitudes of the changes together with which zones the demand is related to, one can declare that 

these are not unreasonable changes. 

In Figure 24, a map of Norrköping with the internal zones is shown. The different colours represent 

how much the generated trips are changed after the OD-estimation. Grey colour represents negative 

changes, red colour is unchanged, and the yellow-brown scale is positive changes. The generated trips 

are increased in most of the zones and the positive change is also larger than the negative. In the zones 

where the generated trips are decreased, the maximum negative change is only 11 trips, relative 122 

in the maximum positive change. The largest increases are in zone number 1153, south-east Ingelsta, 

and zone 4242, Vrinnevi hospital. There are many people working at the companies and shopping 

stores in Ingelsta and there are many people working at the hospital in Vrinnevi which are travelling 

home from work by this hour. There are also high increases of generated trips in the zones in the inner 

city or close to the inner city. In these zones, there are also many people working that probably is on 

their way home during this time. Therefore, the increases are not unreasonable, and the generated 
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trips may be underestimated from the beginning. The red, unchanged zones, are zones where the 

demand is less than one, and therefore not permitted to be changed.  

  

 

Figure 24 – Change in generated trips after the OD-estimation for PM peak hour 

In Figure 25, the difference in attracted trips from before and after the OD-estimation is shown. The 

maximum negative change is 13 trips and the maximum positive change is 52 trips. There are an 

increased number of attracted trips in different parts of the network, especially in the zones a bit 

outside the city centre. This may be explained by that there are more workers than earlier estimated 

that are travelling to their homes which are distributed both in the city centre and outside the city 

centre.  

Change in generated trips 
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Figure 25 – Change in attracted trips after the OD-estimation for PM peak hour 

5.2.2 AM peak hour  

For the AM peak hour there are 53 out of 96 link flow observations that has link flow higher than the 

original flow. The same values for the SPSA-parameters �, �, �, � and � as for the PM peak hour are 

used, that is, 0.602, 0.101, 0.02, 0.02 and 10. The absolute difference in link flows is 10 979 trips before 

the OD-estimation and the objective value is initially 1 021.  

In Table 9, two experiments for AM peak hour are presented. Experiment 1 represent the results when 

not having any weighting factors. Experiment 2 has the same weighting factors as for the PM peak 

hour.  

Table 9 – Different experiments for AM peak hour 

Exp. No. of 

iterations 

�� �� � � c a A Abs. 

diff. in 

link 

flow 

Total 

abs. 

change 

in OD-

flow 

z Diff. in 

total 

demand 

��(%) 

1 1000 0.1 0.1 0.602 0.101 0.02 0.05 10 10 245 4 602 2 195 930 85.12 

2 3000 0.05525 0.015 0.602 0.101 0.02 0.05 10 10 164 3 871 998  505 84.69 

 

Experiment 1 is only performed through 1 000 iterations. As for the PM peak hour, the link difference 

is decreased and the �態-value is improved by 2.97 %, but the objective value is increased and so is the 

total demand, with 930 trips.  

In experiment 2 where the weighting factors are included, the total demand is increased with 505 trips 

which is less than in experiment 1. The objective value is decreased, though only with 23, and the 

Change in attracted trips 
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absolute change in OD-flow is 3 871 trips. The absolute difference in link flow is decreased with 815 

trips, which is an improvement of 7.4 % in total.  

The �態-value is not improved as much as for the unweighted experiment. The explanation is the same 

as for the PM peak hour, that the unweighted objective function results in more evenly improved link 

flows while the weighted objective function results in some link estimations that are much closer to 

the observations and some that are not improved much at all.  

In Figure 26, the results are illustrated graphically for experiment 2. The link flow difference decreases 

and so is the objective value after a rapidly increase in the first iterations. The difference in OD-flow 

increases rapidly in the first iterations and then continue to increase more slowly, similar behaviour as 

for the PM peak hour but with smaller changes.   

 

Figure 26 - Results from od-estimation of AM peak hour. top left: abs. difference in link flows, top 

right: abs. difference in OD-flows, bottom: evolution of the objective value 
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The OD-estimation results in decreased link flow difference in total and in Figure 27, the percental 

difference to observed link flows are shown for every link that have a sensor.  

 

Figure 27 – AM peak hour. Percental link flow difference between link flows from target matrix (blue 

bars) to observed link flows, and percental link flow difference between the estimated link flows with 

original SPSA (orange bars) to observed link flows.  

54 links have higher observed flows than the original flows and only six of these have larger distance 

to observed values than before the estimation and the other 48 links are improved. On the 42 links 

were the original flow are higher than the observed flow, the estimated flow got worse on 15 links. 

The result is similar as for the PM peak hour, that the link flow difference is improved on the links that 

have lower original flow than observed flow.  

Figure 28 shows how all estimated link flows are changed from the original link flows. The changes are 

not that high as for the PM peak hour which can be seen from the wideness of the links. This figure 

illustrates decreased flow clearly at some links but most of the links are increased. Most of the links 

that are decreased have higher original flows than observed flows and, in an attempt to match the 

observed flows better, the estimated link flows are decreased from the original flows. 
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Figure 28 - Change in in link flow from target demand to estimated demand for AM peak hour. The 

thicker green line, the higher flow increase and the thicker red line the larger flow decrease. 

Figure 29 shows the link flow difference has changed after the estimation on the links that have a 

sensor. One can see on the wideness of the links that the changes are not that high as in the PM peak 

hour. Most of the link flows are closer to the observed flow after the estimation but 21 links got slightly 

worse, as also can be seen in Figure 28.  

 

Figure 29 – Change in link flow difference for PM peak hour. The thicker green line, the larger 

decrease in link flow difference and the thicker red line, the larger increase in link flow difference. 

The heat map to the left in Figure 30 shows the flow in target matrix and the heat map to the right 

shows the flow in the estimated matrix with a logarithm scale. In Figure 31, a heat map of the actual 

change in each OD-pair from target matrix to estimated matrix are shown. As for the PM peak hour, 

there are a lot of OD-pairs that are not changed.  
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Figure 30 – To the left: heat map of target matrix, to the right: heat map of estimated matrix 

 

Figure 31 – Heat map of the actual change between target and estimated od-matrix for AM peak 

hour, 189∙189 zones 

It can be seen in Figure 31, that the OD-pairs in the external zones (the zones between 166 and 189) 

have similar changes as for the PM peak hour only that there are smaller changes in the AM peak hour 

than in the PM peak hour. It can also be seen both in Figure 30 and Figure 31 that the flow (change in 

flow in Figure 31) in OD-pairs that ends in zone 65 to 80 in the figure are high in the AM peak hour 

while the changes in OD-pairs that starts in these zones are high in the PM peak hour. The zones 65 to 

80 includes the area Gamla Staden that as mentioned earlier has a lot of working places. This indicates 

that people goes to work at these zones in the morning peak hour then goes back home in the 

afternoon peak hour. 
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Figure 30 shows that the structure in the OD-matrix is not changed much at all after the estimation in 

a qualitative way, and this is also confirmed in a quantitative way in Figure 32 that shows the MSSIM 

value for estimated matrix of the AM peak hour. The MSSIM decreases iteratively but ends with a 

MSSIM value of 0.97 which confirms that structure of the matrix is not changed much. 

 

Figure 32 – The evolution of the MSSIM index during 3 000 iterations, AM peak hour 

In Figure 33, the change in generated trips is shown. The interval which the generated trips is changed 

within goes from -14 to 20 trips. The negative changes are in several zones close to the inner city and 

also the large zones in the outer parts of Norrköping. Close to the city centre, the largest decrease is 

in the zone 1152, west Ingelsta. In this zone, there are many people working at the shopping mall and 

other companies. There are people travelling to this zone rather than from this zone during the 

morning peak hour since there is no residential area here, thereby the decrease is not unreasonable. 

Large increases can for instance be seen in zone 1212, north Haga, zone 1124, north-west Marielund 

and zone 3121 Gamla Smedby, which is not unreasonable either since these are residential areas 

where people are travelling to work in the morning. 

 

0,9

0,92

0,94

0,96

0,98

1

1,02

1 95 18
9

28
3

37
7

47
1

56
5

65
9

75
3

84
7

94
1

10
35

11
29

12
23

13
17

14
11

15
05

15
99

16
93

17
87

18
81

19
75

20
69

21
63

22
57

23
51

24
45

25
39

26
33

27
27

28
21

29
15

M
SS

IM
 In

d
ex

Iterations

MSSIM



 64 

 

Figure 33 – Change in generated trips after the OD-estimation for AM peak hour 

In Figure 34, the change in attracted trips during the AM peak hour is shown. The largest decrease is 

12 trips and the largest decreases can be seen in zone 1213, Taborsberg, where there are mostly 

people living and not so many working places, and in zone 2113, south-west Gamla Staden, that is a 

mixed area with both working places and accommodations. Large decreases can also be seen in larger 

zones a bit outside the city centre, where there are not as many job opportunities as closer to the city. 

The largest increase in attracted trips is in zone 2114, south-east Gamla Staden, where there are people 

living but foremost working. Besides from this zone, most of the largest increases are close to the city 

centre where most of the job opportunities are found.  

Change in generated trips 
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Figure 34 – Change in attracted trips after the OD-estimation for AM peak hour 

5.2.3 PM peak hour: without scaling factor � 

The procedure of dividing the daily matrix into hourly matrices included scaling of all hourly matrices 

so that these matrices together corresponds to the total daily demand. If the total daily demand is 

seen as the true demand, this is the correct way to go. If the hourly matrices are not scaled, the sum 

of the hourly demand is exceeding the daily demand. The reason for exceeding the daily demand after 

the linear regression probably is that this demand has a better fit to the observed values. Since the 

observed values are real data and more updated, it could be better to have the new matrices 

depending on the observed values rather than the total demand from the daily matrix. Therefore, the 

unscaled matrix for the PM peak hour is estimated as well and is presented in Table 10. The �態-value 

of the unscaled matrix for the PM peak hour is 82.57 %, which is 0.73 % higher than for the scaled 

target matrix. Initially the link flow difference is 14 298 trips which is 1 333 trips less than with the 

scaling factor. This confirms that the matrix without scaling factor has a better fit to the observed link 

flows. The experiment shown here is the same as experiment 2 in Table 5 for the PM peak hour with 

the scaling factor. 

Table 10 – Different scenarios for the PM peak hour without scaling 

Exp No of 

iterations 

�� �� � � c a A Abs. 

diff. in 

link 

flow 

Total 

abs. 

change 

in OD-

flow 

z Diff. In 

total 

demand 

��(%) 

1 3 000 0.05525 0.015 0.602 0.101 0.02 0.02 10 12 027 8 183 1 288 3 588 86.23 

 

The link flow difference has decreased with 2 271 trips which is 660 trips less than in the compared 

scenario with scaling factor. The objective value is lower in this case as well, but only with a difference 

of 22. The total absolute change in OD-flow is on the other hand 1 731 trips higher than without scaling 

Change in attracted trips 
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factor and the change in total demand is 1 157 higher in this case. The �態-value after the estimation is 

1.69 % better with this matrix than the matrix with scaling factor. 

5.3 OD-Estimation Based on SPSA Including Penalty Functions 

The result from the unrestricted OD-estimation with SPSA showed an increase in total demand, which 

is not desirable since this would mean an increase of the total daily demand. To restrict the demand 

from increasing too much, a penalty function is included in the SPSA algorithm with constraints added 

to limit the change of OD-pairs �怠 =  ど.の�̂�� − ��� 判 ど   (52) �態 = ��� − な.の�̂�� 判 ど   (53) 

With these constraints, the gradient of the penalty is as follows 椛̂�� = ∑ {{���{ど, �怠}} ∙ −な + {���{ど, �態}} ∙ な}��=怠   (54) 

The parameter � that is included in the penalty function, see equation (46) in Section 3.4, must be 

calibrated to have a reasonable result in terms of level of change in demand while still having the 

distance between observed and estimated link flow as small as possible. Three different values on � 

are tried out at the PM peak hour, see Table 11. Scenario 1-3 are performed with 1 000 iterations each. 

Scenario 4 has the same value on � as scenario 2 but is performed with 2 000 more iterations. The 

reason is since scenario 2 resulted in a total demand increase of only 253 trips and still has a difference 

in link flow that is decreased. In scenario 1 with the lower value on �, the link flow difference is lower, 

but the total demand increased with 1 128 trips. Scenario 3 with a higher value on � than scenario 2, 

has similar increase of the total demand as scenario 2, but higher link difference. The initial absolute 

difference in link flows are as mentioned earlier 15 631 and the initial objective value is 1 475. 

Table 11 – Scenarios with different values on �, PM peak hour 

Exp. No. of 

iterations 

� Abs. diff. in link flow Total abs. change in OD-flow z Diff. in total demand ��(%) 

1 1000 1 14 039 4 920 1 412 1 128 83.50 

2 1000 5 14 508 3 969 1 443 253 83.54 

3 1000 10 14 941 3 366 1 478 101 82.92 

4 3000 5 14 479 3 753 1 438 198 83.98 

 

3 000 iterations performed with � equal to 5 resulted in an absolute link difference of 14 479, which is 

1 784 more than in the OD-estimation without penalty functions. The total absolute change in OD-flow 

is 3 753 trips, 2 699 trips less than in the case without penalty. The �態-value is 83.98 %, only 0.56 % 

less than without penalty functions. 

In Figure 35, the results are illustrated graphically for experiment 4. Link flow difference and the 

objective value decreases rapidly the first 200 iterations, then both graphs are slowly increasing in 

around 1 600 iterations and then starts to decline again. The OD-flow difference rapidly increases the 

first 200 iterations, then, unlike the case without penalty on the PM peak hour, the graph starts to 

decline. After 1 500 iterations, the OD-flow change is stabilizing around 3 700 trips. 
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Figure 35 – Results from SPSA with penalty of the PM peak hour. top left: abs. difference in link 

flows, top right: abs. difference in od-flows, bottom: evolution of the objective value 

Figure 36 shows the percental difference in link flows from original flows, estimated link flows with 

original SPSA and with SPSA including penalty to observed link flows. It is stated earlier that the 

estimated link flows form original SPSA gives a slightly higher �態-value than with penalty added, but 

what can be seen from this figure is that when the original link flows from the target matrix are higher 

than the observed link flows, the estimation with penalty function gives better result. When the 

original link flows are lower than the observed link flows, the estimated link flows from original SPSA 

gives better result than the estimation with penalty. There are 2 links that has the same link flows from 

target matrix and from estimated with original SPSA and when including the penalty function. The 

estimation has not affected these links at all and the reason for that is that these links are not included 

in any path for any OD-pair that are included in the estimation process.  
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Figure 36 – PM peak hour. Percental link flow difference between link flows from target matrix (blue 

bars) to observed link flows, percental link flow difference between the estimated link flows with 

original SPSA (orange bars) to observed link flows, and percental link flow difference between the 

estimated link flows from SPSA with penalty (grey bars) to observed link flows 

Figure 37 illustrates a comparison of link flows from original flows to estimated flows with penalty 

function. The total demand did only increase with 198 trips with penalty so in this case the green links 

are not that wide as for the estimation result with original SPSA and there are also links with decreased 

flow after this estimation. Most of the flows towards north-west are decreased while the flows in the 

opposite direction are increased. This can be explained by the fact that the observed link flows are 

lower than the target link flows at most of the red marked links so the estimation process results in 

link flows closer to the observed flows on these links.  
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Figure 37 – Change in in link flow from target demand to estimated demand with penalty (�=5) for 

the PM peak hour.   The thicker green line, the higher flow increase and the thicker red line the 

larger flow decrease. 

Figure 38 shows how the link flows have changed on the links with a sensor after the estimation. The 

changes are similar as the scenario without penalty but there are not as high changes in this case. A 

visible change from the estimation of the PM peak hour without penalty is the link in north-west that 

have worse link flow after the estimation with original SPSA and in this case, has link flow closer to the 

observed value.  

 

Figure 38 - Change in link flow difference for PM peak hour. The thicker green line, the larger 

decrease in link flow difference and the thicker red line, the larger increase in link flow difference. 

In Figure 39, the flow in target matrix and estimated matrix are shown in heat maps with a logarithm 

scale and the change from target demand to estimated demand are shown in Figure 40. Pretty much 

the same OD-pairs are affected of the estimation as for the estimation with original SPSA just that 



 70 

there are smaller changes in this case. The maximum change is 6 trips while the maximum change with 

original SPSA are 8 trips.  

 

Figure 39 - To the left: heat map of target matrix, to the right: heat map of estimated matrix  

 

Figure 40 – Heat map of the actual change between target and estimated od-matrix with penalty for 

the PM peak hour, 189x189 zones 

The MSSIM value from SPSA with penalty is shown in in Figure 41 and has a different pattern than SPSA 

without penalty. MSSIM without penalty decreased iteratively from 1 to 0.92 during 3 000 iterations. 

MSSIM with penalty decreases to 0.97 after 140 iterations and then start do increase again after 360 

iterations and finally the MSSIM value is 0.98 after 3 000 iterations. This indicates that the penalty 

function restricts the change of the structure of the demand. As mentioned earlier, the slight decrease 

in MSSIM-value probably depends on the small number of OD-pairs that actually are changed from the 

original matrix.  

zones 

zo
n

es
 

zones zones 

zo
n

es
 

zo
n

es
 



 71 

 

Figure 41 – The evolution of the MSSIM index during 3 000 iterations during the PM peak hour, spsa 

including penalty 

In Figure 42, the evolution of two specific OD-pairs during the OD-estimation are illustrated. The figures 

to the left represent the estimated OD-flow with original SPSA and the figures to the right represent 

the estimated OD-flow with penalty added to SPSA. The straight lines in the figures represent the lower 

bound ど.の�̂�� and the upper bound な.の�̂��, so if the OD-flow exceeds these lines the penalty function 

becomes active. It can be seen that when adding the penalty, the OD-flow in the figures to the right 

are trying to stay within the permitted area or at least not going too far due to increased penalty.  

 

Figure 42 - Estimated demand for two specific OD-pairs – top left and bottom left figure shows 

without penalty, top right and bottom right shows with penalty 

In Figure 43, the change in generated trips after the OD-estimation with penalty is shown. Compared 

to the case with no penalty, there are more zones that have a negative change when introducing the 

penalty to SPSA. The maximum negative change is also larger, 16 trips relative 12 trips, but the 

maximum positive change is smaller, 28 trips relative 122 trips. In this experiment, the algorithm tries 

to redistribute the generated trips rather than only increase the generated trips.  
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Figure 43 – Change in generated trips after the OD-estimation with SPSA with penalty, PM peak hour 

In Figure 44, the change in attracted trips is shown. Here, the interval which the trips is changing is 

even more restricted, from -10 trips to 15 trips. As with the generated trips, the absolute change in 

attracted trips is less than without having the penalty introduced in SPSA. Compared to the estimation 

without penalty, there are more zones in the inner city that has decreased the number of attracted 

trips, which may depend on that there are not as many inhabitants that travels home from work that 

live in the city as there are outside the city centre. 

 

Figure 44 – Change in attracted trips after the OD-estimation with SPSA with penalty, PM peak hour 

Change in generated trips 

Change in attracted trips 
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6. Discussion 

In this Section, there is a discussion regarding topics which been raised during this thesis. First, the 

limitations of this thesis are discussed, followed by some reflections of the procedure of the time 

divided demand matrices and then a discussion about the OD-estimation process based on SPSA.  

6.1 Limitations 

One limitation mentioned in the introduction is that the daily OD-matrix is served as the true demand 

and is also a reason for scaling down the hourly matrices to obtain demand for all hours that is 

representing the demand in the original daily matrix. Another opportunity was to keep the magnitude 

of demand in every hour and perform the OD-estimation on these. The OD-estimation process as well 

as the multiple linear regression is based on the 96 link counts and it is possible that the total daily 

demand from the given model is underestimated. The �態-value for an unscaled target matrix for the 

PM peak hour are 0.73 % higher than the scaled target matrix and the link flow difference from 

estimated demand and observed demand are smaller than the link flow difference with the scaled 

matrix. This confirms that the unscaled demand matrix has better fit to the observation data. That the 

total daily demand is a bit higher than the demand in the original daily matrix can partly be explained 

by the increased population in Norrköping the recent years. Most of the input data, in terms of 

population data and observation data, used in the development of the daily matrix are from 2014 and 

since this year, it has been a population increase of around 5 000 inhabitants. Therefore, the scaling of 

the target matrices may not have been necessary to have a reasonable result. 

Initially, knowledge of demand and link flows was limited to daily level which only capture average 

conditions and do not include any variability over a day. In this thesis, there was focus on hourly level 

of demand to have a better picture of how the demand changes over the day. Since Visum is a static 

modelling tool, which is mentioned as a limitation in the beginning of the report, this require 24 

different OD-matrices that each represent demand for one hour. A dynamic modelling tool had made 

it possible to model the demand over even shorter time periods and also to have a connection between 

the hourly demand matrices, which is not the case here. When performing the SPSA algorithm there 

are no consideration taken to the interaction between the hourly matrices, meaning that if the demand 

is estimated to increase in one hour it would have been reasonable to estimate a decrease in another 

hour, but this is not taken into consideration here. 

 

Another limitation was that no chain trips or multimodal trips are considered in this thesis. The reason 

for this is that there was no consideration taken to this in the given network model of Norrköping. In 

reality, chain trips commonly occur, for instance parents dropping of children at pre-school before 

going to work, or delivery companies having a route plan for deliveries of a day. There is also common 

with multimodal trips, for instance taking the car to the train/bus station and then continue the trip 

by public transport. To have these kinds of trips into consideration, it would have required a lot more 

data and surveys or perhaps some new intelligent transport system solution that for instance register 

license plate of the cars to see the trip path of travellers.  

 

One limitation was that the current observation data provided from Norrköping municipality are used 

and no further and more updated data are collected. The observation data are available with different 

detail levels and are sorted to fit the circumstances for this thesis. The sorting process filtered the 

observation data so that hourly link counts in an average weekday (Tuesday to Thursday) could be 
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used. The circumstances during the data collecting are unknown, and factors like weather, holidays, 

special events or accidents can give distorted result. This distortion is dealt with by the sorting process 

that excludes outliers from the finally used observation data. The number of observations with hourly 

data is limited and after the sorting process, 96 link observations were available. If more observations 

had been available, and also more updated observations, results with better match to the reality may 

had been obtained. 

6.2 Time Divided Demand Matrices  

Most of the research that has been done on how to obtain hourly OD-demand matrices is under the 

assumption that it already exists one peak hour matrix to start from, as well as in the method used as 

a base in this thesis to obtain hourly matrices. No peak hour matrix existed for the traffic network of 

Norrköping, therefore, the methods investigated by other authors that could be used are limited to 

the given input data in this work, that is, the purpose matrices. The multiple linear regression method 

combined with traffic assignments that was used by Spiess & Suter (1990) could be modified so that 

instead of using a peak hour matrix, the purpose matrices could be used to estimate hourly demand 

matrices. The method can be considered as a rough method, since there are many assumptions made 

during the process. It is possible, that if performing the same method again, different results could be 

obtained. It was found that different combinations of purposes could be combined and still give 

satisfying results in several hours. When this occurred, decisions of which purposes to include had to 

be taken and in this case the one most appropriate was decided for the characteristics of Norrköping 

(for instance trips related to leisure time are most likely to happen during late afternoon and in the 

evening) or when the purpose had to be included but might not have been the best fitted one (for 

instance drop off children at pre-school during the morning peak hours). The result could be 

ambiguous, since the trip purpose school should be included in the same hour as drop of children, but 

these two purposes were collinear and only one of these purposes could be chosen. This lead to that 

the trip purpose school had to be included in the next hour instead, but it could as well be the other 

way around. However, as mentioned earlier, all the criteria are fulfilled which means that this solution 

is acceptable. Generally, the hours during the night were more difficult to achieve good results on since 

the traffic demand is much lower and it is hard to tell the purposes of the trips. 

Some of the purpose matrices given as input to the method for time dividing demand matrices were 

given as one-way demand, meaning that the flow in these matrices only corresponds to flow from 

origin to destination (for instance home to work) and not the return trip. These matrices were 

transposed to obtain the return trip. The matrices for the purposes commercial trips and external trips 

though, include the demand for both origin to destination and destination to origin. Therefore, to have 

the one-way demand for these purposes, these matrices are divided by two. By doing this, it is assumed 

that the same number of travellers going from home to a destination are going back home in the same 

day. This is probably valid for most of the trips. The exception might be travellers going from one 

external zone to another, that are travelling through on their way to another city in Sweden and is not 

travelling back until some days after due to vacation, business trip or other reasons. 

Studying the flow profile from the average observed link flows from hour 1 to hour 24 and comparing 

it with the obtained flow from the hourly target demand matrices, the similarity is clear. This confirms 

that the demand in the hourly target matrices is reasonable. The obtained matrices had different levels 

of �態-fit. Generally, the night hours had a less good fit than the hours during the day, as these hours 

also had when performing the multiple linear regression. Hour 2 had the worse fit, 55.89 %, while the 
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best fit is found for hour 11, 85.79 %. The average �態-fit is 72 %. The hours with less good �態-fit should 

not be blindly followed, and in an OD-estimation this would mean not to depend as much on the 

demand matrix as on the link flows. For the peak hours though, which the OD-estimation has been 

performed on in this thesis, the fit is over 80 %, which is a good reason to take these matrices in account 

when performing the OD-estimation. However, it was decided to depend more on the link flow 

observations anyhow since these are even more reliable.  

6.3 OD-Estimation Based on SPSA 

The algorithm SPSA was chosen for the OD-estimation process due to its many benefits. It is an easy 

algorithm to implement, many earlier projects with SPSA shows good results, no knowledge about the 

relationship between the variables that is being optimized and the objective function is needed, and 

the computational time is independent on how many variables that is included. In this thesis, the 

results from only one set of the parameters that are included in SPSA is presented. Before finding this 

set, a very time-consuming calibration process was performed where many different values on the 

parameters were tested but did not give any satisfying result. This is one of the major drawbacks of 

the algorithm. There are some guidelines regarding how to set these parameters, but they are called 

guidelines for a reason. Which values best fitted for the parameters depend on every individual case. 

It would be wishful to have a general method for how to calibrate these parameters, but this could not 

be included in this thesis since it is a topic that would occupy the whole time of this project. There are 

probably parameter values that would give better results in the OD-estimation, especially since no 

clear convergence is spotted after 3 000 iterations. This could of course also depend on the 

convergence criterion of maximum 3 000 iterations, an alternative is to continue the evaluation and 

see if convergence can be reached. This provided that there is much time planned for the project, since 

one iteration consumes 35 seconds and 3 000 iterations takes approximately 29 hours. Unfortunately, 

there was no time to continue the evaluations in this project. The reason for the long time needed is 

due to the computations in the algorithm and especially the three traffic assignments that are 

performed for each iteration in Visum. Since an averaging gradient also is calculated of three gradients, 

it takes even longer time to finish an iteration. This is the main reason for not involving more gradients 

in averaging gradient. Which on the other hand may lead to an even more stable gradient and may 

lead to a state of convergence faster. It may be possible that the time needed to calculate the gradients 

would compensate in a way that less iterations is needed.  

The convergence criteria did not only contain a maximum number of iterations, but also a criterion 

that stops the algorithm if the objective value did not change with 0.001 between 10 iterations. This 

turned out to be a weak convergence criterion since it stopped due to randomness rather than reached 

convergence. Therefore, all the experiments were evaluated during 3 000 iterations and the other 

criterion was neglected.   

The choice of objective functions was a modification of the least-square formulation with weighting 

factors. What might also have been interesting and perhaps more suitable is to use relative distances 

for the link flow difference �怠 and the OD-flow difference �態 to account for the different magnitudes. 

This is considered in the chosen objective function by having the weighting factors �怠 and �態 set to ど.はの respectively to な, but if using relative distances, it is possible that the differences is captured in a 

more comprehensive way. 

The results from the OD-estimation on the AM peak hour and the PM peak hour shows improvement 

in the objective value and also in the link flow difference. As mentioned before, there is no 
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convergence and therefore, it is not possible to say that these are optimal solutions. However, there 

are improvements from the target matrices. What could be seen, especially for the PM peak hour, is 

that the total demand increased very much, and some OD-pairs had a very large percental change. An 

attempt to restrict these large changes was to implement a quadratic penalty function in the objective 

function, to penalize the objective value if the OD-pairs increased or decreased more than 50 %. This 

was implemented on the PM peak hour and the result showed a much lower increase of the total 

demand, but to the cost of that the link flow difference did not decrease as much as before. However, 

the �態-value is almost at the same level. Here there is a trade-off between what is most important, to 

get closer to the observed values or to not increase the total demand and change the flow of the OD-

pairs too much. Some may believe that the given daily demand is the absolute truth, and some may 

believe this is not mirroring the reality, for instance due to wrongly estimated from the beginning or 

due to increased traffic volume.  

Overall, the SPSA algorithm resulted in increased link flows on the links with observations, even though 

the link observation were lower than the original flows. It seems like the algorithm has easier to 

increase than to decrease the link flows. It may be necessary to have some type of restricted SPSA to 

force the algorithm to decrease the flows on the links that have lower observation flow than original 

flow.  
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7. Conclusion 
One of the goals of this thesis was to produce a method to modify a daily demand matrix of Norrköping 

into 24 hourly demand matrices that represents a typical weekday. The available data are purpose 

matrices that could be used to replace the peak hour matrix which many researchers have as its 

starting point. The approach taken is a modified process of Spiess & Suter (1990) which resulted in 

hourly demand matrices with an average �態-value of 72 %. The goal was also to implement and 

evaluate the OD-estimation algorithm SPSA to obtain updated and valid demand matrices. The SPSA 

algorithm is easy to implement and is flexible in the sense that it can be modified depending on 

purpose or the circumstances. Flexible since the algorithm for instance allows the estimation to be 

performed with different types of traffic data depending on what is available, different types of 

objective functions can be used, or what is shown in this thesis when SPSA is restricted by using penalty 

functions. SPSA is beneficial in many ways, but also has some drawbacks. A major drawback is the time-

consuming phase where the parameters need to be calibrated. The algorithm includes at least five 

different parameters to elaborate with to find a set that is leading the algorithm to convergence. This 

was particularly difficult to find in this project, and even though the objective function and link flow 

difference decreased and then almost stabilized, no clear convergence could be spotted after 3 000 

iterations. Besides this difficulty, performing the iterations is also very time consuming, to evaluate 3 

000 iterations takes approximately 29 hours. An additional factor that is making the computational 

time longer is if an averaging gradient is calculated, as in this thesis. However, the computational time 

may differ depending on the computers performance and the implementation of the algorithm.  

In the following paragraphs the questions asked in the beginning of the thesis will be answered. 

I) How can a OD-demand matrix with AADT values be divided into hourly OD-demand matrices? 

A daily demand matrix can be divided into hourly demand by using multiple linear regression and traffic 

assignments. The method used in this thesis is based on the paper by Spiess and Suter (1990) where a 

peak hour model is used as a basic state. The basic states available in this work are daily purpose 

demand matrices. Link flows from traffic assignments of daily purpose matrices are used in a multiple 

linear regression model with hourly link flow observations, where the purposes included in every hour 

is decided according to different quality measures and also depending on the characteristics of 

Norrköping, like when working hours occur. The regression coefficients can then be used to estimate 

the hourly demand matrices.  

II) What quantitative methods can be used to evaluate the validity and accuracy of the hourly 

target matrices, and what is the result of the evaluation? 

Quantitative methods that can be used when evaluating the validity and accuracy of which purposes 

should be included in every hour when performing the multiple linear regression are: �態-value that 

shows how much the variables explains the observation, AIC to remove redundant variables, 

studentized residuals to remove outliers, VIF to avoid collinearity of variables and significance based 

on �-value to see the level of significance. These measures were investigated during the linear 

regression process to find the best fitted purposes for every hour.  

Since no true hourly demand matrices are available it is hard to evaluate the resulting hourly matrices 

obtained by the regression analysis. One way of measuring the result is calculating the �態-value, which 

give an average fit of 72 % for the 24 estimated hourly target matrices. Night hours are much worse 
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than the daily hours, around 65 %. But some hours resulted in �態-values over 80 % which is a good fit. 

The collinearity between the hourly matrices is checked in a variable factor map, which separates the 

hours in three groups, peak hours, inter-peak hours and night hours. The hours within the group are 

highly correlated. Since the hours within each group have similar characteristics, for instance many 

people are travelling to or home from work and school during morning and afternoon peak hours, it is 

reasonable that they are correlated. A qualitative method is to compare the graph of the hourly 

demand with the link flow observation. This comparison shows a similar pattern which is good sign.  

III) How can the result from the SPSA-algorithm be evaluated according to difference in estimated 

and observed/target data and what is the outcome of the evaluation?  

The objective function in the OD-estimation process aims to minimize two functions �な and �に, that 

represent the difference in link flows and difference in OD-demand which is calculated with an 

alternative least square function. The result from SPSA can be evaluated from the objective function 

and from the functions �な and �に separately. The objective function shows a decrease for both peak 

hours since the link flow difference has decreased sufficiently enough to compensate for the increase 

in the difference in OD-demand. By calculating both difference in link flow and difference in OD-

demand makes it possible to see the trade-off by having small distance to observed link flows and by 

having small distance to target matrix. The least square difference shows only how much the estimated 

data differ from observation and target data but not in which direction. The difference in total demand 

is also an interesting measure to see how much the OD-matrix changed in total. Heat maps is a good 

qualitative measure to visualize difference in demand. Though, since the OD-matrix contains 189x189 

OD-pairs it is quite difficult to see the changes and also since the changes were not that high in any of 

the peak hours. The slight change could also be verified with the measure MSSIM, that in a quantitative 

way shows if the structure of the matrix is changed. The MSSIM can have a value between 0 and 1, 

where 1 means that the target and estimated matrices are exactly the same. The MSSIM values for the 

AM peak hour and the PM peak hour were 0.97 respectively 0.92.  

IV) How can the relation to the total daily OD-demand be considered in the process of time dividing 

demand matrices and also in the OD-estimation process? 

The multiple linear regression resulted in, if summing up the obtained target matrices, in a total daily 

demand higher than the initial given daily demand. This was easily solved by scaling the hourly 

matrices. When performing the OD-estimation on the peak hours, it was seen that the demand 

increased during the process. This was coped with by using a restricted SPSA that includes a penalty 

function, which becomes active if the flow in the OD-pair is changing too much. The result showed 

much less increase in total demand, but the drawback was that the link flow difference did not 

decrease as much as without the restriction.  
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8. Further Work 
As a continuation of this thesis work there are some different paths that could be of interest to explore. 

For instance, it is of interest to perform OD-estimation of the rest of the hourly target demand matrices 

and investigate if improvements can be achieved. Especially the hours with the less good �態-fit are of 

interest to see if the level of fit can increase to a sufficiently high level. What also could be included in 

the objective function when performing the OD-estimation besides link observations and the target 

demand matrix, is for instance speed data. Especially since this data is available from Norrköping 

municipality, even if only on a restricted number of links.  

Furthermore, particularly if estimations of the rest of the hours is conducted, it would be of interest to 

convert the model from currently static hourly level to a dynamic model. The advantage of dynamic 

models is that greater level of precision for demand and congestion can be achieved. It enables to 

follow different hotspots at different times and places more precisely, and to explicit consider for 

where bottlenecks recurs and how queues are formed for instance. In Visum, there is a function called 

simulation-based dynamic assignment, where the transformation from static to dynamic state is 

possible. One of the reasons for not performing this transformation during this thesis, is the need of 

defining signal timings and offsets in the network model in Visum. 

Another path for further work is to produce a general method of how to calibrate the SPSA parameters. 

As mentioned in the discussion and conclusion, this is one of the drawbacks of the algorithm since it 

can be very time consuming and difficult to find a set of parameters that is giving satisfying results. It 

would therefore be wishful to develop a calibration method to ease this process for future OD-

estimation based on SPSA. 

A final suggestion is to improve the network model of Norrköping by defining the road segments that 

are not included in the current model, and to define smaller zones in some areas of the municipality 

where many internal trips takes place.  
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Appendix A 

Table 1 – Details of the links with link count stations 

Link 

ID 

Link no 

(in 

Visum) 

From node (in Visum) To node (in 

Visum) 

Count station adress Direction 

1 21 1307 1221 Gamla Rådstugugatan, south of 
Trädgårdsgatan  

South 

2 51 1301 1337 Saltängsbron  North 
3 51 1337 1301 Saltängsbron  South 

4 70 1316 1317 Dalsgatan South 

5 70 1317 1316 Dalsgatan  North 
6 87 1324 1325 Södra Promenaden, east of Hörngatan East 

7 87 1325 1324 Södra Promenaden, east of Hörngatan  West 
8 89 1325 1326 Södra Promenaden, west of Kristinagatan East 

9 89 1326 1325 Södra Promenaden, west of Kristinagatan West 
10 90 1325 1673 Kristinaplatsen South 

11 90 1673 1325 Kristinaplatsen  North 
12 97 1330 1471 Söderköpingsvägen, Gustav Adolfs plan  South 

13 97 1471 1330 Söderköpingsvägen, Gustav Adolfs plan North 
14 101 1333 1341 Östra promenaden, south of Lindövägen North 

15 101 1341 1333 Östra promenaden, south of Lindövägen South 

16 104 1338 1341 Repslagaregatan   East 
17 104 1341 1338 Repslagaregatan West 

18 110 1341 1425 Lindövägen, East of Östra promenaden  East 
19 110 1425 1341 Lindövägen, East of Östra promenaden West 

20 114 1344 1350 Hamnbron North 
21 114 1350 1344 Hamnbron   South 

22 119 1352 1622 Norra promenaden, east of Packhusgatan East 
23 119 1622 1352 Norra promenaden, east of Packhusgatan West 

24 132 1362 1363 Norra promenaden, east of Norr tull.  West 

25 132 1363 1362 Norra promenaden, east of Norr tull East 
26 150 1378 1679 Kungsgatan South 

27 150 1679 1378 Kungsgatan North 
28 164 1399 1400 Sjötullsgatan, east of Bangården West 

29 164 1400 1399 Sjötullsgatan, east of Bangården East 
30 185 1416 1417 Söderleden, east of Arkösundsvägen West 

31 185 1417 1416 Söderleden, east of Arkösundsvägen East 
32 204 1439 1468 Fjärilsgatan West 

33 204 1468 1439 Fjärilsgatan East 
34 231 1466 1467 E22, south of Söderleden  North 

35 231 1467 1466 E22, south of Söderleden South 

36 241 1472 1479 Ljuragatan West 
37 241 1479 1472 Ljuragatan East 

38 250 1484 1485 Holmstavägen West 
39 250 1485 1484 Holmstavägen East 

40 259 1490 1495 Albrektsvägen, east of Gamla Övägen West 
41 259 1495 1490 Albrektsvägen, east of Gamka Övägen East 

42 263 1494 1495 Albrektsvägen, west of Gamla Övägen East 
43 263 1495 1494 Albrektsvägen, west of Gamla Övägen West 

44 264 1495 1496 Gamla Övägen, south of Albrektsvägen South 
45 264 1496 1495 Gamla Övägen, south of Albrektsvägen North 

46 267 1497 1518 Ektorpsgatan North 

47 267 1518 1497 Ektorpsgatan South 
48 269 1500 1498 Söderleden, west of Gamla Övägen East 

49 270 1498 1501 Gamla Övägen, north of Sprängstensgatan South 
50 270 1501 1498 Gamla Övägen, north of Sprängstensgatan North 

51 273 1501 1503 Gamla Övägen, south of Sprängstensgatan South 
52 273 1503 1501 Gamla Övägen, south of Sprängstensgatan North 

53 280 1507 1527 Kärrhagsgatan   West 
54 280 1527 1507 Kärrhagsgatan East 

55 286 1513 1527 Jordbrogatan South 
56 286 1527 1513 Jordbrogatan North 

57 300 1523 1544 Linköpingsvägen, east of Älvgatan West 

58 300 1544 1523 Linköpingsvägen, east of Älvgatan East 
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59 317 1544 1549 Riksbron  North 
60 317 1549 1544 Riksbron South 

61 324 1555 1556 Stockholmsvägen, near Taborbergsvägen South 
62 324 1556 1555 Stockholmsvägen, near Taborbergsvägen North 

63 326 1555 1585 Stockholmsvägen, south of Sandbyhov South 
64 326 1585 1555 Stockholmsvägen, south of Sandbyhov North 

65 358 1579 1674 De Geer gatan West 
66 358 1674 1579 De Geer gatan East 

67 360 1581 1584 Rågången South 

68 360 1584 1581 Rågången North 
69 361 1581 1589 Slåttergatan West 

70 361 1589 1581 Slåttergatan East 
71 365 1586 1598 Ståthögavägen, east of old E4 South 

72 365 1598 1586 Ståthögavägen, east of old E4 North 
73 396 1610 1612 Road 55 (Old E4) north of Järngatan North 

74 396 1612 1610 Road 55 (old E4) north of Järngatan South 
75 399 1612 1613 Road 55 (Old E4) north of riksväg 51 North 

76 399 1613 1612 Road 55 (old E4) north of riksväg 51 South 

77 554 1539 1771 Alsättervägen, south of Linköpingsvägen South 
78 554 1771 1539 Alsättervägen, south of Linköpingsvägen North 

79 555 1501 1773 Sprängstensgatan East 
80 555 1773 1501 Sprängstensgatan West 

81 556 1503 1772 Gamla Övägen, towards Vrinnevi hospital East 
82 556 1772 1503 Gamla Övägen, from Vrinnevi hosptial West 

83 571 1563 1783 Karlhovsvägen East 

84 571 1783 1563 Karlhovsvägen West 
85 584 1442 1793 Ånestavägen, south of Kungsleden South 

86 584 1793 1442 Ånestavägen, south of Kungsleden North 
87 607 1685 1813 Finspångsvägen, north of Knivbergavägen South 

88 607 1813 1685 Finspångsvägen, north of Knivbergavägen North 
89 619 1571 1821 Finspångsvägen North 

90 619 1821 1571 Finspångsvägen South 
91 620 1813 1821 Finspångsvägen, north ramp South 

92 620 1821 1813 Finspångsvägen, north ramp North 
93 635 1385 1828 Södra promenaden, west of Albrektsvägen West 

94 635 1828 1385 Södra promenaden, west of Albrektsvägen East 

95 643 1377 1830 Gamlebro East 
96 643 1830 1377 Gamlebro West 
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Appendix B 

Table 2 – Multiple linear regression coefficients (with all decimals) for every hour 

p Work Scho. Shop. Pi/dr. Leis. Oth. Ext.pri Com. Workt Scho.t Shop.t Pi/dr.t Leis.t Oth.t Ext.pri.

t 

Com.t 

1 0.00199
93 

             0.00177
90 

             

2 0.00101
96 

             0.00105
69 

             

3 0.00078
86 

             0.00083
85 

             

4 0.00072
74 

             0.00089
41 

             

5 0.00150
09 

             0.00189
88 

             

6 0.00160
0   

          0.0111
94 

               

7 0.01444
0 
 

          0.0292
16  

           0.00969
1 

   

8 0.02857
5 

     0.0093
26 

    0.0471
68 

               

9 0.01125
7 

    0.0222
00  

    0.0454
23 

                

10 0.00475
1  
 

0.0102
84 
 

         0.0368
01 

               

11     0.00677
2 

    0.00755
3 

  0.0304
19 

          0.00787
5  

   

12                   0.01143
8 

    0.00418
0 

  0.0424
10 

13 0.02720
70 

             0.03047
60 

             

14              0.0486
30 

0.00996
0 

     0.0118
22 

       

15     0.01648
3 

    0.00646
9 

            0.0234
48  

   0.0260
14 

16         0.02617
1 

     0.0172
17 

        0.0511
32 

 

17                0.02783
6 

         0.0698
09 

 

18                0.01557
3 

    0.0134
57  

    0.0611
96  

 

19     0.03049
20 

    0.00722
60 

           0.02700
10 

     

20     0.01894
9 

    0.00497
1 

           0.02266
0 

    

21         0.01709
40 

         0.01362
60 

    0.00444
90 

   

22 0.01009
05 

                     0.0133
850 

   

23  0.0060
128 

                    0.00725
38 

    

24  0.0037
095 

             0.0030
974 

            

 


